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Abstract approved:

The optimal allocation of buffers in serial production systems is one of the

oldest and most researched problems in Industrial Engineering. In general, there

are three main approaches to the buffer allocation problem when the objective is to

maximize throughput. The first is basically a systematic trial and error procedure

supported either by discrete event simulation or analytical models. A second

approach is to allocate buffers based on general design rules that have been

established in the research literature through experimentation. And the third

approach is to apply a buffer allocation optimization algorithm to a specific

production line. All these approaches have limitations and could be time and

resource consuming. Additionally, most of the existing research on buffer

allocation only considers production systems modeled with an infinite supply of

raw materials before the first workstation and an unlimited capacity for finished

goods after the last workstation. In reality many production systems are designed
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as closed systems where an interaction between the last and the first workstations in

the line is present. In a closed production system, there is a finite buffer after the

last workstation and the number of "carriers" holding jobs that move through the

line is fixed.

The objective of this thesis was to develop efficient heuristic algorithms for

the buffer allocation problem in closed production systems. Two heuristics for

buffer allocation were implemented. Heuristic H 1 uses the idea that highly utilized

workstation stages require any available buffer more than sub-utilized stages.

Heuristic H2 uses information stored in the longest path of a network representation

ofjob flow to determine where additional buffers are most beneficial.

An experiment was designed to determine if there are any statistically

significant differences between throughput values with buffer allocations obtained

with a genetic algorithm, also developed in this research, and throughputs with

buffer allocations generated by Hi and H2. Several types of closed production

systems were examined in eight different test cases. No significant differences in

performance were observed. The efficiency of the heuristics was also analyzed. A

significant difference between the speeds of Hi and H2 is found.

The analysis performed in this research indicates that heuristic H2 is

sufficiently effective and accurate for determining near optimal buffer allocations in

closed production systems.
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EFFICIENT HEURISTICS FOR BUFFER ALLOCATION IN
CLOSED SERIAL PRODUCTION LINES

1. INTRODUCTION

1.1. The Buffer Allocation Problem

The buffer allocation problem, which is the sizing of buffer stocks and

identification of their location, is an important problem in the design of serial

production systems.

Buffers between workstations in a production line improve the line

performance by reducing the effects of stochastic interference due to machine

failures or variability in processing times (Harris and Powell, 1999). In other

words, adding buffers provide each stage of a production system with some degree

of independent action when the workstations in the line are not synchronized, which

increases long-run throughput.

Many high volume automated production lines are designed to be "tightly

coupled" with small or no buffers between stations. Efficient operation of such

systems can only be achieved under ideal conditions with no workstation failures or

processing time variability. The allocation or distribution of buffers in these types

of production systems turns out to be a critical design decision given that such ideal

operating conditions are infrequent. The placement of the buffer capacity can have

a great impact on the resulting system throughput.
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According to Park (1993), as the amount of buffer space between pairs of

workstations gets larger, the performance of the system is improved. However,

larger buffers can be very expensive despite the potential improvement in

production throughput that they provide. Cost comes directly through capital costs

and indirectly through increased work-in-process and cycle times (Harris and

Powell, 1999). Capital costs might be related to space or material handling

equipment necessary for the increased buffer size. Higher inventory holding cost

due to increased work-in-process is also incurred. Meanwhile, longer cycle times

due to larger quantities of work-in-process inventory also represent a competitive

disadvantage by increasing ratios of flow time (time required to move ajob through

the manufacturing process, from start to completion of the last production stage) to

total processing time. Long flow times are expensive because the ability to react

promptly to customer demands is reduced, and at the same time the ability to

forecast demand precisely also diminishes leading to higher levels of safety stock

which is costly. These are all important reasons as to why it is important to

determine how much buffer capacity is needed and where it is most useful (Conway

et al., 1988).

Our research objective is to develop an algorithm that can determine the

appropriate buffer capacity and its allocation throughout the production line in order

to maximize throughput. Regardless of the extensive research performed on the

buffer allocation problem, it remains as an open research area because of several
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unique characteristics of the problem. The following is a description of those

intrinsic characteristics.

1.2. Difficulties of the Buffer Allocation Problem

According to many researchers (for example, Powell and Pyke 1996, and

Harris and Powell 1999), the buffer allocation problem is difficult to solve for two

reasons. The first reason is that it is essentially a combinatorial optimization

problem. And, the second reason is that no analytic methods exist for the

throughput of realistic production lines.

As the size of the production line increases, it is more difficult to allocate a

finite discrete number of buffer spaces between each pair of workstations given the

combinatorial complexity of the problem.

Additionally, Park (1993) described some unique characteristicsintrinsic to

the buffer allocation problem. These characteristics generate difficulties for

common optimization search methods when trying to get an optimal or near-optimal

solution. One of these characteristics is that the function of throughput rate over

buffer size is monotonically increasing either linearly, or concavely, or steeply for

some small buffer sizes and then slowly approaching an upper bound as the buffer

size increases. In these cases, it is difficult to clearly distinguish a global maximum

of the function. The shape or pattern of the function heavily depends on the values

of times between failures and repair times of the workstations in the production

line. Another characteristic is the existence of one or more stagnant areas in the

same function of throughput over buffer sizes where no increase in throughput may
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occur throughout a certain range of buffer capacity. A third characteristic is that

there is a limit or threshold on the potential improvement in throughput that is

achieved by increasing the buffer capacity. Also, buffer sizes are discrete variables

and optimization problems become more difficult to solve given the combinatorial

complexity produced by this type of variable. Finally, the buffer allocation problem

is unique because two almost similar allocations may result in a significant

difference in line performance while two dissimilar allocations may result in very

close throughput rates.

1.3. Production Line Description

This research addresses buffer allocation in closed production systems as

represented in Figure 1. This is an asynchronous production line subject to

manufacturing blocking and starving.

Figure 1 shows a six-workstation, 10-buffer line where the squares represent

workstations and the circles represent buffers. The movement of material follows

in direction of the arrows. Jobs come from outside the production line and always

start their process at the first workstation, M1, then move to the output buffer, B1,

and pass through all the workstations and buffers in sequence before leaving the

production line after being completed at the last workstation.
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Figure 1. Closed Serial Production Line

B3
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It is assumed that jobs are always available when a carrier is ready to

enterM1. The processing times at each workstation are assumed to be either

constant (an automated production line) or independent random variables following

the exponential distribution with mean service rates, S., 1 1, 2, K ,M (a reliable

production line). In automated production lines, the workstations are subject to

random failures. Specifically, the times to failure are assumed to follow the

exponential distribution with mean operating times between failures MTBF,

1 =1, 2, K , M. The repair times are also assumed to follow the exponential

distribution with mean repair times MTTR1, 1 =1, 2,K ,M. It is also assumed that

the transfer through the buffers takes zero time. When a failure occurs, the job in

the workstation is preempted, and it is finished after the workstation is repaired.

There is no scrapping of jobs and interrupted operations resume without additional

time. Finally, the total number of carriers circulating in the system is assumed to be



fixed and it is equal to the number of workstations plus one half the total number of

buffers in the system (M + LB / 2j).

1.4. Research Objective

Our research objective is to develop a method (easily programmable) that

can identify an optimal or near optimal buffer allocation that maximizes throughput

very quickly. To achieve this objective, a simulation of a network representation of

job flow and workstation interaction is used for evaluation of production line

throughput (our performance measure), and two heuristics based on information

acquired during a simulation run are developed for buffer allocation. A genetic

algorithm is used to validate the heuristics for buffer allocation.

1.5. Contribution

This research applies to any type of serial production line with single

workstation stages. Buffer allocation using the heuristics developed in this research

can be quickly performed on closed balanced, unbalanced, reliable and automated

production line systems. The buffer allocation heuristics work with any probability

distribution for processing times, repair times and time between failures. The

buffer allocation heuristics developed are tested for accuracy and efficiency.

1.6. Organization of the Document

This document is organized as follows. Background information on serial

production lines and a literature review of different methods that have been

employed to solve the buffer allocation problem are presented in section 2. Section
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3 presents a description of the methodology developed in this research to solve the

buffer allocation problem. Results for several numerical test problems are

discussed in section 4. Finally, section 5 presents the conclusions from this

research and recommendations for future work.
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2. BACKGROUND AND LITERATURE REVIEW

2.1. Serial Production Lines

Serial production systems are workstations connected in series and separated

by buffers (Gershwin and Schor, 2000). They are frequently referred to as flow

lines, or transfer lines, or production lines. Figure 1 represents a six-workstation,

10-buffer line where the squares represent workstations and the circles represent

buffers. The movement of material follows in direction of the arrows. Jobs come

from outside the production line and always start their process at the first

workstation, M1, then move to the output buffer, B1, and pass through all the

workstations and buffers in sequence before leaving the production line after being

completed at the last workstation.

Serial production lines can be classified as either "open" or "closed". In a

closed production line there are a fixed number of "carriers" that move through the

line. The carriers are needed to move jobs, and jobs cannot move through the line

without a carrier.

In Figure 1, the carriers or material handling devices are denoted by the

numbers inside the workstations and buffers. There is interaction between the last

workstation and the first workstation given the limited buffer capacity of the last

workstation and the fixed number of carriers in the line. In reality, many actual

systems are designed as closed systems, due to the need for a fixture to hold ajob as

it is processed at various workstations.



On the other hand, Figure 2 shows the representation of a six-station, ten-

buffer open system. Open systems are defined to have an infinite supply of raw

materials before the first workstation and an unlimited capacity for finished goods

after the last workstation. If transit time through buffer spaces is negligible, then an

open system is a special case of a closed system. IfM = the total number of jobs

that may be held in all of the workstations, and B = the total number of buffer

spaces between the fist and last workstations, then a closed system with M + B

carriers, and at leastM + B 1 buffer spaces after the last workstation is equivalent

to an open system. This equivalence holds when new jobs are always available for

loading onto carriers.

An open system buffer allocation analysis (which only places buffer after

the first workstation and before the last workstation), in general, may not work well

for a closed system since the output buffer of the last workstation is not recognized.

Most of the research related to buffer allocation has considered open systems, and

little attention has been given to closed systems.

Ml Bl M2 B2 M3

M6 B5 M5 B4 M4

Figure 2. Open Serial Production Line

B3
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In general, two consecutive workstations in a serial production line will

interfere with each other. They are subject to what is called manufacturing

blocking. When the first workstation finishes ajob before the second and no buffer

capacity is available between them, the first must wait before it starts working on

the next job until it can finally release the finished job. In this case, the first

workstation is said to be "blocked". On the other hand, if the second workstation

finishes a job before the first and there are no jobs waiting in the buffer, the second

must wait until the next job is available after the first workstation has finished it.

Here, the second workstation is said to be "starved". These two events, blockage

and starvation represent potential production capacity loss since both signify that a

process is not allowed to start. Buffers help to reduce the frequency and severity of

these events (Conway et al., 1988).

2.2. Types of Serial Production Lines

Apart from open and closed systems, Harris and Powell (1999) classify

serial lines as breakdown (automated) lines and reliable lines, and also as balanced

lines and unbalanced lines.

In automated lines, the workstations are machines that operate with a fixed

cycle or processing time but are exposed to random failures of considerable

duration. The time to repair failures could also be a random realization of a given

distribution. In contrast, reliable lines are normally operated by humans who do

not suffer breakdowns but whose cycle times have variability. The way of
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allocating buffers in these two types of production lines are somewhat different.

Bigger buffer capacities are needed in automated lines to maintain the line

operating during workstation breakdowns; and small amounts of buffer capacity are

enough for reliable lines where location of such limited capacity becomes critical

(Harris and Powell, 1999). Much of the existing research has considered reliable

production lines where workstation processing time variability is described by

normal or exponential distributions. The exponential distribution has been chosen

because even though it is not particularly representative of operator variability, it

permits mathematical handling (Sarker, 1984).

Balanced lines are those production lines in which the probability

distribution of processing times, time between failures and repair times are identical

at all workstations. Conversely, unbalanced lines consist of workstations where

these distributions are not all identical.

2.3. Buffer Allocation Research

In general, there are three main approaches to the buffer allocation problem

(to maximize throughput). The first is basically a systematic trial and error

procedure that is supported by tools that can evaluate the throughput of a production

line with different buffer allocations. In practice, the most widely used tool to help

system designers allocate buffers in a production system is discrete event

simulation. This method is used to model general dynamic systems, but does not

include any systematic methodology for allocation of buffers by itself. The purpose

of using discrete event simulation is to evaluate the performance of alternative
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buffer allocations. Analytical models (Dallery and Gershwin, 1992) are also

occasionally used as methods to evaluate throughput of open production lines.

A second approach, often used is to allocate buffers based on general design

rules that have been established in the research literature through experimentation.

The third approach is to apply a buffer allocation optimization algorithm to

a specific production line.

Most of the initial literature in the area of buffer allocation paid attention to

balanced lines with reliable workstations although bottlenecks are widely accepted

as a common characteristic of real production processes. It is now considered that

the problem of allocating buffers in balanced lines is well understood (Harris and

Powell, 1999). As of late, significant research has been carried out on buffer

allocation for unbalanced lines and production systems with automated

workstations as well as buffer allocation on assembly systems.

Finally, it is also possible to apply a combination of approaches to solve the

buffer allocation problem. We next review results and literature related to these

three approaches.

2.3.1. Discrete Event Simulation and Analytic Methods

Generally, simulation is used as an evaluative tool to compare alternative

production line designs. Simulation is very useful during the decision making

process, but it may be significantly time and resource consuming. In addition to

these, it may be difficult to obtain real production data that could be used to imply

an appropriate distribution for processing times and failures that would truly
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represent the real world. Regardless of these limitations, simulation has been

normally used as a tool for multiple trial and error type of design methodologies for

buffer space allocation performed in industry.

However, simulation has also been used for more structured procedures that

aim at determining efficient buffer allocations. Gershwin and Schor (2000) assess

that many papers in the literature have proposed design methodologies based on

evaluation of system performance by simulation. These approaches integrate

simulation with search procedures to evaluate candidate solutions. Simulation is

used since no analytical expressions exist for throughput or other production line

performance measures such as work-in-process. Simulation, however, is a time

consuming method and it would not be practical for search methods that require

many evaluations.

As an alternative to simulation, exact and approximate analytical methods

have also been used as part of numerical algorithms and trial and error type of

design methodologies that aftempt to solve the buffer allocation problem.

Models with exact analytical solutions exist for some types of production

lines. Dallery and Gershwin (1992) present an extensive review of models and

analytical results for open production lines. According to them, most of the exact

results for production lines with finite number of buffers come from Markov

process analysis. In order to perform this type of analysis, processing times, time

between failures and repair realizations have to follow exponential or continuous
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phase-type distributions for continuous time models; and geometric or discrete

phase-type distributions for discrete time models.

Heavey et al. (1993) came up with a general algorithm and methodology to

obtain exact results for throughput of open production lines with automated

workstations. In this study, processing and repair times are assumed to be Erlang

type distributed while times between failures follow the exponential distribution. A

restriction of all exact analysis techniques is that they can usually only be applied to

small open production line systems. The Markovian assumptions also limit these

methods.

Approximate numerical methods have also been developed. One of the

approximate methods typically used is "decomposition". In this method, the

original model is decomposed into a set of smaller subsystems which are easier to

analyze. Results for these smaller subsystems are obtained by exact analysis.

Dallery and Frein (1993) documented the mechanics of this method and its use for

queueing networks with blocking. The decomposition procedure always requires

the characterization of the subsystems as a first step, then the establishment of

relationships between subsystems is developed so that parameters for a given

subsystem can be obtained from parameters and performance measures of other

subsystems. The final step is the development of an iterative procedure to solve for

the parameters.

Decomposition methods have been applied to reliable and automated open

production lines and they are also applicable when processing times are
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exponentially distributed. Dallery and Frein (1989), Frein and Dallery (1989),

Onvural (1989) and Liu et al. (1992) have proposed decomposition methods for

throughput analysis of cyclic (closed) queues with production blocking. Dallery

and Frein (1989) first considered closed systems with an infinite buffer before the

first workstation but then they relaxed this assumption and presented a

generalization of the decomposition method for closed production lines with

exponential processing times (Frein and Dallery, 1989). The research of Liu et al.

(1992) only considers exponential processing times; and numerical tests comparing

their method to exact, simulation and other approximation results showed that their

method can provide satisfactory results for throughput analysis of closed systems.

Other approximation techniques have also considered closed production

systems. Onvural and Perros (1989) presented an approximation method to

estimate the throughput of cyclic queueing networks with finite buffers as a

function of the number of carriers in the line. The approximation algorithm they

developed has a very low relative error when approximation results are compared to

exact numerical results.

2.3.2. General Design Rules for BufferAllocation

Sevast'yanov (1962), Freeman (1964), and Sheskin (1976) provided some

insights into the effective allocation of buffers in small open production lines based

on simulation and analytical studies of alternative buffer configurations. Freeman

(1964), in particular, used simulation and analytical methods to study open balanced

and unbalanced lines. Most of his initial generalizations about the buffer allocation
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have been verified over the years. He already recognized that it is better to avoid

extreme buffer allocations even when the production line is highly unbalanced. He

also recommends allocating more buffer capacity next to the workstation with the

highest mean downtime (bottleneck), and also to allocate more buffers between a

bad and a mediocre workstation instead of allocating the buffer capacity between a

bad and a good workstation. Finally, another insight obtained from the work of

Freeman is that the relative allocation of buffers to the different available locations

throughout the line is relatively unaffected by the total number of buffers available.

The only conclusion from this research that has been refuted in subsequent work is

the importance of the location of the bottleneck toward the end of the line. Freeman

concluded that if the bottleneck is close to the end of the production line, it gets

more buffers than if it was located toward the front of the line.

More recent research studies have benefited from the use of computers. The

following studies have significantly enriched the understanding of the buffer

allocation design problem.

In an important experimental investigation, Conway Ct al. (1988) used

computer models to simulate different production lines. They considered the

throughput of the line or "system production capacity" as the most important

performance measure. Balanced, unbalanced, reliable, automated and different

combinations of production lines were simulated to observe the behavior of the

throughput of the system with respect to the allocation of buffer space throughout

the production line. This study only considered open production systems with
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uniform and exponential processing times for reliable workstations; and constant

processing times with constant or exponential time between failures and constant or

general (random) repair times for automated workstations. Significant conclusions

and design rules were obtained from this research and are presented next.

a. The length of the production line has an impact on line performance, but

the impact is not significant since most of the capacity loss due to

stochastic interference between workstations takes place in the first few

stations. Short lines are slightly befter than long lines. The highest loss

in capacity mainly depends on the amount of variability of the

processing times.

b. The performance of the production line is enhanced by inserting buffers

between workstations, but the rate of improvement decreases

considerably with increased buffer size.

c. The "bowl phenomenon" is also evident in buffer placement for

symmetric production lines. This means that the proper buffer allocation

is also symmetrical. Allocations where most of the buffer capacity is

assigned to the center of the line are significantly befter than allocations

toward the ends of the production line. This represents an "inverted

bowl phenomenon". However, it is also observed that exact-center

allocations are only as good as near-center allocations.

d. For serial production lines of identical workstations, it is suggested that

buffer capacity should be allocated as nearly evenly as possible.
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e. For unbalanced lines, the improvement in throughput obtained with in-

process storage is not as significant as in the case of balanced production

lines. Fast workstations act somewhat like buffers during their idle time

pushing the buffer capacity away. Buffer capacity is more valuable

when it shifts toward the bottleneck workstations.

f. The size of the buffer designed for random failures is said to be a

multiple of the average quantity that a given workstation produces

during the time another workstation is down. The multiple specially

depends on the degree of variability of the repair times.

In other research, Hillier and So (1991 a) studied the effect of the coefficient

of variation of processing times on the optimal allocation of buffers in an open

balanced production line. They considered systems with automated workstations

and limited buffers. Finite queues in series with two-stage Coxian distributed

processing times were considered as a representation of those systems. This study

is an extension of a previous work by Hillier et al. (1993) that used exponentially

distributed processing times and consequently a fixed coefficient of variation of

one. The conclusions of this previous work are similar to those obtained by

Conway et al. (1998) especially in what they call the "storage bowl phenomenon"

(allocation of buffers fits an inverted bowl pattern). In this new study, more general

phase-type distributed processing times are used in the model. As a solution

approach, they used an exact numerical method for short lines with small buffers in

order to evaluate all plausible optimal allocations of buffer capacities and find the



19

optimum. Experiments with four, five and six-workstation production lines

determined that for small values of coefficients of variation (0.75 and 1.0), the even

or the nearly even distribution of buffers is optimal with remaining buffer capacity

being allocated primarily to workstations in the middle of the line before the

workstations at both ends of the line. As the value of the coefficients of variation

increases (1.5 to 2.5), more buffers should be allocated to the workstations in the

middle of the line. In addition, experiments with six and seven-workstation lines

suggested that for small values of the coefficient of variation, spreading out the

extra buffer capacity more evenly throughout the line seems to be a better decision

than just accumulating it in the workstation at the center of the line or other

workstations close to it. It was shown that the first buffers allocated to a line with

low variability in the processing times are of much more benefit than when assigned

to a line with high variability. However, the marginal gain due to extra buffers

diminishes at a higher rate in a line with low variability than in a line with high

variability.

As part of a parallel study, Hillier and So (1991 b) also considered the effect

of workstation breakdowns on the performance of buffered production line systems.

An exact analytical model was used to determine the performance of the line. The

production system was modeled as a finite state, continuous time Markov chain.

Four and five-workstation lines were examined as well as some six-workstation

lines with a small number of buffers. The results obtained led to the following

conclusions.
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a. The marginal increase in throughput for every additional unit of buffer

capacity in each location remains almost constant for coefficients of

variation less than 1.5. Also, this marginal increase in throughput

diminishes as buffer capacities increase.

b. The maximum throughput obtained is expected to decrease as the

coefficient of variation increases.

c. Although the throughput of the line is significantly affected by the

average number of failures during the processing of a part, the average

length of the failures can affect throughput even more. In general a

smaller failure represents higher throughput than a larger one.

The conclusions obtained from this research established the need for useful

buffer design principles in the case of serial production lines with failures and other

types of imbalances.

Powell (1994) carried out a detailed study of an unbalanced open three-

workstation line. He established the "alternation rule" where the optimal sequential

distribution of buffers to unbalanced production lines is to place the first buffer next

to the bottleneck workstation (a workstation with higher mean processing time or

variance), and then place subsequent buffers alternately to the two available sites. It

was also determined that imbalances in mean processing times have a stronger

effect in throughput than imbalances in variances (unless the imbalances in

variances are extreme).
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In contrast, Dallery and Gershwin (1992) mention that buffers should be

allocated near the workstation with the highest variability rather than near the

workstation with the highest mean processing time based on their analytical study.

Powell and Pyke (1996) conducted a simulation research study focused on

the allocation of buffers to open serial production lines with a bottleneck.

Specifically, the study consisted of a detailed analysis of the allocation of a small

number of buffers to open reliable production lines of four, six and eight

workstations. Processing time variability is represented by the lognormal

distribution. From the analysis of the four-workstation line, three principles are

noticeable.

a. The optimal buffer allocation shifts successively toward a bottleneck

through intermediate locations as the bottleneck is more severe.

b. Successive shifts in the optimal allocation are produced only when there

are substantial imbalances.

c. For extreme bottlenecks, all buffers are allocated around the extreme

bottleneck, with any extra buffer capacity allocated next to the

bottleneck in direction of the center of the line.

For longer lines (six and eight-workstation lines), all the principles

previously observed hold and several new ones become apparent.

a. When the severity of the bottleneck increases and more than two buffers

are available, there are many equivalent buffer allocations.
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b. When selecting the next buffer to shift to the bottleneck, the preferred

one is located the farthest away from the bottleneck.

c. Substantial increases in the severity of the bottleneck (mean processing

time) are the only causes that produce shifts in the buffer allocation.

d. As the length of the line increases, a more severe bottleneck is necessary

to move all the available buffers toward it.

e. As the number of workstations in the line increases, the degradation in

workstation performance required to change the buffer allocation is

reduced.

Similar results were observed by Hillier (2000) when characterizing the

optimal allocation of buffers in production line systems with variable processing

times. In this research, a larger amount of buffers was allocated throughout

balanced and unbalanced lines.

Furthermore, Powell and Pyke (1996) also tested the general design rules

they found on some other production lines (longer lines and production lines with

multiple bottlenecks). Since the study of these other cases was limited, the

conclusions found were presented as hypotheses to be verified. For longer lines (up

to 20 workstations), the idea that the general behavior of unbalanced production

lines is insensitive to line length seems to be verified. Also, higher coefficients of

variation seem to affect very little the optimal allocation of buffers. Some results

imply that optimal buffer allocations may be somewhat more insensitive to

differences in variability than to differences in mean. The latter contradicts the idea



23

that buffers should be located near highly variable workstations presented by

Dallery and Gershwin (1992). For open production lines with multiple (two)

bottlenecks, several new ideas were obtained. Among those is the hypothesis that

symmetrically placed bottlenecks have no effect on the buffer allocation (inverted

bowl phenomenon holds) unless they are extreme, in which case buffers should be

located next to either one of the bottlenecks. Also for asymmetric bottlenecks, it is

suggested that the one closer to the middle of the line attracts more buffers next to it

when imbalances are moderate, and alternatively less severe imbalance is required

to shift buffers toward the bottleneck if it is closer to the middle of the production

line.

So (1997) studied the alternative buffer allocation problem of minimizing

the average work-in-process subject to a minimum desired throughput and a

constraint on the total number of buffers available. Small balanced and unbalanced

open production lines were considered. The production lines are modeled using the

system of finite queues in series (Markov process analysis). Numerical results from

this research show that the optimal allocation of buffers when minimizing work-in-

process is different from the allocation pattern observed for problems where the

objective is to maximize throughput. It is observed that it is preferable to assign

minimal amount of buffer capacity to the beginning of the line, and consequently

accumulate most of the capacity available between workstations at the end of the

line. In balanced lines, allocating more buffers toward the end of the line increases

the probability of more empty buffers, and therefore the amount of work-in-process
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is minimized. For unbalanced lines, the same principle holds regardless of the

location of the bottleneck workstation. A heuristic was developed to allocate

buffers in larger production lines.

2.3.3. Algorithms for Bufftr Allocation

According to Harris and Powell (1999), the purpose of most numerical

algorithms developed to solve the buffer allocation problem is to prevent the use of

complete enumeration or exhaustive search to explore the extensive combinatorial

solution space. An algorithm intelligently moves from an initial buffer allocation

toward the optimal solution evaluating only worthy candidate solutions at each step.

Optimal or near-optimal solutions for smaller lines can be obtained very fast, and it

becomes feasible to determine optimal or near-optimal buffer allocations for longer

lines. In general, algorithms should possess some method for evaluating the

performance measure of each candidate solution, and include some procedure to

move from the initial solution toward the optimal solution through all the candidate

solutions.

Ho et al. (1979) tried to solve the buffer allocation problem in open systems

by means of perturbation analysis. Their simulation-based method predicts the

improvement in throughput when the capacity of a specific buffer is increased by

one. Lengthy simulations are required to compute the optimal buffer allocation but

the gradient technique used in their study is very useful. In their model, there is no

limit in the amount of buffer capacity available, but a cost is associated with the

buffer allocated. Their algorithm proved to be efficient compared to a "brute-force"
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gradient approach given the fact that it generates the gradients at all buffer locations

in a single simulation run. The algorithm is also considered to be robust compared

to some Markov-chain approaches since it can work with different distribution

functions characterizing failures and repairs for different workstations.

In other research, Altiok and Stidham (1983) studied open systems with

processing, failure and repair times that follow the exponential distribution. Their

model did not consider any constraint on total buffer space. They wanted to

maximize average profit, which was influenced positively by throughput and

negatively by total average work-in-process inventory. However, they were limited

to small systems since they evaluated the production line as a series of Markov-

queueing networks. In order to find the optimal allocation of buffer capacities, the

search procedure of Hooke and Jeeves was used. This procedure takes advantage of

two types of search. The first one is an exploratory search and the other one is a

pattern search. The objective function is evaluated at each iteration and the process

is repeated until no improvement is obtained. A global optimum is not always

guaranteed. In fact, another paper by Seong et al. (1995) implies that the search

technique they used would have been more efficient if they fully utilized gradient

information when available.

For open unbalanced production lines, Chow (1987) developed a dynamic

programming procedure for buffer allocation. Processing times for all workstations

in the line are Coxian type distributed. Chow constructed a statistical (regression)

model for throughput and another statistical model for the coefficient of variation of
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interdeparture times by using the least-squares method based on simulation results.

An algorithm for approximation of throughput and a heuristic based on a dynamic

programming procedure for buffer allocation were developed. Results obtained

with the algorithm for throughput estimation were compared to simulation results.

Since the relative differences between both are small, Chow considers that the

approximation solutions are accurate.

Jafari and Shanthikumar (1989) considered open automated transfer lines

with fixed processing times and geometrically distributed failure and repair times.

They also included scrapping in their model. A two-stage decomposition technique

to approximate the throughput was used. Then, a heuristic solution using dynamic

programming was implemented to solve the buffer allocation problem "optimally".

A greedy algorithm was also developed to compare allocations obtained with the

heuristic solution and determine if the dynamic programming approach gives valid

allocation of buffers. Furthermore, to investigate if the optimal allocation

determined with their procedure is close to the true optimal allocation, they used the

analytical results obtained by Sheskin (1976) and complete enumeration. Only

three-workstation lines were considered for enumeration and the exact throughput

of the lines was calculated using a Markov chain analysis. The conclusion of this

study reveals that the method developed is attractive because the allocation found

with the dynamic programming approach is either the same or close to the one

obtained by the greedy algorithm with faster computation times, and additionally,

the throughput rate of the system is very close to the optimal.
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Park (1993) developed a two-phase heuristic to solve the buffer allocation

problem in open production systems. The objective of the study was to find the

minimum total buffer storage required while satisfying a desired throughput rate.

Phase I attempts to find an initial solution close to an optimal one via dimension

reduction while Phase II uses a buffer utilization-based beam search method to find

the most appropriate solution (optimal or near optimal solution). Numerical results

for lines of six and twelve workstations are presented. These results show that the

parameters used in Phase II have significant effect on the performance of the

heuristic. Park considers that his heuristic can be modified to solve some buffer

design problems with resource limitations and expanded to be applied to other

manufacturing systems. Yamashita and Altiok (1998) also tried to find the

minimum total buffer allocation for a desired throughput in open production lines

with phase-type processing times. The throughput of the system is approximated at

every stage using a decomposition method and a dynamic programming algorithm

is used to obtain appropriate allocations. Numerical results of the dynamic

programming algorithm in three and five-workstation production lines were

compared to results obtained with complete enumeration and simulation. The

closeness of the throughput obtained with the algorithm to the desired throughput

within the range of all feasible throughputs is used to determine the goodness of a

buffer allocation. The relative error for the numerical examples analyzed in this

study is generally under 5%.
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For open unbalanced production lines with automated workstations, Seong

et al. (1995) developed heuristic algorithms that attempt to maximize throughput

with the constraint that total buffer capacity is finite. The algorithms developed in

this study are based on the idea of local search. That is, a specific neighborhood is

defined for a given solution (line segment selection is performed) and the best

solution in the neighborhood is found (point search), then the algorithm moves to

this solution and repeats the process until no better solution is found. The two

algorithms presented in this study vary only in the line segment selection method.

The first algorithm considers "standard exchange vectors" and the second one

considers "non-standard exchange vectors" to speed up the search for larger

production lines. Numerical experiments were performed to determine the accuracy

of the solutions found with the heuristics with respect to the optimal solution found

with complete enumeration, and which of the two heuristics is more efficient. From

these, it was determined that the first algorithm converges optimally but the second

one does not have the same property. Nonetheless, the throughput values found

with both heuristics are not significantly different and the second algorithm is more

computationally efficient. As a result, the authors suggest the use of the second

algorithm for real production line models.

Harris and Powell (1999) tried to come up with an algorithm for optimal

buffer placement in open unbalanced serial lines with reliable workstations. Their

simulation-based search algorithm to determine the optimal allocation of a finite

amount of buffers is an adaptation of the Spendley-Hext and Nelder-Mead simplex
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search algorithms. Their approach starts with an initial candidate allocation that is

usually balanced or as close to balanced as possible given the total buffer capacity

available. Then they generate a number of additional allocations (that totalize the

number of available buffer locations (M-1)). This is done by taking one buffer from

the largest entry in the initial allocation and assigning it successively to each of the

remaining available buffer locations throughout the line. The set of resulting

allocations form the initial simplex. Simulation is used to evaluate the throughput

of the line (performance measure) for each one of the candidate solutions and they

are sorted from best (highest throughput) to worst (lowest throughput). At this

point, the Spendley-Hext reflection concept is used to find a search direction

ensuring that the new buffer allocation is an integer vector. To accomplish this,

they used a reflection procedure that calculates twice the best allocation and

subtracts the worst. The new candidate is always an integer vector and is expected

to be in the direction of better throughput. Simulation is used again to evaluate the

new solution and it replaces the existing worst allocation if the resulting throughput

is better. The procedure starts over with the new simplex until the optimal solution

is found. Some special rules are used when the reflection results in negative buffer

capacity or when the new buffer allocation has a lower throughput than the existing

worst allocation. An interesting feature of the algorithm is that the simulation run

length changes over the operation of the algorithm. Since the search starts at a

point where significant changes in throughput between different allocations is

expected, it is possible to use short run lengths to roughly determine which
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allocations are better. As the search converges to the optimal solution, the

candidate solutions are close and as a result difficult to differentiate. In this case,

the simulation run length is gradually increased to obtain more precise estimates of

throughput in order to select the appropriate allocation. This procedure saves

overall run time of the algorithm and ensures statistical significance of the results.

To determine the performance of the algorithm developed, it was first applied to

some balanced cases where optimal solutions are known. The algorithm reliably

found the optimal buffer allocations for those cases. Then several tests were carried

out to determine the ability of the algorithm to find optimal buffer allocations in

unbalanced lines. The results obtained with the algorithm were compared to

already known results. The algorithm was also tested with problems for which the

optimal allocation is not known. In general, the algorithm proved to be highly

efficient in determining a near-optimal allocation with short overall simulation run

times. The true optimal allocation is usually found, but given the nature of the

buffer allocation problem (some buffer allocations do not have significant

differences in throughput) it is difficult to obtain an exact solution even with

extremely long simulation runs.

In another recent study, Gershwin and Schor (2000) also worked with open

serial production systems. Discrete and continuous material formulations were

considered. In the discrete material formulation, all workstations are assumed to

have the same processing times. In the continuous case, parts are treated like a

continuous fluid as a way of modeling workstations with different speeds. A primal



31

problem tries to determine the buffer sizes that minimize total buffer space such that

the throughput rate is greater than or equal to a specified value. Meanwhile, a dual

problem looks for buffer sizes that maximize the throughput rate such that the total

buffer space is equal to a specified value. A gradient algorithm is implemented as a

dual algorithm. An initial guess of the allocation is selected and a direction to move

in space is determined. A linear search is then performed in that direction until a

maximum is reached. This maximum now is the next guess. A new direction is

selected and the process goes on until no improvement is realized. Another

algorithm was developed to solve the primal problem and uses the dual algorithm to

evaluate throughput. After some numerical examples with different lines and

parameters, they concluded that the algorithms are fast and accurate enough to

support production system design. They also imply the value of extending the

research to closed systems, assembly/disassembly systems, systems with multiple

part types, etc. Recently, Tempelmeier (2003) developed a software system called

'FlowEval' that implements this algorithm for buffer allocation along with others

for production line optimization.

Kim and Jung (2000) developed a method that can identify near optimal

buffer allocations in open and closed production lines very quickly by using the

simulation of a network representation of job flow and workstation interaction for

evaluation. In this network representation, a path from the last node of the last

workstation can be backtracked following the arcs that determined the time entered

at each node (this is the longest path from the starting node). They consider that
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any throughput improvement will be achieved if addition of buffers has an impact

on the longest path. The number of times a workstation is blocked on the longest

path is considered the metric for allocating buffers. A buffer allocation algorithm

was implemented where buffers are sequentially added to the location that is most

blocked on the longest path in the previous iteration. Results from this algorithm

were compared to the ones obtained with an exhaustive search greedy algorithm.

Throughput rates for buffer allocations determined by both methods are nearly

identical.

Papadopoulos and Vidalis (2001) developed a heuristic algorithm for buffer

allocation in open automated unbalanced production lines. In this study, only small

production lines with exponential times to failure and Erlang distributed processing

and repair times are considered. The heuristic uses the exact analytical method

developed by Heavey et al. (1993) to evaluate throughput. The search algorithm

(called 'PaVi') first tries to determine a "good" initial solution based on information

about the parameters of the production line and then uses a "sectioning approach" to

search for the optimal buffer allocation. Buffers are only moved from one location

in the line to another in a systematic maimer. If no improvement in throughput is

obtained after one cycle or a certain number of iterations are executed, the

algorithm stops. Numerical results for production lines of up to six workstations

were compared to complete and improved enumeration (when applicable) and to

some cases available from the previous work of Seong et al. (1995). Accuracy of

the search algorithm, on average, exceeds the 97% level and it is significantly faster
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than the enumeration techniques. Also, the search algorithm determines optimal

buffer allocations where the algorithm of Seong et al. (1995) only attained near

optimal allocations. And, the number of iterations used by the algorithm developed

in this research is significantly reduced compared to the other algorithm. They

consider that the implementation of a fast decomposition algorithm to their heuristic

instead of the exact algorithm of Heavey et al. (1993) would permit the application

of 'PaVi' to longer production lines.

The work of Seong et al. (1995) has also been used by Kim and Lee (2001)

who proposed two heuristic algorithms to allocate buffers in open production lines

while minimizing average work-in-process. One of the heuristics developed in this

research is a modified "non-standard exchange vector algorithm" originally

proposed by Seong et al. (1995) for throughput maximization. The other is a simple

heuristic algorithm that follows the idea of making the total allocated buffer

capacity as small as possible. In the latter, buffers are assigned one by one to the

location that improves throughput the most until the minimum throughput required

is satisfied or the complete buffer capacity is allocated. Computational tests on

production lines of three and four workstations were compared to optimal solutions

found with complete enumeration. Results obtained with both heuristics for eight

and ten-workstation production lines were only compared to each other. It was

observed that the modified algorithm performs better than the simple heuristic in

terms of the average work-in-process level, and also the number of iterations

needed for larger production lines is significantly reduced.
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Roser et al. (2003) developed a buffer prediction model based on estimating

the effect of additional buffer capacity on system performance using a single

simulation run. Their method can be used to allocate buffers in balanced and

unbalanced lines as well as in serial and parallel open production systems. The first

step of this method estimates the mean number of jobs in a buffer, and then the

mean number of additional jobs and free spaces if a buffer is increased. In this way,

the method determines which buffer locations would reduce the idle time. They use

a procedure called the "shifting bottleneck detection approach". The second step

approximates the improvement in throughput due to an increase in buffer capacities.

The method uses the information obtained from the previous step and combines it

with a statistical analysis of the simulation data. Results from this prediction model

are then used to optimize the production system using very few conventional

simulation runs for verification.

2.3.4. Application ofMetaheuristic Techniques for Buffer Allocation

Many of the recent approaches to the buffer allocation problem have shifted

toward new metaheuristic techniques that often find optimal or near-optimal

solutions faster and more efficiently than traditional search methods.

Simulated annealing (SA) is one of the techniques used to search for optimal

or near-optimal solutions for combinatorial optimization problems with a large

search space. Spinellis et al. (2000) presented a simulated annealing approach for

large production line optimization. In particular, Spinellis and Papadopoulos

(2000a) focused on the use of simulated annealing for buffer allocation in large



35

open reliable, balanced and unbalanced production lines when the objective is to

maximize throughput. The evaluative tool used to estimate the throughput of

candidate solutions was one of the decomposition methods developed by Dallery

and Frein (1993). Simulated annealing is the adaptation of physical thermodynamic

annealing principles to combinatorial optimization problems. It uses the concept of

"local improvement" to search the solution space. The method starts with an initial

buffer configuration (usually chosen at random) and attempts to improve it by

selecting a new solution using a random mechanism and calculating the

corresponding cost differential. Reduction in cost represents a better solution and

the process repeats again from this new accepted solution until a termination

criterion is satisfied. Simulated annealing avoids being trapped in a local optimum

by allowing "uphill" moves based on a model of the annealing process in the

physical world (Van Laarhoven and Aarts, 1987 and Kirkpatrick et al., 1983). Tests

on balanced and unbalanced lines were run to evaluate the performance of the

method. For short lines (9 workstations) and limited buffer capacity, the results

were compared to those obtained with complete enumeration of all possible

configurations. Decomposition and Markov state model analysis were used for

evaluation of candidate solutions. For longer lines (15 workstations), reduced

enumeration was used as comparative measure. Markov state model analysis was

used for candidate evaluation. For balanced lines, it was observed that solutions

found with the simulated annealing approach are close to results obtained with other

methods. For unbalanced lines, it is apparent that the simulated annealing method
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performs better as total buffer space increases. Solutions found for "small"

amounts of buffer space were not always optimal. Results for longer lines (up to

400 workstations) were also generated.

Spinellis and Papadopoulos (1999, 2000b) developed another procedure to

solve the buffer allocation problem. Their other approach uses Genetic Algorithms

(GA) instead of simulated annealing, and numerical decomposition to evaluate

allocations. Comparisons between this approach and the one developed by

Spinellis and Papadopoulos (2000a) are presented as they were tested on several

balanced and unbalanced production lines. A genetic algorithm is a search

technique that uses the mechanics of natural genetics and the theories on biological

evolution of "natural selection" and "survival of the fittest" exposed by Darwin.

Spinellis and Papadopoulos (2000b) performed similar experiments with this

method as those with the simulated annealing based method (Spinellis and

Papadopoulos, 2000a) with almost identical results for both balanced lines and

unbalanced lines. When optimizing lines of up to 400 workstations, the genetic

algorithm approach obtains good solutions faster, but the simulated annealing

approach consistently generated better solutions. This suggests the potential

implementation of a hybrid approach that takes advantage of the fast convergence

of the genetic algorithmic approach to provide a good initial solution for the

simulated annealing method.

Liu and Tu (1994) developed a genetic algorithm based on simulation to

address the buffer allocation problem in open reliable lines. Bulgak et al. (1995)
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also developed a genetic algorithm for buffer size optimization in asynchronous

assembly systems. Both studies concluded that this approach is capable of

obtaining optimal solutions in a reasonable time with reasonable accuracy.

More recently, Dolgui et al. (2002) developed three versions of a genetic

algorithm for the allocation of buffers in open production lines with unreliable

machines. Processing times are fixed, failure and repair times of the workstations

follow the exponential distribution and the performance measure depends on the

throughput of the line, the buffer acquisition and installation cost, and the inventory

cost. Candidate solutions are evaluated with an approximate method based on the

Markov model aggregation approach. The difference between the three genetic

algorithms developed in this research is that they use different local search

procedures. Results were compared to complete enumeration (in some small cases)

and to a simulation method. Performance of the genetic algorithms is better than

the one obtained with the simulation method and close to the results of the complete

enumeration method.

A model combining discrete event simulation (used to evaluate

performance) and a genetic algorithm (search method) for buffer allocation in large

automated production lines was proposed by Wu et al. (2004). The objective of this

research is to maximize throughput given a fixed amount of buffers available. An

auto-body welding line was used as an example problem to assess the performance

of the model which was showed to be effective. Recommendations for further

performance improvement of the genetic algorithm were also presented.
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Another technique used for buffer allocation is Tabu Search (TS). Lutz et

al. (1998) combined simulation and tabu search for buffer allocation in open

production lines. Tabu Search starts with an initial feasible solution and then

moves iteratively through feasible solutions in a neighborhood while preventing

allocations from being evaluated more than once by maintaining a "tabu list" of

allocations. Tabu search can incorporate various techniques to diversify the search.

The method is terminated if, within a certain number of iterations, the current best

solution is not improved (Glover and Laguna, 1997). The heuristic procedure of

Lutz et al. (1998) uses two "search modes" for the tabu search module. One is a

"Swap Search" that considers only buffer allocations with a fixed total number of

buffers, and a "Global Search" that tries to determine the best performing buffer

allocations for a desired throughput level. Results for balanced production lines

were compared to simulation results obtained by Conway et al. (1988) and both

"modes" proved to be effective. The "Global Search" mode was also used to

allocate buffers in unbalanced production lines with good results. Extended

computation times were required to obtain the results with the heuristics developed

in this research.

Shi and Men (2003) presented a hybrid algorithm that combines the Nested

Partitions method (a global search method) and tabu search for allocating buffers in

open production lines. The hybrid algorithm partitions the search space into

different subregions, and some initial feasible solutions from each of the subregions

are selected for evaluation and possible improvement using tabu search. The most



39

promising subregion is updated to be a new search region, and the process is

repeated until a termination criterion is met. A numerical decomposition method is

used to evaluate candidate solutions. Results show that the search effort of the

hybrid algorithm is much less than a pure tabu search algorithm, and in some cases

the hybrid algorithm solutions were also better.

Vouros and Papadopoulos (1998) developed a knowledge based system for

buffer allocation in automated open balanced and unbalanced production lines. The

objective was to allocate a finite amount of buffers to maximize throughput. Their

advisor system for buffer allocation (ASBA2) method is a generative model that

uses simulation to evaluate performance of candidate solutions. The method starts

by allocating buffer capacities to each workstation, then it forms decisions using

general system performance knowledge regarding where to allocate buffer

capacities, from where these buffers must be taken and the number of buffers to be

transferred, subsequently it transfers buffer capacities accordingly and frees buffers

when these are not in use; and finally the given buffer distribution is passed on to a

simulation model to evaluate the throughput rate and to determine the idle, blocking

and average waiting time in each workstation. Numerical results for exponential

and Erlangian lines were compared to an optimal allocation found using complete

enumeration and the exact method developed by Heavey et al. (1993). The results

in the paper were very close to the optimal, but as the number of workstation

increases the results are worse.
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Altiparmak et al. (2002) used metaheuristic techniques to optimize buffer

allocation. In this research, they focused on closed assembly systems. The system

is modeled using an Artificial Neural Network (ANN) and the optimal buffer

allocation is determined by integrating it with Simulated Annealing (SA). Artificial

neural networks are computational analogs of the basic biological components of a

brain. An ANN begins in a random state and it is trained using a set of inputs and

outputs. Learning is obtained because the error between the output of the ANN and

the target output is determined and used to adjust the weights of the relationships

between layers of the ANN. After the ANN is trained, it can be used for estimation

of output performance of new inputs (Eberhart et al., 1996). Initial numerical

results for a fifteen-workstation system are reasonably accurate compared to results

obtained with a conventional simulation model.

Table 1 presents a summary of significant research on the buffer allocation

problem. Research studies to obtain general design rules, optimization algorithms

and metaheuristic algorithms are considered.
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Table 1. Summary of Significant Research on the Buffer Allocation Problem

Author(s) Type of Lines
Methodology

System Performance Buffer Allocation

Freeman (1964) Balanced, unbalanced, Simulation and Complete
reliable Analytical Methods Enumeration

Ho et al. (1979) Balanced, unbalanced, Simulation Gradient Technique
reliable

Altiok and Balanced, automated Markov Chain Analysis Hooke and Jeeves
Stidham (1983) Search Procedure

Chow (1987) Unbalanced, reliable Approximation Dynamic
Algorithm Programming

Conway et al. Balanced, unbalanced, Simulation Complete
(1988) reliable, automated Enumeration

Jafari and Unbalanced, automated Decomposition Dynamic
Shanthikumar Programming
(1989)
Hillier and So Balanced, reliable Exact Numerical Complete
(1991 a) Method Enumeration
Hillier and So Balanced, automated Markov Chain Analysis Complete
(1991 b) Enumeration

Dallery and Unbalanced, reliable Decomposition Complete
Gershwin (1992) Enumeration

Seong et al. (1995) Unbalanced, automated Markov Process Local Search
Analysis

Powell and Pyke Unbalanced, reliable Simulation Complete
(1996) Enumeration

So (1997) Balanced, unbalanced, Markov Process Complete
reliable Analysis Enumeration

Lutz et al. (1998) Unbalanced, reliable Simulation Tabu Search

Harris and Powell Unbalanced, reliable Simulation Simplex Search
(1999) Algorithm
Gershwin and Balanced, reliable Decomposition Line Search
Schor (2000) Algorithm
Kim and Jung Balanced, unbalanced, Network Simulation Longest Path
(2000) reliable, automated Heuristic
Spinellis and Balanced, unbalanced, Decomposition Simulated Annealing
Papadopoulos reliable
(2000a)
Spinellis and Balanced, unbalanced, Decomposition Genetic Algorithm
Papadopoulos reliable
(2000b)
Papadopoulos and Unbalanced, automated Exact Method "PaVi" Search
Vidalis (2001) Algorithm
Roser et al. (2003) Balanced, unbalanced Simulation Shifting Bottleneck

Detection Approach
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2.3.5. Proposed Problem for Present Thesis

From the literature review, it is observed that there are multiple alternative

approaches and techniques applicable to the buffer allocation problem. However,

most of the past research that focuses on buffer allocation algorithms are applicable

or have been applied to only open production lines under specific conditions. This

is because the numerical decomposition methods often used to approximate the line

performance (which is a necessary part of the algorithms) can only be applied to

open systems. Also implicit in numerical decomposition methods are assumptions

about random system components. When discrete event simulation is used as a

method to evaluate line performance the buffer allocation algorithms can be

extremely slow due to number of performance evaluations needed and the slower

speed of discrete event simulation.

The objective of this thesis is to develop one or more efficient heuristics for

the buffer allocation problem. The proposed problem for this thesis can be stated as

"Given a fixed total number of carriers that perpetually circulate in the system and a

finite number of buffers, quickly find the buffer allocation that maximizes the

throughput rate of a production system with single workstation stages".

The heuristics developed in this research can also be applied to open

production systems and to moderately long productions systems. There are also no

assumptions or restrictions on the distributions used to model processing, repair and

failure times.
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This research aims to supply practitioners and researchers with a practical

method for buffer allocation in production lines.
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3. METHODOLOGY

This chapter describes the development of efficient heuristic algorithms for

the buffer allocation problem. Section 3.1 addresses the problem under study.

Section 3.2 explains the method used to find the best obtainable buffer allocations

that are used as a standard of comparison. A description of the heuristics developed

for the buffer allocation problem is presented in section 3.3. Finally, section 3.4

presents the experimental design used to evaluate the results obtained with the

buffer allocation heuristics.

3.1. Production Line Model and the Buffer Allocation Problem

The problem described in section 2.3.5 applies to the production system

represented in Figure 1. The assumptions under which this system operates were

presented in section 1.3. Accordingly, the decision variables are the number of

buffer spaces between the pairs of workstations and the objective is to maximize the

throughput of the system subject to a limited amount of buffers available. The

problem is a stochastic, nonlinear, combinatorial optimization problem with discrete

decision variables.

3.1.1. The Buffer Allocation Problem

The buffer allocation problem for throughput maximization can be

represented in mathematical terms as follows:

Find

/3=(B1,B2,K ,BM)
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max THM(J3) (1)

subject to:

AlBi = B, (2)

B,O (3)

B, integer(i =l,2,K ,M) (4)

where B is a fixed nonnegative integer that represents the total number of

buffers to be allocated among the M buffer locations to maximize production line

throughput. /1 = (B1, B2 ,K , BM) is a vector of buffers per workstation,

and THM denotes the throughput rate of the M-workstation production line. In this

case, there is no constraint on the number of buffers that can be assigned to a

specific buffer location. The case where such limitations are present (physical

space constraints between workstations) can be handled by setting upper limits for

each element of the buffer vector.

3.2. Comparing Heuristic Allocations to Best Obtainable Buffer
Allocations

The accuracy and efficiency of the heuristics developed can be evaluated if

optimal buffer allocations are known. A metaheuristic optimization procedure was

developed as part of this research to compute the best obtainable buffer allocations.

This procedure is a genetic algorithm that uses a specially structured simulation for

evaluation of candidate solutions. This genetic algorithm, which is not as efficient
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as the heuristics developed, was run for long periods of time on each test problem.

A description of the simulation and genetic algorithm are presented next.

3.2.1. Simulation

The simulation used to evaluate candidate solutions in the genetic algorithm

represents job flow using a network. Throughput is determined by the longest path

in this network, which represents the time required to complete a given number of

jobs. Kim and Jung (2000) used this network concept to develop heuristics for the

buffer allocation problem. The heuristics are based on the number of times a

workstation is blocked on the longest path. The basic idea is that only productivity

gains on the longest path of the network will result in higher throughput. A

description of the simulation network is presented next.

3.2.1.1. Network Representation of Job Flow

Reversibility and symmetly properties of production systems were proved

with the help of a network representation of job movement in a production line.

Muth (1979) proved the reversibility property of production lines using an activity

network representing the time required to process n jobs through k workstations.

This research determined that the sum of processing times on the longest path from

the source node to the node representing the completion of job n at workstation k

represents total production time (from which throughput can be determined), and

this total production time is the same when the direction of each of the arrows of the

network is reversed.
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Similarly, Dallery and Towsley (1991) proved the symmetry property of the

throughput in closed systems with finite buffers comparing the sample paths of a

network and its symmetrical counterpart with respect to the population of the

network. They showed that the symmetry property is closely related to the

reversibility property.

Chen and Chen (1990) developed a recursive expression of the "sample

path" of an open single server tandem queueing systems. When simulated, their

approach significantly reduced run time compared to discrete event simulation,

especially for large production systems.

For this research the flow of jobs in a production line can be represented

with the activity network in Figure 3.

Ml

M2 I

M3

M4

M5 1

M6
1

B1 M2 B2 M3 B3 M4 B4

1 2 3 4 5 6 7 8 9 10 11 1(12)

Figure 3. Closed Production System and the Corresponding Network Diagram.

This network representation provides a structure for a very efficient

production line simulation and contains information that can be used for the

allocation of buffers throughout the production line.
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Each row in the corresponding activity network represents the operation of a

single workstation as it processes jobs. The first row corresponds to

workstationM1, row 2 corresponds to workstationM2, etc. Columns of nodes

represent the flow of a job through the whole system. Black nodes in a row

represent jobs already processed by the corresponding workstation, and white nodes

represent jobs to be processed. The dotted circles correspond to the initial

conditions of the production line (i.e., the distribution of job carriers in the line).

The arcs of the network represent:

1. When the next job from the upstream workstation is available (dashed

arcs).

2. When space in the output buffer is available to place a completed job

(dotted arcs).

3. When the workstation has completed the current job (solid arcs).

Each node in row i of the network stores the instances in time when a job

(on a carrier) first enters workstationM,, and also the time when the job on the

carrier has just completed processing at the workstation. The following notation is

used.

te = "Time Entered" - The time when jobj first enters workstation M..

tc = te + = "Time Complete" - The time when the job j completes

processing (t = processing time) at workstation M,.

The time jobj first enters workstation M, , te, is the latest of three events:
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1. The time workstation M. completes processing job j1 te tc_1

2. The time workstation M_1 completes processing job j + the transit time

through the buffer B1 -* te tc' + B,1 * h. Here h is based on the

selected material handling option.

3. The time job k j (B, +1) first enters workstation M,1 -+ te te'

where B. = output buffer capacity of workstation M..

These three events correspond to normal job flow, starving and blocking of

workstation M, respectively. In summary,

te = max (tc_1, tc1 + B_1 * h, te1). (5)

For illustration purposes, the updating of the time job 6 first enters

workstationM3 is shown in Figure 4.

B4 M5 B5 M6 B6

L-------------------------- I
1 2 3 4 5 6 7 8 9 10 11 1(12)

Ml S I S I I S S © 0

M2 I I I I I © 0 0 0 0

M3 S I I 0 0 0 0 0 0

M4 I S 0 0 0 0 0 0 0

M5 S 0 0 0 0 0 0 0 0 0 0

M6 0 0 0 0 0 0 0 0 0 0 0

Figure 4. Updating When Job 6 Enters Workstation M3.
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Examining Figure 4 and equation (5), it can be seen that the time job 6 first

enters workstation M3 (te) is determined by the time job 5 is completed at

workstationM3. In this example job 6 has completed processing at workstation M2

and is waiting, and job 3 has previously entered workstation M4 creating the needed

space in workstationM3 's output buffer.

In the simulation implementation, a processing time is generated and added

to the "time entered" to determine the "time complete" (both "stored" at a node in

the network). The stochastic character of this network is generated through these

processing times and may include workstation repair times (for automated

workstations). In the execution of the simulation the nodes are updated with the

proper times. When the simulation is terminated, the number of columns updated is

equal to the number of jobs processed by the production system, and the "time

complete" value from the last node of the last workstation represents the total

production time. This total production time is then used to determine the

throughput of the system by dividing the number ofjobs produced by this value.

In the simulation implementation, each node in the network is represented as

an object with multiple elements that store important information. Each object has

the following elements:

. "Time Entered"

. "Time Complete"

Processing Time or Cycle Time
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. Node Updated.

3.2.1.2. Generation of Random Numbers

According to Law and Kelton (2000), "A simulation of any system or

process in which there are inherently random components requires a method of

generating or obtaining numbers that are random, in some sense". In the

implementation of our simulation, a combined multiple recursive random number

generator (combined MRG) developed by L'Ecuyer (1996, 1999) and presented by

Law and Kelton (2000) was used to generate random numbers employed to obtain

exponential processing and repair times and failures following a Poisson process.

The exponential variates (processing and repair times) were obtained using

an inverse transform algorithm and the failures were generated using an acceptance-

rejection algorithm.

3.2.1.3. Validation of the Simulation

To validate the simulation method used in this research, throughput results

obtained for open and closed systems were compared to known results available in

the existing literature.

For open production systems, the simulation method was used to obtain

throughput values for automated unbalanced production lines with exponential

processing and repair times and failure times that follow the Poisson process.

Simulation results for three, four, and five-workstation lines are compared to exact

results presented by Vouros and Papadopoulos (1998). The exact results were
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obtained using the exact method developed by Heavey et al. (1993). Tables of

results are presented in Appendix A. Only different buffer allocations are shown.

Ten replications of 100,000 jobs were simulated to determine the average

throughput of the system. The errors (differences) between our simulation method

and the exact method are expressed in relative percentages. For all the different

open production systems considered, we observe that there is no significant

difference between the throughput results obtained with the simulation method and

those exact results presented by Vouros and Papadopoulos (1998). The maximum

absolute difference observed between values is 0.44% and the mean absolute

difference is 0.14%.

Closed production systems where also considered for validation of the

simulation method. Throughput values for several reliable balanced and

unbalanced production lines were obtained using the network simulation.

Processing times were obtained using the exponential distribution. The results were

tested with exact solutions presented by Liu et al. (1992) and exact solutions

presented by Onvural and Perros (1989). Exact solutions presented by Liu et al.

(1992) were obtained by solving Markov chains of three and four-workstation

production systems whereas Onvural and Perros (1989) used an exact numerical

procedure to determine throughput values for four, five, six and seven-workstation

production systems. A total of 28 different closed production systems where used

to test the simulation method. In general, we observe that there is no significant

difference between the throughput results obtained with the simulation method and



53

those exact results presented by Liu et al. (1992) and Onvural and Perros (1989).

The maximum absolute difference observed between values is 1.20% and the mean

absolute difference is 0.42%.

In both cases (open and closed production systems), the throughput

estimates found with the simulation method are acceptable.

3.2.2. Genetic Algorithm

Genetic algorithms have been applied successfully to many combinatorial

optimization problems. They do not guarantee optimality because of their

stochastic nature, but they will often find a good (near-optimal) solution to the

problem studied (Bulgak et al., 1995). The search technique used as part of the

algorithm for buffer allocation developed in this research is an implementation of a

genetic algorithm. The number of buffer allocations possible in a typical problem

can be extremely large, and therefore a metaheuristic technique such as a genetic

algorithm was used to search the "space" of buffer allocations. The algorithm

implemented in this research is described in the following subsections. We assume

the reader is familiar with the general components of a genetic algorithm.

3.2.2.1. GA Parameters

The selection of good GA parameters is important for good GA

perfonnance. Results from previous research indicate that a high crossover

probability, low mutation probability, and a moderate population size (Goldberg,

1989 and Bulgak et al., 1995) may give better algorithm performance. In the GA

implementation for buffer allocation the parameters are:
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= 0.2 (probability of mutation)

= 0.4 (probability of crossover)

N = 10 (population size)

G =50 (number of generations)

3.2.2.2. Representation of Feasible Solutions

According to Gen and Cheng (2000), real encoding is recommended for

representing feasible solutions to integer optimization problems treated with a

genetic algorithm. A vector fi of length M with nonnegative integer buffer

capacities as elements is used to represent a feasible solution to the buffer allocation

problem for a closed M-workstation production line (/1 = (B1 ,B2 ,K , BM)). The

sum of the elements of vector/I must be equal to the total number of buffers

available B, that is Bi = B.

3.2.2.3. Initial Population

Having enough chromosomes (feasible solutions) and enough gene

(element) diversity in the initial population are important considerations for the

performance of a GA. The initial population consists of a sufficient number of

individual feasible solutions which will be evaluated in parallel. The initial

elements of the solutions that are part of the population are set randomly, but take

into account the constraint on the total number of buffers available.

The population is also seeded with a known 'good' solution. Although this

is a closed system, the general design rules observed by many researches for open
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systems are considered useful since the open system is just a special case of the

closed system. For this reason, one of the solutions in the initial population is

created using the principle that an even distribution of buffers throughout the

available buffer locations is close to the optimum. Any remaining buffers after the

buffer spaces have been evenly distributed are allocated one by one to each buffer

location starting after the first workstation.

3.2.2.4. Elitist Strategy

After evaluating the throughput of the solutions in the population, the

solution with the best performance is kept for the next replication. This current best

solution is stored as the last element of the new population. This is known as

"elitist strategy", because the best solution in the new population is going to be at

least equal to the best solution in the current population improving convergence

efficiency.

3.2.2.5. Selection

A proportional or "roulette" selection procedure is used to determine the

solutions of the current population that are going to be passed on to the new

population. This process ensures that the probability for any given solution to be

selected is exactly proportional to its throughput value (Goldberg, 1989).

Throughput values of the solutions in the population are normalized. In this

way, better solutions will have higher probability of being selected for the next

generation. A cumulative fitness is calculated and the solutions for the new

population are selected at random according to their cumulative fitness value.



3.2.2.6. Crossover

To diversify the solutions to be evaluated in the next generation of the GA, a

crossover procedure is applied to the population of solutions. All the solutions in

the selected population except the last one are subject to crossover with a

probability of crossover P. If a solution is selected for crossover, the solution that

follows it in the current population is selected as the crossover pair.

If a and b are the solutions selected for crossover, their offspring a' and

b' will be generated with the following procedure:

1. a,'= (a, +b,)/2, b1'=(a1 +b)/2,foralli;

2. Find the elements that are not integer in a' and b' (the total number in

each must be even) and pair them successively as

(a,1 ',a1 '),K ,(a,',a')and (b11',b11'),K

3. a.k=aikO.5andaJk=afk+O.5,forallk=l,2,K,p;

4 b '=blk'+O.5andb 'b 'O.5,forallk=1,2,K,p;jk jk

5. a' andb' replace a and b in the new population.

This is a modification of the crossover procedure developed by Liu and Tu

(1994).

3.2.2.7. Mutation

To explore different solutions and avoid local optima, a mutation procedure

was also implemented.
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All the solutions in the population except the best one are subject to

mutation with probability of mutation m

If solution a is selected for mutation, the mutated a' is produced using the

following procedure developed by Liu and Tu (1994):

1. Selectalocationpair (i,j)atrandom, li M,l j M,i j;

2. Forallki,kj*ak'ak;

3. If a, >0 then a1'= a, 1 and a'= a1 +1

Ifa, =O,a >Othena1'=a, +landa1'=a1 1

Ifa, =Othena,'=Oanda1'=0

The mutated solution a' always replaces the parent solution a even if it

represents a less worthy candidate. In this way, diversity in the population is

increased and local optima may be avoided.

3.2.2.8. Stopping Criterion

New populations of potential solutions are generated until the genetic

algorithm completes a specified number of generations. After the last generation,

the final population is evaluated and the best solution is obtained.

3.2.3. Genetic Algorithm Implementation

Since simulation is used to estimate the throughput rate of a given candidate

buffer allocation in the genetic algorithm, it is important to reduce simulation

variance across different configurations of workstations and buffers. For this

reason, the same random numbers used to generate processing, repair and failure
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times are used for all the solutions (buffer allocations) being evaluated by the

genetic algorithm. In this way, the hope is to minimize the impact of inherent

variability on the performance differences observed from different buffer

allocations.

Inputs to the genetic algorithm are:

M = Number of workstations

B = Number of buffers to allocate

K =Number of carriers = M + LB/2]

h = Material handling option = 0

N =Number ofjobs per simulation run

R = Number or simulation replications

T = Vector of mean processing times (for reliable workstations)

S = Vector of workstation speeds (for automated workstations)

MTTR = Vector of mean repair times (for automated workstations)

MTBF = Vector of mean time between failures (for automated

workstations)

= Probability of crossover

= Probability of mutation

n = Population size

G = Number of GA generations
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All potential solutions evaluated during the operation of the algorithm and

the corresponding throughput values are written to a file. The run time of the

genetic algorithm is recorded and displayed along with the suggested buffer

allocation and the corresponding throughput value associated with it.

Figure 5 shows the logic followed by the genetic algorithm.

CREATE INITIAL
POPULATION OF

BUFFER
ALLOCATIONS

EVALUATE
POPULATION
OF BUFFER

ALLOCATIONS

TERMINATION DONE

CHECK

NOT DONE

PERFORM GA
OPERATIONS

NTTH1
OPTIMAL BUFFER

ALLOCATION

Figure 5. Flow of the Genetic Algorithm.

3.2.4. Genetic Algorithm Evaluation

Since the results obtained with the genetic algorithm are going to be used to

evaluate the heuristics developed in this research, it is important to validate its

accuracy with respect to finding a true optimal allocation. To evaluate the genetic



algorithm used in this research, buffer allocations obtained with our algorithm were

compared to optimal buffer allocations determined with an exhaustive search

procedure. Three, four and five-workstation open automated unbalanced

production systems presented by Vouros and Papadopoulos (1998) were

considered. Processing and repair times are exponentially distributed and failure

times follow a Poisson process. Results are presented in Appendix A.

In all cases, the genetic algorithm found the known optimal solution

previously determined by the exhaustive search procedure of Vouros and

Papadopoulos (1998). Throughput values for the buffer allocations presented in the

tables of Appendix A were obtained by simulating 10 replications of 100,000 jobs

with the network simulation method.

The results obtained indicate that the genetic algorithm will likely find

optimal or near-optimal buffer allocations.

3.3. Heuristics for the Buffer Allocation Problem

The objective of this research is to develop heuristic algorithms for buffer

allocation that can be used to find good solutions efficiently in comparison to other

existing approaches and techniques.

The first heuristic developed in this research uses information that can be

generated by the network simulation, or by any discrete event simulation of the

production line. If the heuristic is implemented using the network simulation to

evaluate line performance it will generate answers much faster than if discrete event

simulation is used.
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The second heuristic developed requires the use of the network simulation.

The length of the longest path in the network (from the starting node of the network

to the last node of the last workstation), after completing a simulation of a specific

number of jobs, represents the time required to produce the jobs and is used to

calculate estimated throughput. The second buffer allocation heuristic algorithm

developed in this research uses information stored in the longest path to determine

where additional buffers are most beneficial.

A description of the heuristics developed in this research and their

implementation follows.

3.3.1. Heuristic 1 Implementation

Heuristic 1 for buffer allocation (Hi) uses the average percentage of

workstation stage (workstation plus output buffer) utilization to place additional

buffers. The idea that highly utilized workstation stages require any available

buffer more than sub-utilized stages is applied. The heuristic starts evaluating the

production line without buffers. Then, it starts adding buffers one by one to the

location with the highest percentage of utilization determined after a simulation run,

and stops when all available buffers have been allocated. Buffers that have been

already allocated are not moved. The resulting buffer allocation and the

corresponding throughput value associated with it are the outputs along with the run

time of the heuristic algorithm.

When the network simulation is used, the utilization of a workstation stage

is estimated using Little's Law. First, "time entered", "time complete" and



processing times are used to determine the average time of job arrivals to each one

of the workstation stages in the production line. Then, using the throughput value

of the system, the average number of jobs in each workstation stage is determined

by applying Little's Law. The average percentage of utilization of each workstation

stage is obtained by dividing the average number of jobs in the stage by the

corresponding stage capacity (workstation plus output buffer).

For closed production systems, the number of job carriers present in the

system at any time is equal to the number of workstations plus half the number of

buffers allocated (M + [B/2j).

Figure 6 shows the process Hi follows to allocate buffers in closed

production systems.

BO

EVALUATE
BUFFER

ALLOCATION

BUFFER YES
CONSTRJNT

MET?

NO

BB+1

SET NUMBER CF
CARRIERS

ADD BUFFER TOWS
STAGE WITH

HIGHEST
UTIUZATION

FINAL BUFFER
ALLOCATION

Figure 6. Operations of Heuristic 1 for Buffer Allocation (Hi).
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3.3.2. Heuristic 2 Implementation

The research of Muth (1979) on the reversibility property of production

lines determined that the sum of processing times on the longest path from the

starting node to the last node of the last workstation represents total production time

of a system that is simulated with a network representation ofjob flow. Throughput

can be determined from this total production time value. Only changes that have an

effect on the longest path also will have an impact on throughput. Kim and Jung

(2000) proposed a heuristic that allocates available buffers according to the number

of times a workstation is blocked on the longest path.

The metric used in our research is the number of times a workstation is

starved on the longest path of the network that represents job flow. Heuristic 2 for

buffer allocation (112) allocates buffers sequentially to the output buffer of the

workstation that was starved the highest number of times (not the longest amount of

time) on the longest path after a simulation run. H2 starts by evaluating the

throughput of a production line with zero buffers and iterates until a fixed number

of buffers is allocated to the system. Similar to Hi, buffers that have been already

allocated are not moved and the final buffer allocation, throughput and run time are

the outputs of the heuristic.

In the implementation of 112, after every simulation run, the total number of

times each workstation in the production line suffered starvation on the longest path

is determined by counting the occurrences of starvation while backtracking the

longest path from the last node of the last workstation.
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For closed production systems, the number of job carriers circulating in the

system at any time is equal to the number of workstations plus half the number of

buffers allocated (M+LB/2]).

Figure 7 shows the operation steps followed by H2 to allocate buffers in

closed production systems.

B=O

EVALUATE
BUFFER

ALLOCATION
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B=B+ 1

SEt NUMBER OF
CARRIERS

ADD BUFFER AFTER WS
WITH MOST STARVING

INSTANCES ON THE
LONGEST PATH

FINAL BUFFER
ALLOCATION

Figure 7. Operations of Heuristic 2 for Buffer Allocation (H2).

Other metrics derived from information stored in the longest path were

considered for implementation. A preliminary test with 5, 10 and 15-workstation

balanced production lines using reliable and automated workstations was

performed. Table 2 shows the metrics tested and the differences between mean



throughput values obtained from buffer allocations determined with each metric,

and the throughput values found with buffer allocations obtained with the genetic

algorithm. The number of times a workstation is starved in the longest path proved

to be the most effective when finding good buffer allocations. The multiple sample

comparison test performed on the samples of throughput values is presented in

Appendix B.

Table 2. Longest Path Metrics Tested and Differences with GA Performance.

Throughput Difference
Metric from GA Allocations

(jobs/minute)
Times Blocked -0.011352

Time Blocked -0.0155 141

Times Starved -0.0000763

Time Starved -0.0027534

Times Blocked and Starved -0.00 14099

Time Blocked and Starved -0.0041621

We have no good intuitive explanation on why the metric selected for

implementation produces significant reductions in the longest path. We

hypothesize that adding an extra buffer after the most starved workstation produces

a shift of the blocking constraint node toward an earlier job which may represent

changes in the longest path due to reductions in the limiting time of the other

constraining nodes.

3.4. Experimental Design

To test the performance of heuristic algorithms Hi and H2, a set of

experiments was developed. Some preliminary testing was carried out to observe



the potential of the metrics considered for the heuristics, and to facilitate the design

of the experimentation to be performed on them.

3.4.1. Performance Measure

The performance of Hi and H2 was assessed by comparing the throughput

rate resulting from the generated buffer allocations to the throughput rate generated

from the buffer allocations found by the genetic algorithm. In all cases, the

throughput rate of the buffer allocations determined by the genetic algorithm (TH*),

Heuristic 1 (TH Hi) and Heuristic 2 (TH H2) was estimated by simulating 100,000

jobs for ten replications using the method described in section 3.2.1.

Run time is a widely used performance measure for assessing the efficiency

of an algorithm (Coffin and Saltzman, 2000). Although this measure can be subject

to some variability (i.e. programming language, equipment used, etc.), it is used

here to compare the speed of both heuristics.

3.4.2. Types ofProduction Systems Used To Test Heuristics

Hi and H2 may be applied to different types of production lines. From the

classification presented in section 2.2, four general types of production lines can be

constructed according to the type of workstations in the system and characteristics

of the workstations. Table 3 presents the types of production systems tested, and

production system variations within each type.



67

Table 3. Types of Production Systems Used as Test Problems.

Type Reliable Automated

Length of the Line
Length of the Line

Balanced Number of Buffers
Number of Buffers

Workstation Variability

Number of Bottlenecks Number of Bottlenecks

Number of Buffers* Number of Buffers*
Unbalanced

Position of Bottleneck(s) Position of Bottleneck(s)

Severity of Bottleneck(s) Severity of Bottleneck(s)

* Only considered for lines with 1 bottleneck.

Testing of the heuristics was organized into eight test cases. Each test case

revolves around a specific type of production system, and then varies system

characteristics in an organized manner. Some of the test problems used in the test

cases are modifications made to the original experimental work of Powell and Pyke

(1996) and Harris and Powell (1999) on buffer allocation for open unbalanced

reliable production systems. The simulation experiments performed by Conway Ct

al. (1988) also provided insight on different system variations that affect the

performance of buffered serial production lines. A description of each of the test

cases is presented next.

3.4.2.1. Test Case 1

Test Case 1 examines buffer allocation in balanced reliable production

systems. The number of buffers and line length are varied (1, 5, 10, 15, 20 and 30

buffers were allocated in 5, 10 and 1 5-workstation lines). Processing times follow

the exponential distribution with a mean of 1.0 time unit (assumed to be minutes)

for a!! workstations.
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3.4.2.2. Test Case 2

Test Case 2 examines buffer allocation in balanced automated production

systems. The number of buffers, line length, and workstation variability were varied

(1, 5, 10, 15, 20 and 30 buffers were allocated in 5, 10 and 15-workstation lines).

Automated workstations with short frequent failures and long infrequent failures are

analyzed. Workstations subject to long infrequent failures have a higher coefficient

of variation for the total time a job spends in a workstation. Table 4 shows the

parameters used.

Table 4. Parameters for Workstations in Balanced Automated Production Lines.

Automated WS
Speed (5)
(jobs/mm)

MTBF
(minutes)

MTTR
(minutes)

Short Frequent
1.00 20 2 0.01408

Failures

Long infrequent
1.00 300 30 0.05455

Failures

3.4.2.3. Test Case 3

Test Case 3 examines buffer allocation in reliable production systems with

one bottleneck. The allocation of one, two and eight buffers in an 8-workstation

unbalanced reliable line is considered. The position of the bottleneck is shifted

successively from M1 to M2 and then toM3. All processing times are exponentially

distributed. The non-bottleneck workstations have a mean processing time of 1.0

minute, while bottleneck mean processing times of 1.1, 1.5 and 2.0 minutes are

examined.



3.4.2.4. Test Case 4

An unbalanced reliable production line with two bottlenecks that are

positioned symmetrically is examined in Test Case 4. A total of eight buffers are

allocated in an 8-workstation production system that has a bottleneck at workstation

M2 and another bottleneck at workstation M6. All workstations have exponentially

distributed processing times. Non-bottleneck workstations have a mean processing

time of 1.0 minute while the bottlenecks have mean processing times of 1.1, 1.5 and

2.0 minutes.

The position of the bottlenecks is said to be symmetrical since their location

results in the same number of workstations between bottlenecks. Figure 8

illustrates this symmetry for an 8-workstation line. The shaded squares represent

the bottlenecks.

B8

Ml Bl M2 B2 M3 B3 M4

M8 B7 M7 B6 M6 B5

Figure 8. Eight-Workstation Line with Two Symmetrical Bottlenecks

B4
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3.4.2.5. Test Case 5

Test Case 5 examines buffer allocation in unbalanced reliable production

lines with two bottlenecks that are asymmetrical in position. Eight buffers are

allocated in an 8-workstation production system that has a bottleneck at workstation

M2 and another bottleneck at workstationM4. Processing times follow the

exponential distribution. A mean processing time of 1.0 minute is considered for all

non-bottleneck workstations while mean processing times of 1.1, 1.5 and 2.0

minutes are used for bottleneck mean processing times.

Bottlenecks are said to be asymmetrical in position if their location splits the

production system in two dissimilar sections (different number of workstations

between bottlenecks). Figure 9 illustrates the asymmetric position of the

bottlenecks in the 8-workstation line. The shaded squares represent the bottlenecks.

B8

Ml Bi M2 B2 M3 B3 M4

M8 B7 M7 B6 M6 B5 M5

B4

Figure 9. Eight-Workstation Line with Two Asymmetric Bottlenecks
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3.4.2.6. Test Case 6

Test Case 6 examines buffer allocation in automated production systems

with one bottleneck. The allocation of one, two, five and ten buffers in a 5-

workstation unbalanced automated line is considered. The bottleneck is positioned

atM4. Non-bottleneck workstations have a fixed processing rate of 1.0 job/minute,

mean time between failures (MTBF) of 300 minutes and mean time to repair

(MTTR) of 30 minutes. Higher MTTR values for M4 are used to change the

severity of the bottleneck. MTTR values of 40, 50 and 80 minutes are tested.

3.4.2.7. Test Case 7

Buffer allocation in an unbalanced automated production line with two

bottlenecks that are positioned symmetrically is considered in Test Case 7. In this

case, six buffers are allocated in a 6-workstation production system that has a

bottleneck at workstation M2 and another bottleneck at workstationM5. Non-

bottleneck workstations in this production system have a fixed processing rate of

1.00 job/minute, MTBF of 300 minutes and MTTR of 30 minutes. MTTR values of

40, 50 and 80 minutes are used for the bottlenecks.

3.4.2.8. Test Case 8

Test Case 8 examines buffer allocation in unbalanced automated production

lines with two bottlenecks positioned asymmetrically. In this case, six buffers are

allocated in a 6-workstation production system that has a bottleneck at workstation

M2 and another bottleneck at workstation M4. A mean fixed processing rate of 1.0



job/minute, MTBF of 300 minutes and MTTR of 30 minutes are used for all non-

bottleneck workstations. MTTR values of 40, 50 and 80 minutes are used for the

bottlenecks.

Table 5 presents a summary of the test cases developed for the experimental

analysis of Hi and H2 performance.

Table 5. Summary ofTest Cases.

2
2 Symmetric Asymmetric

Balanced Unbalanced Reliable Automated I Bottleneck Bottlenecks Bottlenecks

Test x x
CaseI
Test
Case2

x x

Test
Case3

x x x

Test x x x
Case4
Test x x
Case5
Test
Case6

x x x

Test x x x
Case7
Test
Case8

x x x

3.4.3. Analysis

For each test case, a multiple sample comparison was performed to

determine if there are any significant differences between throughput means of

buffer allocations obtained by the genetic algorithm, heuristic Hi and heuristic H2.

We also want to determine if one of the heuristics for buffer allocation performs

better than the other. The multiple sample comparison performed includes an

ANOVA test and a Fisher's Least Significant Differences (LSD) Multiple Range

Test.



73

When analyzing the run times of Hi and H2, we have to consider that

multiple design factors of the production systems considered may affect the speed

of computation significantly. A paired t-test is performed on the samples to test the

hypothesis that the mean difference between run times (in seconds) of Hi and H2 is

equal to zero. The alternative hypothesis is that the mean difference between run

times is different to zero. Paired t-tests have the advantage that they consider only

the differences between groups and not the differences within a group

(Montgomery, 2000). Using a paired t-test, we eliminate additional sources of

variability (i.e. length of line, number of buffers, etc.). Run times of Hi and H2 for

test cases 4 and 5 were grouped for a single analysis. Same procedure was followed

with the run time samples from test cases 7 and 8. All other test cases were

analyzed independently.

According to Coffin and Saltzman (2000), samples of run times of many

algorithms have a tendency to be not normal. For this reason, we verifr that the

assumptions underlying the analysis are not violated.

3.4.4. Test Equipment and Setup

All of the test cases presented in section 3.4.2 were run on hardware with

the following specifications:

. Make and Model: Dell Power Edge 1750.

. Processor: Dual 3.2 GHz Xeon 2 Mbytes L2 Cache.

Memory:4GbytesRAM.

Operating System: Windows Server 2003 Enterprise Edition.
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The genetic algorithm, heuristic Hi, and heuristic H2 were implemented in

Microsoft Visual Basic .NET 2003.
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4. RESULTS AND DISCUSSION

This chapter presents results to different buffer allocation problems obtained

with heuristics Hi and 112. The quality of the solutions and the efficiency of the

heuristics are analyzed in the following subsections.

4.1. Results for Test Case 1

Results for 5, 10 and 15-workstation balanced reliable production lines are

presented in Appendix C. Buffer allocations obtained with the genetic algorithm

(GA BA) and heuristics Hi (Hi BA) and 112 (H2 BA) are shown along with the

corresponding throughput values. Throughput rates (in jobs per minute) are the

averages from ten replications of 100,000 jobs. The heuristic's throughput

differences are calculated relative to genetic algorithm throughputs and are given as

percent differences.

Heuristic Hi finds the best obtainable buffer allocation in six out of eighteen

cases examined while heuristic H2 finds the solution in nine cases.

Figure 10 shows the performance of Hi and H2 compared to the genetic

algorithm in a 5-workstation production line. The results for a 10-workstation

production system are presented graphically in Figure ii. Figure 12 illustrates how

close the buffer allocations found with Hi and H2 are with respect to the solutions

obtained with the genetic algorithm.
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Figure 10. Throughput Results for Balanced Reliable 5-Workstation Line.
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The throughputs for buffer allocations found with Hi and H2 are close to

the throughputs obtained with buffer allocations found with the genetic algorithm.

However, as the length of the line increases, the performance of Hi decreases while

H2 maintains a good performance.

To determine if there are any significant differences between the solutions

found, a multiple sample comparison test was performed. The ANOVA is

presented in Table 6.

Table 6. ANOVA Table for Throughput in Test Case 1.

Sum of Mean
Source Squares Df Square F-Ratio p-value

Between groups 0.00101826 2 0.000509131 0.0342 0.9664

Within groups 0.758879 51 0.01488

Total (Corr.) 0.759897 53

Since the p-value of the F-test is greater than 0.05, there is not a statistically

significant difference between the mean throughputs at the 95.0% confidence level

(p-value = 0.9664). Consequently, no significant difference in Hi and H2

performance can be found with respect to the genetic algorithm when allocating

buffers in closed balanced reliable production lines.

Figure 13 shows a box and whisker plot of throughput for solutions found

with the genetic algorithm and throughput values for buffer allocations obtained

with Hi and H2. The similarity between throughput values of buffer allocations

determined with the genetic algorithm and each one of the heuristics for buffer

allocation can be observed.
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Figure 13. Box and Whisker Plot of Throughput for Test Case 1.

As part of the analysis, a statistical multiple range test on the samples of

throughputs was performed to determine which of the heuristics finds solutions that

are closer to the best obtainable. Fisher's least significant difference (LSD)

procedure is the method used to discriminate between throughput means. A 99%

significance level is used to have more precision. Table 7 summarizes the results of

this test. Figure 14 illustrates the mean throughput values for buffer allocations

obtained with each method and their 99% LSD intervals.

Table 7. Multiple Range Test for Solutions in Test Case 1 using 99 % LSD.

Mean HomogeneousMethod Count
(jobs/mm) Groups

I-Il 18 0.56195 X

H2 18 0.571017 X

GA 18 0.571299 X

Contrast Difference
+1- Limits(jobs/mm)

GAHI 0.00934956 0.0816309

GA H2 0.000282222 0.08 16309

Hl-112 -0.00906733 0.0816309
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Figure 14. Mean Throughputs and 99% LSD Intervals for Test Case 1.

Differences between means observed in Table 7 and Figure 14 show that no

statistically significant difference exists between Hi and H2 performance. The

negative difference between mean tbroughputs for buffer allocations obtained with

Hi and H2 shows that near optimal allocations found with H2 are slightly closer to

the best obtainable solutions in comparison to the near optimal allocations

determined by Hi.

According to Montgomery (2000), the ANOVA procedure is robust to

departures of the equal variance and normality assumptions underlying the analysis.

Nonetheless, analyses performed on the samples of throughput values to determine

if the assumptions of the analysis of variance are not violated are presented in

Appendix C.

Run times (in seconds) of heuristics Hi and H2 for allocating buffers in

production systems examined in Test Case 1 are also presented in Appendix C. It is
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observed that as length of the line or the number of buffer increases, the differences

between run times of Hi and H2 also increase.

Since there are considerable differences within each group of run times (due

to design factors of the production systems like length of line or number of buffers),

a paired t-test was performed on the samples of Hi and H2 to determine if there is

any significant difference between speeds of the heuristics. The null hypothesis is

that the difference between run times is equal to zero seconds. The alternate

hypothesis is that the difference between run times is not equal to zero seconds. A

95% confidence interval was built for the difference between run time of Hi and

run time of H2. Table 8 presents t-test and the 95% confidence interval.

Table 8. Paired t-Test and 95% Confidence Interval for Difference in Run Times
ofHl and H2 in Test Case i.

Mean
Run Time Hi - Run Time H2 Computed p-value 95% Confidence Interval

t-statistic
(seconds)
7.33333 4.55252 0.0002822 (3.93477, 10.73 19)

Since the p-value of the t-test is less than 0.05 and the 95% confidence

interval does not contain zero, we can reject the null hypothesis that the difference

between run times of Hi and H2 is equal to zero seconds at the 95% confidence

level. We can conclude that the speed of Hi is different to the speed of H2. Since

the mean difference value and the values contained in the 95% confidence interval

are all positive, H2 is considered faster than Hi when allocating buffers in closed

balanced reliable production systems. This is probably a consequence of H2 using

only information stored in the longest path of the network structure used for
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simulation in contrast to Hl determining the average job arrival time to each

workstation stage using information stored in all of the nodes of the simulated

network.

The normality assumption on the sample of differences between run times

for the paired t-test is analyzed in Appendix C.

4.2. Results for Test Case 2

Results for 5, 10 and 15-workstation closed balanced automated production

lines are presented in Appendix C. Heuristic Hi finds the best obtainable buffer

allocation in 19 out of 36 cases analyzed while heuristic H2 obtains the best

obtainable solution in 17 of those cases. Figure 15 shows Hi and H2 performance

in comparison to the throughputs of the buffer allocations obtained with the genetic

algorithm in 5, 10 and 15-workstation automated production lines subject to short

frequent failures. Figure 16 illustrates the case of automated production lines with

long infrequent failures.
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Figure 15. Throughput of Balanced Automated Lines with Short Frequent Failures.
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Figure 16. Throughput of Balanced Automated Lines with Long Infrequent Failures

In Figure 15 and Figure 16, no significant difference can be observed

between throughput values resulting from the allocations obtained with the genetic

algorithm, Hi and H2 for production systems examined in Test Case 2. The

performance of Hi seems to improve when production systems with automated

workstations that are affected by long infrequent failures are analyzed.

The ANOVA test for the throughputs of the buffer allocations obtained in

Test Case 2 is presented in Table 9.

Table 9. ANOVA Table for Throughput in Test Case 2.

Sum of Mean
Source Squares Df Square F-Ratio p-value

Between groups 0.0000760166 2 0.00003800 0.00247 0.9975

Within groups 1.61736 105 0.01540

Total (Corr.) 1.61744 107

Results indicate that solutions found with the genetic algorithm, heuristic Hi

and heuristic H2 are not statistically significant different (p-value = 0.9975). Figure
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17 presents a box and whisker plot of throughput values. The practical similarity of

the results can be observed in this figure.

GA

Hi

H2

0.4 0.5 0.6 0.7 0.8 0.9

Throughput

Figure 17. Box and Whisker Plot of Throughput for Test Case 2.

The 99% LSD multiple range test on the samples of throughputs is

presented in Table 10. Figure 18 illustrates the mean throughput values for buffer

allocations obtained with each method and their corresponding 99% LSD intervals.

Table 10. Multiple Range Test for Solutions in Test Case 2 using 99 % LSD.

Mean HomogeneousMethod Count
(jobs/mm) Groups

Hi 36 0.608659 X

H2 36 0.610168 X

GA 36 0.610621 X

Contrast Difference
+1- Limits(jobs/mm)

GAHi 0.00196247 0.0767448

GAH2 0.000453139 0.0767448

HlH2 -0.00150933 0.0767448
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Figure 18. Mean Throughputs and 99% LSD Intervals for Test Case 2.

No statistically significant difference between Hi and H2 performance is

found. Heuristic H2 finds near optimal buffer allocations that are slightly closer to

the best obtainable allocations consistently.

The analyses performed on the samples of throughput values to determine if

the assumptions of the analysis of variance are not violated are presented in

Appendix C.

Run times of heuristics Hi and H2 for problems considered in Test Case 2

are presented in Appendix C. As length of the line or number of buffers increases,

differences between run times of the heuristics also increase.

Table 11 presents the paired t-test performed on the samples of run times

and a 95% confidence interval for the difference between run time of Hi and run

time of H2.



Table 11. Paired t-Test and 95% Confidence Interval for Difference in Run Times
of Hi and H2 in Test Case 2.

Mean
Run Time Hi - Run Time H2 Computed p-value 95% Confidence Interval

t-statistic
(seconds)
7.58333 3.88419 0.0004361 (3.61983, 11.5468)

At a 95% confidence level, the difference between run times is found to be

significant (p-value 0.0004361 < 0.05). According to the positive mean

difference between run times, heuristic H2 finds buffers allocations for closed

balanced automated production systems faster than heuristic Hi. The likely reason

for this behavior was explained in section 4.1. The normality assumption for the

paired t-test was verified and the analysis is presented in Appendix C.

4.3. Results for Test Case 3

Results for an 8-workstation closed unbalanced reliable production line are

presented in Appendix C. Buffer allocations obtained with the genetic algorithm

(GA BA) and heuristics Hi (Hi BA) and H2 (H2 BA) are shown along with the

corresponding throughput values (in jobs per minute) and differences.

In this case, heuristic Hi finds the best obtainable buffer allocation in eleven

out of 27 cases considered while heuristic H2 obtains the best obtainable solution in

20 cases.

Figure 19 shows the performance of the solutions found with Hi and H2 in

comparison to the throughputs of the buffer allocations found with the genetic

algorithm when allocating two buffers in an 8-workstation reliable production line
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with a bottleneck. Figure 20 depicts the throughput values of the buffer allocations

obtained when eight buffers are distributed in the same production system.
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Figure 19. Throughput of Unbalanced Reliable 8-Workstation Line with Two
Buffers.
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Figure 20. Throughput of Unbalanced Reliable 8-Workstation Line with Eight
Buffers.

As the severity of the bottleneck increases, few visible differences between

the throughputs of the solutions found with the genetic algorithm and the

throughput values of allocations obtained with Hi can be observed. Heuristic Hi
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seems to perform consistently worse in cases where only two buffers are allocated

to the production system. No significant difference can be observed between

throughputs of the allocations found with the genetic algorithm and the throughput

values of buffer allocations obtained with heuristic H2. No noticeable difference in

performance of the heuristics results from shifting the location of the bottleneck

within the production line. The ANOVA test for the throughput values obtained in

Test Case 3 is presented in Table 12.

Table 12. ANOVA Table for Throughput in Test Case 3.

Sum of Mean
Source Squares Df Square F-Ratio p-value
Between groups 0.000225876 2 0.0001 12938 0.03333 0.9672

Within groups 0.264312 78 0.00338801

Total (Corr.) 0.26453 8 80

No statistically significant difference (p-value = 0.9975) is observed for

throughputs of buffer allocations found with the genetic algorithm, heuristic Hi and

heuristic H2. Figure 21 presents a box and whisker plot of throughput values of the

allocations obtained for the production systems that were studied in Test Case 3.
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H2

0.35 0.39 0.43 0.47 0.51 0.55 0.59
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Figure 21. Box and Whisker Plot of Throughput for Test Case 3.
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Table 13 presents the 99% LSD multiple range test on the samples to

determine the significant differences between mean throughput values obtained.

Figure 22 shows the mean throughputs and the corresponding 99% LSD intervals

for the buffer allocations found with each of the methods.

Table 13. Multiple Range Test for Solutions in Test Case 3 using 99 % LSD.

Mean HomogeneousMethod Count (jobs/mm) Groups
111 27 0.426538 X

H2 27 0.430048 X

GA 27 0.430111 X

Contrast Difference
+1- Limits

(jobs/mm)
GAHi 0.00357367 0.0418316

GAH2 0.0000633704 0.0418316

fliF12 -0.0035103 0.0418316

0.47
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0.43

0.41

0.39
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Figure 22. Mean Tbroughputs and 99% LSD Intervals for Test Case 3.

No statistically significant difference is observed between Hi and H2

performance. However, the difference between mean throughputs from Table 13



and the intervals presented in Figure 22 show that heuristic H2 consistently finds

near optimal buffer allocations that are slightly closer to the best obtainable

solutions in reliable production systems with one bottleneck. Appendix C contains

the analyses perfonned on the samples of throughput values to determine if the

assumptions of the analysis of variance are not violated.

Run times of heuristics Hi and H2 for buffer allocation problems considered

in Test Case 3 are presented in Appendix C. Since the number of workstations is

held constant for all the configurations analyzed in this test case, run times are

currently significantly affected by the number of buffers. Severity of the bottleneck

seems to have a smaller impact on run times. The results of a paired t-test

performed on the samples of run times and a 95% confidence interval for the

difference between run time of Hi and run time of H2 are presented in Table 14.

Table 14. Paired t-Test and 95% Confidence Interval for Difference in Run Times
of Hi and H2 in Test Case 3.

Mean
Run Time Hi - Run Time H2 Computed

p-value 95% Confidence Interval
t-statistic(seconds)

2.18519 6.3 1431 0.0000011 (1.47383, 2.89654)

The difference between run times is found to be significant (p-value =

0.00000 1 i <0.05) at a 95% confidence level. Since the number of workstations is

not varied throughout configurations analyzed, differences between run times seem

to be smaller compared to previous test cases. According to the positive mean

difference between run times and the range of the confidence interval, heuristic H2

finds buffers allocations for closed reliable production systems with a bottleneck



faster than heuristic Hi. An explanation of the possible reasons for this behavior

was presented in section 4. i. Appendix C presents the complementary analysis on

the normality assumption for the paired t-test.

4.4. Results for Test Case 4

The buffer allocation in a closed 8-workstation unbalanced reliable

production line with two bottlenecks located symmetrically was analyzed. The

results are presented in Appendix C.

Heuristic Hi finds the best obtainable buffer allocation in two out of nine

test configurations analyzed while heuristic H2 obtains the best obtainable solution

in six test configurations.

The throughputs of the allocations found with the genetic algorithm and the

throughput rates resulting from the buffer allocations generated by Hi and H2 when

allocating eight buffers in an 8-workstation production line are presented in Figure

23, Figure 24 and Figure 25. Bottlenecks in the production line were located

symmetrically in all the configurations considered (see Figure 8 in section 3.4.2.4).

Figure 23 shows throughput values for buffer allocations obtained when severity of

bottleneck M6 is low (T(M6) = 1.1) and severity ofM2 increases. Figure 24 depicts

the case of medium severity at M6 (T(M6) = i .5) and Figure 25 illustrates the case

ofhigh severity at M6(T(M6)= 2.0).



91

0.57

0.55

0.53

o 0.51

0.49
H 047

0.45

0.43
0

Methods
oGA
xHl
oH2

1.1 1.3 1.5 1.7 1.9 2.1

Mean of Bottleneck M2

Figure 23. Throughput of Unbalanced Reliable 8-Workstation Line with Two
Symmetric Bottlenecks (T(M6) = 1.1).

0.5

0.48

0.46

- 0.44
H

0.42

0.4

-

0

0

x

8

x

Methods
oGA
xHl
0112

1.1 1.3 1.5 1.7 1.9 2.1

Mean of Bottleneck M2

Figure 24. Throughput of Unbalanced Reliable 8-Workstation Line with Two
Symmetric Bottlenecks (T(M6) = 1.5).
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Figure 25. Throughput of Unbalanced Reliable 8-Workstation Line with Two
Symmetric Bottlenecks (T(M6) = 2.0).

As severity of the one of the bottlenecks increases, the performance of

heuristic H 1 seems to decrease. Appreciable differences between the throughput

rates of the buffer allocations found with the genetic algorithm and the throughput

values of allocations obtained with Hi can be observed at medium and high

seventies of both bottlenecks. No significant difference can be observed between

the throughputs of buffer allocations obtained with H2 and the throughput values of

the best obtainable solutions. There is a slight decrease in performance of H2 when

severity of both bottlenecks is high.

The ANOVA test for the throughput values of buffer allocations obtained in

Test Case 4 is presented in Table 15.
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Table 15. ANOVA Table for Throughput in Test Case 4.

Sum of Mean
Source Squares Df Square F-Ratio p-value
Between groups 0.000955582 2 0.000477791 0.21008 0.8120

Within groups 0.0545843 24 0.00227435

Total (Corn) 0.0555399 26

Results show that solutions found with the genetic algorithm, heuristic Hi

and heuristic H2 are not statistically significant different (p-value = 0.8120). Figure

26 presents a box and whisker plot of throughput values.
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Figure 26. Box and Whisker Plot of Throughput for Test Case 4.

Results from the 99% LSD multiple range test on the samples of throughput

values of allocations obtained with the genetic algorithm and the heuristics

developed in this research are presented in Table 16. Mean throughputs for buffer

allocations found with each method and the corresponding 99% LSD intervals are

presented in Figure 27.
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Table 16. Multiple Range Test for Solutions in Test Case 4 using 99 % LSD.

Mean Homogeneous
Method Count (jobs/mm) Groups

ill 9 0.445008 X

112 9 0.457453 X

GA 9 0.457795 X

Contrast Difference
+1- Limits

(jobs/mm)
GAill 0.0127873 0.0628791

GAH2 0.000341667 0.0628791

HlH2 -0.0124457 0.0628791
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Figure 27. Mean Throughput and 99% LSD Interval for Test Case 4.

Hi and H2 performance when allocating buffers in closed reliable

production systems with two symmetrical bottlenecks show no statistically

significant difference. Heuristic H2 seems to find best obtainable buffer allocations

more consistently. The verification of the assumptions of the analysis of variance is

included in Appendix C.
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Run times of heuristics Hi and H2 for problems considered in Test Case 4

were analyzed in combination with run times obtained for line configurations

considered in Test Case 5. This process was followed in order to increase the size

of the sample of run times. Both test cases represent the same general type of

production system (closed unbalanced reliable production line with two

bottlenecks). Since the number of workstations and the number of buffers are held

constant across all test configurations examined in test cases 4 and 5, the only factor

that may affect run time is the severity of the bottlenecks. The appropriate analysis

is presented in the next section. Run time data of heuristics Hi and H2 (in seconds)

for Test Case 4 are included in Appendix C.

4.5. Results for Test Case 5

Results for the buffer allocation problem in a closed 8-workstation

unbalanced reliable production line with two bottlenecks that are asymmetrical in

location are presented in Appendix C.

Heuristic Hi finds the best obtainable buffer allocation in two out of nine

cases studied while heuristic H2 determines the best obtainable allocation of buffers

in seven different cases.

Figure 28, Figure 29 and Figure 30 show the throughputs from allocations

determined by the genetic algorithm and the throughput values of allocations found

by Hi and H2 when distributing eight buffers throughout 8-workstation unbalanced

reliable production lines. Bottlenecks were located asymmetrically in all the

configurations considered (see Figure 9 in section 3.4.2.5). Throughput values for



buffer allocations obtained when severity of bottleneck M4 is low (T(M4) = 1.1) and

severity ofM2 increases are presented in Figure 28. Figure 29 shows the results for

medium severity at M4 (T(M4)= 1.5), and results for configurations with high

severity at M4(T(M4)= 2.0) are presented in Figure 30.
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Figure 28. Throughput of Unbalanced Reliable 8-Workstation Line with Two
Asymmetric Bottlenecks (T(M4) = 1.1).
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Figure 29. Throughput of Unbalanced Reliable 8-Workstation Line with Two
Asymmetric Bottlenecks (T(M4) = 1.5).
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Figure 30. Throughput of Unbalanced Reliable 8-Workstation Line with Two
Asymmetric Bottlenecks (T(M4) = 2.0).

Some observable differences between the best obtainable throughputs and

the throughput values of allocations obtained with Hi can be observed at medium

and high seventies. No appreciable difference can be observed between the

tbroughputs of allocations determined by heuristic H2 and the throughput values of

allocations found with the genetic algorithm. Table 17 shows the ANOVA test for

the throughputs obtained in Test Case 5.

Table 17. ANOVA Table for Throughput in Test Case 5.

Sum of Mean
Source Squares Df Square F-Ratio p-value

Between groups 0.000930765 2 0.000465382 0.20496 0.8161

Within groups 0.0544941 24 0.00227059

Total (Corr.) 0.0554249 26

The ANOVA test found no statistical significant difference between

throughputs of solutions obtained with the genetic algorithm, heuristic Hi and
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heuristic H2 (p-value = 0.8 161). Figure 31 presents a box and whisker plot of

throughput values.
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Figure 31. Box and Whisker Plot of Throughput for Test Case 5.

Table 18 presents the results of the 99% LSD multiple range test on the

samples of throughput values for the buffer allocations obtained with the genetic

algorithm and heuristics Hi and H2. Figure 32 shows the mean throughputs for

distributions found with each method and the corresponding 99% LSD intervals.

Table 18. Multiple Range Test for Solutions in Test Case 5 using 99 % LSD.

Mean Homogeneous
Method Count (jobs/mm) Groups

Hi 9 0.444744 X

H2 9 0.457186 X

GA 9 0.457211 X

DifferenceContrast +1- Limits
(jobs/mm)

GAHi 0.0124676 0.0628271

GAH2 0.0000251111 0.0628271

HiH2 -0.0124424 0.0628271
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Figure 32. Mean Throughputs and 99% LSD Intervals for Test Case 5.

No statistically significant differences are found between solutions found by

the genetic algorithm and performance of Hi and H2 when allocating buffers in

closed reliable production systems with two asymmetrical bottlenecks. The

difference between mean throughputs of allocations found with Hi and H2 suggests

that 112 determines best obtainable buffer allocations more frequently. Appendix C

contains the analysis of the assumptions underlying the analysis of variance.

Run times of heuristics Hi and H2 for test configurations examined in Test

Case 5 are presented in Appendix C. These run times were grouped and analyzed

in combination with the speeds for Test Case 4. Table 19 presents the results of a

paired t-test performed on the samples of run times and a 95% confidence interval

for the difference between run time of Hi and run time of H2.
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Table 19. Paired t-Test and 95% Confidence Interval for Difference in Run Times
of Hi and H2 in Test Case 4 and Test Case 5.

Mean
Run Time Hi Run Time H2 Computed p-value 95% Confidence Intervalt-statistic

(seconds)
5.05556 33.5591 0.0 (4.73772, 5.37339)

A significant difference between run times of heuristics Hi and H2 is found

at a 95% confidence level (p-value = 0.0 < 0.05). The positive mean difference

between run times and the range of the 95% confidence interval suggest that

heuristic H2 finds near optimal buffer allocations for closed reliable production

systems with two bottlenecks faster than heuristic Hi (see section 4.1 for

explanation). The complementary analysis on the samples to verify the normality

assumption of the paired t-test is included in Appendix C.

4.6. Results for Test Case 6

Results for a closed 5-workstation automated production line with a single

bottleneck are presented in Appendix C.

Heuristic Hi finds the best obtainable buffer allocation in seven out of

twelve test configurations examined while heuristic H2 obtains the best obtainable

allocation in five of the test configurations.

Hi and H2 performance in comparison to the throughputs of the buffer

allocations generated by the genetic algorithm when one buffer is allocated in a 5-

workstation unbalanced automated production line are presented in Figure 33.

Throughputs for the allocations obtained when two, five and ten buffers are
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allocated to the same type of production system are presented in Figure 34, Figure

35 and Figure 36 respectively.
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Figure 33. Throughput of Closed Unbalanced Automated 5-Workstation Line with
One Buffer.
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Figure 34. Throughput of Closed Unbalanced Automated 5-Workstation Line with
Two Buffers.
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Figure 35. Throughput of Closed Unbalanced Automated 5-Workstation Line with
Five Buffers.
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Figure 36. Throughput of Closed Unbalanced Automated 5-Workstation Line with
Eight Buffers.

No visible difference between the best obtainable throughputs and the

throughput values of allocations obtained with Hi and H2 can be observed. The

quality of the solutions is maintained as the number of buffers and severity of the

bottleneck increase.

Table 20 presents the ANOVA test for the throughput values obtained in

Test Case 6.



Table 20. ANOVA Table for Throughput in Test Case 6.

Sum of Mean
Source Squares Df Square F-Ratio p-value

Between groups 1.48608E-7 2 7.4304E-8 0.0001 0.9999

Within groups 0.0184096 33 0.0005579

Total (Corr.) 0.0184098 35

Throughputs of buffer allocations found with the genetic algorithm,

heuristic Hi and heuristic H2 are not statistically significant different (p-value =

0.9999). Figure 37 presents a box and whisker plot of throughput values for the test

configurations that were examined in Test Case 6. The similarity of the results

obtained is evident in this plot.
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Figure 37. Box and Whisker Plot of Throughput for Test Case 6.

Results of the 99% LSD multiple range test on the samples to determine the

differences between mean throughputs of the allocations obtained is presented in

Table 21. Mean throughput values for allocations obtained with each method and

the corresponding 99% LSD intervals are illustrated in Figure 38.
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Table 21. Multiple Range Test for Solutions in Test Case 6 using 99 % LSD.

Mean Homogeneous
Method Count (jobs/mm) Groups

Hi 12 0.628759 X

H2 12 0.628855 X

GA 12 0.628915 X

Difference
Contrast (jobs/mm) +1- Limits
GAHi 0.000156 0.0263557

GAH2 0.00006 0.0263557

HiH2 -0.000096 0.0263557
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Figure 38. Mean Throughputs and 99% LSD Intervals for Test Case 6.

No statistical significant difference is observed between performances of Hi

and H2. Both heuristics fmd good buffer allocations in closed automated

production systems with a bottleneck. Appendix C contains the analyses performed

on the samples of throughput values to determine if the assumptions of the analysis

of variance are not violated.
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Run times of heuristics Hi and H2 for problems considered in Test Case 6

are presented in Appendix C. Table 22 shows the results of a paired t-test

performed on the samples of run times and a 95% confidence interval for the

difference between run time of Hi and run time of H2.

Table 22. Paired t-Test and 95% Confidence Interval for Difference in Run Times
of Hi and H2 in Test Case 6.

Mean
Run Time HI Run Time H2 Computed p-value 95% Confidence Intervalt-statistic

(seconds)
2.16667 3.68366 0.00360276 (0.872081, 3.46125)

The difference between run times is found to be significant (p-value =

0.0036 < 0.05) at a 95% confidence level. According to the positive mean

difference between run times and the range of the 95% confidence interval,

heuristic H2 finds buffer allocations for closed automated production systems with

a bottleneck faster than heuristic Hi. An explanation of the possible reasons for

this behavior was presented in section 4.1. The analysis of the normality

assumption of the paired t-test is presented in Appendix C.

4.7. Results for Test Case 7

Results for the buffer allocation problem in a 6-workstation closed

automated production line with two symmetric bottlenecks are presented in

Appendix C.

Heuristic Hi and heuristic H2 find the best obtainable buffer allocation in

all the test configurations examined in Test Case 7. There was no need to perform

any statistical analysis on the tbroughputs since all the results are equivalent. The
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best obtainable throughputs and the throughput values of the solutions found with

Hi and H2 when allocating six buffers in a 6-workstation unbalanced automated

production line are presented in Figure 39.
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Figure 39. Throughput of Automated 6-Workstation Line with Two Symmetric
Bottlenecks.

Run times of heuristics Hi and H2 for problems considered in Test Case 7

were grouped and analyzed in combination with the speeds from Test Case 8. The

purpose was to increase the size of the sample of run times. Both test cases

examine the same general type of production system (closed unbalanced automated

production line with two bottlenecks). Next section contains the statistical analysis

of run times. Run times of Hi and H2 are presented in Appendix C.

4.8. Results for Test Case 8

Results for the buffer allocation problem in a 6-workstation automated

production line with two asymmetric bottlenecks are presented in Appendix C.
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Heuristic Hi and heuristic H2 find the best obtainable buffer allocation in four out

of nine test configurations of the production system analyzed.

Figure 40 shows the best obtainable throughputs and the performance of the

buffer allocations found with Hi and H2 when allocating six buffers in a 6-

workstation automated production line with two asymmetric bottlenecks.
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Figure 40. Throughput of Automated 6-Workstation Line with Two Asymmetric
Bottlenecks.

No appreciable differences between the throughput rates of the buffer

allocations found with the genetic algorithm and the throughput values of

allocations obtained with Hi and H2 can be observed in all cases. Table 23 shows

the ANOVA test for the throughput values obtained in Test Case 8.
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Table 23. ANOVA Table for Throughput in Test Case 8.

Sum of
Source Squares Df Mean Square F-Ratio p-value
Between groups 8.8074E-l0 2 4.40037E-l0 0.0 1.00

Within groups 0.0172465 24 0.000718602

Total (Corr.) 0.0172465 26

The ANOVA test found no statistical significant difference between

throughputs of buffer allocations obtained with the genetic algorithm, heuristic Hi

and heuristic H2 (p-value = 1.00). Figure 41 presents a box and whisker plot of

throughput values.

GA

Hl

H2

0.51 0.53 0.55 0.57 0.59 0.61

Throughput

Figure 41. Box and Whisker Plot of Throughput for Test Case 8.

Results of the 99% LSD multiple range test on the samples of throughput

values of the allocations obtained with the genetic algorithm and heuristics Hi and

H2 are presented in Table 24. Mean throughputs and 99% LSD intervals for buffer

allocations found by each method are shown in Figure 42.
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Table 24. Multiple Range Test for Solutions in Test Case 8 using 99 % LSD.

Mean Homogeneous
Method Count (jobs/mm) Groups

111 9 0.566654 X

112 9 0.566654 X

GA 9 0.566666 X

Contrast Difference
+1- Limits

(jobs/mm)
GAHi 0.0000121111 0.0353445

GAH2 0.0000121111 0.0353445

Hi H2 0.0 0.0353445

0.61

0.59

0.57

0.55

0.53
GA HI H2

Figure 42. Mean Throughputs and 99% LSD Intervals for Test Case 8.

No statistically significant differences are found between throughputs of

allocations found with the genetic algorithms and Hi and 112 performance when

allocating buffers in closed automated production systems with two asymmetrical

bottlenecks. The analysis of the assumptions underlying the analysis of variance is

presented in Appendix C.
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Run times of heuristics Hi and H2 for problems considered in Test Case 8

are presented in Appendix C. Run times of problems studied in Test Case 7 and

Test Case 8 were grouped and analyzed together. The results of a paired t-test

performed on the samples of run times and a 95% confidence interval for the

difference between run time of Hi and run time of 112 are presented in Table 25.

Table 25. Paired t-Test and 95% Confidence Interval for Difference in Run Times
of 111 and H2 in Test Case 7 and Test Case 8.

Mean
Run Time Hi - Run Time H2 Computed

p-value 95% Confidence Intervalt-statistic(seconds)
2.22222 8.08608 3.1541E-7 (1.6424, 2.80204)

A significant difference between run times of heuristics Hi and H2 is found

at a 95% confidence level (p-value 0.00 < 0.05). The positive mean difference

between run times suggests that heuristic H2 finds good buffer allocations for

closed automated production systems with two bottlenecks faster than heuristic Hi.

The analysis to verifi the normality assumption of the paired t-test is included in

Appendix C.

4.9. Summary of Results

A summary of the results obtained in the experiments performed in this

research follows:

1. In all types of closed production systems, no significant differences exist

between throughput values of best obtainable buffer allocations and

throughput values of the buffer allocations obtained with heuristic Hi

and heuristic H2.
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2. Heuristic H2 finds the best obtainable buffer allocation in closed reliable

production systems more often than heuristic Hi.

3. Heuristic Hi finds the best obtainable buffer allocation in closed

automated production systems more often than heuristic H2.

4. In all types of closed production systems, near optimal buffer allocations

found with heuristic H2 are more close to the best obtainable solution

than near optimal buffer allocations found with heuristic Hi. This

behavior is more evident in closed reliable production systems.

5. There is a significant difference between run time of heuristic Hi and

run time of heuristic H2.

6. Heuristic H2 is significantly faster than heuristic Hi when solving the

buffer allocation problem in closed production systems.

7. The speed of heuristic Hi and the speed of heuristic H2 are significantly

affected by the length of the production line and the number of buffers to

be allocated in the system. Linear relationships exist between the speed

of the heuristics and the number of workstations and between the speed

of the heuristics and the number of buffers. Severity of bottlenecks also

affect run times but to a lesser extent.
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5. CONCLUSIONS AND FUTURE WORK

5.1. Conclusions

The objective of this thesis was to develop efficient heuristic algorithms for

the buffer allocation problem in closed production systems. Two heuristics for

buffer allocation were implemented and analyzed. Heuristic Hi uses the idea that

highly utilized workstation stages (workstation plus output buffer) require any

available buffer more than sub-utilized stages. Heuristic H2 uses information

stored in the longest path of a network representation of job flow to determine

where additional buffers are most beneficial. The longest path metric used to

allocate buffers is the total number of times a workstation suffers starvation on the

longest path.

Both heuristics analyzed were effective when solving the buffer allocation

problem. Moreover, heuristic H2 proved to be the most efficient of the two

methods implemented.

The accuracy of the heuristics developed in this research was evaluated with

respect to the best obtainable buffer allocations determined by a genetic algorithm

that uses a specially structured simulation for evaluation of candidate solutions. An

experiment was completed to determine if there are any statistically significant

differences between throughput values of buffer allocations obtained with the

genetic algorithm and throughputs of the buffer allocations generated by Hi and

H2. Several types of production systems were examined in eight different test

cases. In all test cases, no practical or statistical significant differences in
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performance were observed. Heuristic H2 tends to obtain the best obtainable buffer

allocation more often than heuristic Hi in reliable production systems.

Alternatively, heuristic Hi tends to find the best obtainable buffer allocation more

often than heuristic H2 in automated production systems. In the case where the best

obtainable buffer allocations are not determined by any of the heuristics, near

optimal allocations generated by heuristic H2 are more close to the best obtainable

solution than near optimal buffer allocations found with heuristic Hi. The

performance of Hi seems to be affected by increasing the length of the line and the

number of buffers allocated in the production system.

The efficiency of the heuristics for buffer allocation developed in this

research was also examined. A statistically significant difference in efficiency of

Hi and H2 was found. In all test cases, heuristic H2 proved to be faster than

heuristic Hi. The difference between speeds of Hi and H2 increases as the length

of the line and the number of buffers in the system increase. From a practical point

of view, differences between run times of Hi and H2 are negligible when allocating

few buffers in small production systems. However, the differences start becoming

apparent when large numbers of buffers have to be allocated.

In summary, our results indicate that heuristic H2 is effective and accurate

for determining buffer allocations in closed production systems. No assumptions or

restrictions on the distributions used to model processing, repair and failure times is

also an appealing feature of this method.
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5.2. Future Work

Some recommendations for future work that can be considered in order to

extend and improve this research study follow:

1. Investigate the buffer allocation problem in open production systems

using the heuristics developed in this research.

2. Additional experimentation on the buffer allocation problem in large

production systems (more than twenty workstations) using the heuristics

developed in this research.

3. Explore the feasibility of using the heuristics for buffer allocation

developed in this research in production systems (open or closed) with

parallel machine workstations and in assembly production systems.

4. Consider resource constraints (i.e. physical space) in the implementation

of the heuristics for buffer allocation developed in this research.

5. Analyze the use of other metrics derived from information stored in the

longest path of the network representation of job flow simulation for

implementation in a heuristic for buffer allocation (i.e. number of times

a workstation is blocked and starved on the longest path, time a

workstation is starved on the longest path, etc.).

6. Recognize general design rules for optimal buffer allocation in closed

production systems using some of the tools employed in this research.



115

7. Consider the use of the network representation of job flow for a general

production line optimization method using some type of perturbation

analysis.
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Appendix A. Validation Results

A.!. Validation of the Simulation Method

This appendix presents the results obtained when simulating open automated

unbalanced production lines using the method of the simulation of a network

representation of job flow. The production lines considered have exponential

processing and repair times and failure times that follow the Poisson process.

Exact results (TH Exact) were obtained using the exact method developed

by Heavey et al. (1993) and were presented by Vouros and Papadopoulos (1998).

To determine the average throughput of the system (TH Sim), ten replications of

100,000 jobs were simulated with the simulation method used in this research. The

results presented here are used in the validation analysis. The results are presented

in tables 26 to 32.

Table 26. Throughput of 3-Workstation Open Production System (Table 1 from
Vouros and Papadopoulos (1998)).

M=3 K=M+B S=( 1,1.2,1.4) MTBF20, 20, 20) M77'R=(2, 2, 2)

B K BA TB TH
Duff. OBA TH TI-I

Duff.
Exact Sim Exact Sim

1 4 (1-0) 0.6341 0.6340 -0.02%

2 5 (1-1) 0.6744 0.6742 -0.02%

3 6 (2-1) 0.7113 0.7109 -0.05%

4 7 (3-1) 0.7361 0.7358 -0.04%

5 8 (3-2) 0.7587 0.7586 -0.02%

6 9 (3-3) 0.7716 0.7715 -0.01% (4-2) 0.7777 0.7775 -0.02%

7 10 (4-3) 0.7911 0.7911 0.00% (5-2) 0.7922 0.7919 -0.04%

8 11 (5-3) 0.8060 0.8058 -0.02%

9 12 (6-3) 0.8178 0.8177 -0.02%

10 13 (6-4) 0.8266 0.8264 -0.02% (7-3) 0.8274 0.8272 -0.03%
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Table 27. Throughput of 3-Workstation Open Production System (Table 2 from
Vouros and Papadopoulos (1998)).

M=3 K=M+B S=(1, 1.2, 1.4) MTBF=(20, 100, 4) M77'R=(2, 2, 2)

B K BA
TH TH

Duff. OBA
TH

Duff.
Exact Sim Exact Sim

1 4 (1-0) 0.5748 0.5739 -0.16%

2 5 (1-1) 0.6204 0.6195 -0.14%

3 6 (1-2) 0.6486 0.6478 -0.12% (2-1) 0.6493 0.6482 -0.17%

4 7 (2-2) 0.6783 0.6773 -0.15%

5 8 (3-2) 0.6982 0.6971 -0.16% (2-3) 0.6987 0.6977 -0.15%

6 9 (2-4) 0.7141 0.7130 -0.15% (3-3) 0.7188 0.7177 -0.16%

7 10 (4-3) 0.7334 0.7323 -0.15% (3-4) 0.7343 0.7331 -0.17%

8 11 (3-5) 0.7465 0.7453 -0.16% (4-4) 0.7489 0.7477 -0.16%

9 12 (4-5) 0.7610 0.7598 -0.16%

10 13 (5-5) 0.7720 0.7708 -0.15%

Table 28. Throughput of 3-Workstation Open Production System (Table 3 from
Vouros and Papadopoulos (1998)).

M=3 K=M+B S=(1, 1, 1) MTBF=(20, 100, 4) M77'R=(2, 2, 2)

B K BA
TH TH

Duff. OBA
TH TH

Duff.
Exact Sim Exact Sim

1 4 (1-0) 0.4700 0.4695 -0.11% (0-1) 0.4814 0.4809 -0.11%

2 5 (1-1) 0.5137 0.5131 -0.12%

3 6 (2-1) 0.5306 0.5299 -0.13% (1-2) 0.5409 0.5403 -0.11%

4 7 (2-2) 0.5583 0.5577 -0.12% (1-3) 0.5600 0.5595 -0.09%

5 8 (3-2) 0.5687 0.5683 -0.08% (2-3) 0.5773 0.5768 -0.09%

6 9 (3-3) 0.5878 0.5874 -0.07% (2-4) 0.5914 0.5909 -0.08%

7 10 (5-2) 0.5801 0.5796 -0.08% (2-5) 0.6022 0.6018 -0.07%

8 11 (2-6) 0.6109 0.6104 -0.08% (3-5) 0.6122 0.6117 -0.08%

9 12 (6-3) 0.6028 0.6024 -0.07% (3-6) 0.6204 0.6200 -0.07%

10 13 (5-5) 0.6232 0.6229 -0.05% (3-7) 0.6271 0.6267 -0.07%
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Table 29. Throughput of 4-Workstation Open Production System (Table 4 from
Vouros and Papadopoulos (1998)).

M=4 K=M+B S=(1, 1, 1, 1) MTBF=(20, 50, 100, 1000) MTTR=(2, 2, 2, 2)

B K BA Duff. OBA
TH

Duff.
Exact Sim Exact Sim

1 5 (0-1-0) 0.5250 0.5249 -0.02%

2 6 (1-1-0) 0.5577 0.5576 -0.01%

3 7 (1-1-1) 0.5916 0.5915 -0.01%

4 8 (2-1-1) 0.6128 0.6129 0.02% (1-2-1) 0.6155 0.6155 0.00%

5 9 (2-1-2) 0.6307 0.6307 -0.01% (2-2-1) 0.6378 0.6380 0.03%

6 10 (2-2-2) 0.6563 0.6564 0.02%

7 11 (3-2-2) 0.6721 0.6723 0.03% (2-3-2) 0.6725 0.6727 0.02%

8 12 (3-3-2) 0.6890 0.6891 0.02%

9 13 (5-2-2) 0.6899 0.6902 0.04% (3-4-2) 0.7007 0.7008 0.02%

10 14 (5-3-2) 0.7076 0.7078 0.03% (4-3-3) 0.7129 0.7130 0.02%

Table 30. Throughput of 4-Workstation Open Production System (Table 5 from
Vouros and Papadopoulos (1998)).

M=4 K=M+B S=(1.6, 1.4, 1.2, 1) MTBF=(20, 50, 100, 200) M77'R=(2, 2, 2, 2)

B K BA
TH TH

.

.

Duff. OBA
TH TH

. Duff.
Exact Sim Exact Sim

1 5 (0-1-0) 0.6476 0.6478 0.04% (0-0-1) 0.6572 0.6549 -0.35%

2 6 (1-1-0) 0.6652 0.6656 0.06% (0-1-1) 0.7064 0.7037 -0.39%

3 7 (1-1-1) 0.7289 0.7292 0.04% (0-1-2) 0.7361 0.7333 -0.38%

4 8 (2-1-1) 0.7394 0.7398 0.05% (1-1-2) 0.7673 0.7642 -0.41%

5 9 (1-3-1) 0.7670 0.7675 0.06% (1-2-2) 0.7938 0.7905 -0.42%

6 10 (1-1-4) 0.8013 0.8014 0.02% (1-2-3) 0.8173 0.8140 -0.41%

7 11 (2-3-2) 0.8166 0.8171 0.06% (1-3-3) 0.8346 0.8310 -0.43%

8 12 (3-2-3) 0.8348 0.8352 0.05% (1-3-4) 0.8514 0.8480 -0.40%

9 13 (4-2-3) 0.8390 0.8394 0.05% (2-3-4) 0.8660 0.8622 -0.44%

10 14 (3-2-5) 0.8672 0.8677 0.05% (2-3-5) 0.8796 0.8759 -0.42%
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Table 31. Throughput of 5-Workstation Open Production System (Table 6 from
Vouros and Papadopoulos (1998)).

M=5 K=M+B S-(1, 1, 1, 1, 1) MTBF10, 5,4,3.333,2.857) MTTR=(2, 2, 2,2,2)

B K BA
TH TH

.

.

Diff. OBA
TH TH

Dill.Exact Sim Exact
.

Sim
1 6 (1-0-0-0) 0.2848 0.2848 0.01% (0-0-1-0) 0.2997 0.2998 0.04%

2 7 (2-0-0-0) 0.2870 0.2869 -0.02% (0-0-1-1) 0.3158 0.3161 0.08%

3 8 (2-1-0-0) 0.3005 0.3005 0.00% (0-1-1-1) 0.3340 0.3342 0.05%

4 9 (1-1-1-1) 0.3420 0.3422 0.05% (0-1-2-1) 0.3471 0.3472 0.04%

5 10 (1-2-1-1) 0.3512 0.3513 0.02% (0-1-2-2) 0.3579 0.3581 0.05%

6 11 (2-2-1-1) 0.3538 0.3539 0.02% (0-2-2-2) 0.3699 0.3700 0.03%

7 12 (3-1-1-2) 0.3603 0.3604 0.03% (1-2-2-2) 0.3794 0.3795 0.03%

8 13 (2-2-2-2) 0.3833 0.3834 0.03% (1-2-3-2) 0.3894 0.3895 0.02%

9 14 (3-2-2-2) 0.3852 0.3853 0.02% (1-2-3-3) 0.3990 0.3991 0.02%

10 15 (3-1-3-3) 0.3956 0.3958 0.06% (1-3-3-3) 0.4066 0.4068 0.04%

Table 32. Throughput of 5-Workstation Open Production System (Table 7 from
Vouros and Papadopoulos (1998)).

M=5 K=M+B S=(1,1.1,1.2,1.3,1.4) MTBF=(20,20,20,20,20) MTTR=(2,2,2,2,2)

B K BA
TH TH

Dill. OBA
TH TH

Dill.Exact Sim Exact Sim
1 6 (0-1-0-0) 0.5213 0.5207 -0.12%

2 7 (1-1-0-0) 0.5514 0.5508 -0.11%

3 8 (1-1-1-0) 0.5824 0.5818 -0.11%

4 9 (1-1-1-1) 0.5976 0.5968 -0.13% (1-2-1-0) 0.6027 0.6021 -0.10%

5 10 (2-1-1-1) 0.6196 0.6189 -0.11% (2-2-1-0) 0.6213 0.6209 -0.07%

6 11 (2-2-1-1) 0.6422 0.6416 -0.09%

7 12 (1-2-2-2) 0.6380 0.6372 -0.13% (2-2-2-1) 0.6585 0.6578 -0.11%

8 13 (1-3-2-2) 0.6519 0.6511 -0.12% (3-2-2-1) 0.6744 0.6737 -0.10%

9 14 (3-2-2-2) 0.6829 0.6822 -0.10% (3-3-2-1) 0.6894 0.6888 -0.09%

10 15 (2-4-2-2) 0.6914 0.6907 -0.10% (3-3-3-1) 0.7005 0.6999 -0.09%
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A.2. Evaluation of the Genetic Algorithm

To evaluate the accuracy of the genetic algorithm used in this research,

buffer allocations obtained with our algorithm (GA BA) were compared to optimal

buffer allocations (OBA) determined with an exhaustive search procedure. Three,

four and five-workstation open automated unbalanced production systems presented

by Vouros and Papadopoulos (1998) were considered. Processing and repair times

are exponentially distributed and failure times follow a Poisson process.

To estimate the average throughput (TH Sim) of the optimal allocation and

allocation found with our algorithm, ten replications of 100,000 jobs were simulated

with the simulation method used in this research. The results presented here are

used in the validation analysis. The results are presented in tables 33 to 39.

Table 33. Optimal Buffer Allocation in 3-Workstation Open Production System
(Table 1 from Vouros and Papadopoulos (1998)).

M=3 K=M+B S=(1,1.2,1.4) M77'R=(2, 2, 2) MTBF=(20, 20, 20)

B K OBA TH Sim GA BA TH Sim Duff.

1 4 (1-0) 0.6340 (1-0) 0.6340 0.00%

2 5 (1-1) 0.6742 (1-1) 0.6742 0.00%

3 6 (2-1) 0.7109 (2-1) 0.7109 0.00%

4 7 (3-1) 0.7358 (3-1) 0.7358 0.00%

5 8 (3-2) 0.7586 (3-2) 0.7586 0.00%

6 9 (4-2) 0.7775 (4-2) 0.7775 0.00%

7 10 (5-2) 0.7919 (5-2) 0.7919 0.00%

8 11 (5-3) 0.8058 (5-3) 0.8058 0.00%

9 12 (6-3) 0.8177 (6-3) 0.8177 0.00%

10 13 (7-3) 0.8272 (7-3) 0.8272 0.00%
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Table 34. Optimal Buffer Allocation in 3-Workstation Open Production System
(Table 2 from Vouros and Papadopoulos (1998)).

M=3 K=M+B S=(1, 1.2, 1.4) M77'R=(2, 2, 2) MTBF=(20, 100,4)

B K OBA TH Sim BA TH Sim Duff.

1 4 (1-0) 0.5739 (1-0) 0.5739 0.00%

2 5 (1-1) 0.6195 (1-1) 0.6195 0.00%

3 6 (2-1) 0.6482 (2-1) 0.6482 0.00%

4 7 (2-2) 0.6773 (2-2) 0.6773 0.00%

5 8 (2-3) 0.6977 (2-3) 0.6977 0.00%

6 9 (3-3) 0.7177 (3-3) 0.7177 0.00%

7 10 (3-4) 0.733 1 (3-4) 0.733 1 0.00%

8 11 (4-4) 0.7477 (4-4) 0.7477 0.00%

9 12 (4-5) 0.7598 (4-5) 0.7598 0.00%

10 13 (5-5) 0.7708 (5-5) 0.7708 0.00%

Table 35. Optimal Buffer Allocation in 3-Workstation Open Production System
(Table 3 from Vouros and Papadopoulos (1998)).

M=3 K=M+B S=(1, 1, 1) MTTR=(2, 2, 2) MTBF=(20, 100, 4)

B K OBA TH Sim BA TH Sim Duff.

1 4 (0-1) 0.4809 (0-1) 0.4809 0.00%

2 5 (1-1) 0.5131 (1-1) 0.5131 0.00%

3 6 (1-2) 0.5403 (1-2) 0.5403 0.00%

4 7 (1-3) 0.5595 (1-3) 0.5595 0.00%

5 8 (2-3) 0.5768 (2-3) 0.5768 0.00%

6 9 (2-4) 0.5909 (2-4) 0.5909 0.00%

7 10 (2-5) 0.60 18 (2-5) 0.60 18 0.00%

8 11 (3-5) 0.6117 (3-5) 0.6117 0.00%

9 12 (3-6) 0.6200 (3-6) 0.6200 0.00%

10 13 (3-7) 0.6267 (3-7) 0.6267 0.00%
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Table 36. Optimal Buffer Allocation in 4-Workstation Open Production System
(Table 4 from Vouros and Papadopoulos (1998)).

M=4 K=M+B S=(1, 1, 1, 1) MTTR=(2, 2, 2, 2) A'1TBF20, 50, 100, 1000)

B K OBA TH Sim BA TB Sim Duff.

1 5 (0-1-0) 0.5249 (0-1-0) 0.5249 0.00%

2 6 (1-1-0) 0.5576 (1-1-0) 0.5576 0.00%

3 7 (1-1-1) 0.5915 (1-1-1) 0.5915 0.00%

4 8 (1-2-1) 0.6155 (1-2-1) 0.6155 0.00%

5 9 (2-2-1) 0.6380 (2-2-1) 0.6380 0.00%

6 10 (2-2-2) 0.6564 (2-2-2) 0.6564 0.00%

7 11 (2-3-2) 0.6727 (2-3-2) 0.6727 0.00%

8 12 (3-3-2) 0.6891 (3-3-2) 0.6891 0.00%

9 13 (3-4-2) 0.7008 (3-4-2) 0.7008 0.00%

10 14 (4-3-3) 0.7130 (4-3-3) 0.7130 0.00%

Table 37. Optimal Buffer Allocation in 4-Workstation Open Production System
(Table 5 from Vouros and Papadopoulos (1998)).M-4K=M+B S=(1.6, 1.4, 1.2, 1) M77'R=(2, 2, 2, 2) MTBF=(20, 50, 100, 200)

B K OBA TH Sim BA TH Sim Duff.

1 5 (0-0-1) 0.6549 (0-0-1) 0.6549 0.00%

2 6 (0-1-1) 0.7037 (0-1-1) 0.7037 0.00%

3 7 (0-1-2) 0.7333 (0-1-2) 0.7333 0.00%

4 8 (1-1-2) 0.7642 (1-1-2) 0.7642 0.00%

5 9 (1-2-2) 0.7905 (1-2-2) 0.7905 0.00%

6 10 (1-2-3) 0.8140 (1-2-3) 0.8140 0.00%

7 11 (1-3-3) 0.8310 (1-3-3) 0.8310 0.00%

8 12 (1-3-4) 0.8480 (1-3-4) 0.8480 0.00%

9 13 (2-3-4) 0.8622 (2-3-4) 0.8622 0.00%

10 14 (2-3-5) 0.8759 (2-3-5) 0.8759 0.00%
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Table 38. Optimal Buffer Allocation in 5-Workstation Open Production System
(Table 6 from Vouros and Papadopoulos (1998)).

M=5 K=M+B S=(1, 1, 1, 1, 1) M77'R=(2, 2, 2, 2, 2) MTBF=(10,5,4,3.333,2.857)

B K OBA TH Sim BA TH Sim Duff.

1 6 (0-0-1-0) 0.2998 (0-0-1-0)

2 7 (0-0-1-1) 0.3161 (0-0-1-1)

3 8 (0-1-1-1) 0.3342 (0-1-1-1)

4 9 (0-1-2-1) 0.3472 (0-1-2-1)

5 10 (0-1-2-2) 0.3581 (0-1-2-2)

6 11 (0-2-2-2) 0.3700 (0-2-2-2)

7 12 (1-2-2-2) 0.3795 (1-2-2-2)

8 13 (1-2-3-2) 0.3895 (1-2-3-2)

9 14 (1-2-3-3) 0.3991 (1-2-3-3)

10 15 (1-3-3-3) 0.4068 (1-3-3-3)

0.2998 0.00%

0.3161 0.00%

0.3342 0.00%

0.3472 0.00%

0.358 1 0.00%

0.3700 0.00%

0.3795 0.00%

0.3895 0.00%

0.3991 0.00%

0.4068 0.00%

Table 39. Optimal Buffer Allocation in 5-Workstation Open Production System
(Table 7 from Vouros and Papadopoulos (1998)).

M=5 K=M+B S=(1,1.1,1.2,1.3,1.4)

B K OBA

1 6 (0-1-0-0)

2 7 (1-1-0-0)

3 8 (1-1-1-0)

4 9 (1-2-1-0)

5 10 (2-2-1-0)

6 11 (2-2-1-1)

7 12 (2-2-2-1)

8 13 (3-2-2-1)

9 14 (3-3-2-1)

10 15 (3-3-3-1)

MTTR=(2,2,2,2,2)

THSim BA

0.5207 (0-1-0-0)

0.5508 (1-1-0-0)

0.5818 (1-1-1-0)

0.6021 (1-2-1-0)

0.6209 (2-2-1-0)

0.6416 (2-2-1-1)

0.6578 (2-2-2-1)

0.6737 (3-2-2-1)

0.6888 (3-3-2-1)

0.6999 (3-3-3-1)

MTBF=(20,20,20,20,20)

THSim Duff.

0.5207 0.00%

0.5508 0.00%

0.5818 0.00%

0.6021 0.00%

0.6209 0.00%

0.64 16 0.00%

0.6578 0.00%

0.6737 0.00%

0.6888 0.00%

0.6999 0.00%
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Appendix B. Comparison of Longest Path Metrics

Different metrics derived from information stored in the longest path of the

network representation ofjob flow were tested for implementation in a heuristic for

buffer allocation. This appendix presents the multiple sample comparison statistical

test performed on the samples of throughput values of the buffer allocations

obtained with the genetic algorithm and six different longest path metrics in a group

of 5, 10 and 15-workstation production lines.

Figure 43 shows a scatterplot of the samples of throughput values. Table 40

and Figure 44 present mean throughput values and 99% confidence intervals for the

buffer allocations obtained by each of the samples. Throughput values were

estimated by simulating 100,000 jobs.
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Figure 43. Scatterplot of Throughput Values Obtained with Genetic
Algorithm and Six Longest Path Metrics.
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Table 40.Table of Mean Throughput Values and 99% Confidence Intervals.

Method Count Mean 99% Confidence Interval. .

(jobs/mill)

GA 30 0.556593 (0.405481, 0.707704)

Times Blocked 30 0.538075 (0.389491, 0.687057)

Time Blocked 30 0.533911 (0.386421,0.681402)

Times Starved 30 0.556524 (0.405403, 0.707645)

Time Starved 30 0.5533 85 (0.40279 1, 0.703979)

Times B & S 30 0.554285 (0.403397, 0.705 174)

Time B & S 30 0.5 52987 (0.402240, 0.703 733)

0.78

0.58

0.48

0.38
clD CID

c

rf

ct?J

i)

Figure 44. Mean Throughput Values and 99% Confidence Intervals.

Table 41 presents the ANOVA test performed on the samples of throughput

values to determine if there are any statistically significant differences between

performance of the longest path metrics and the genetic algorithm.
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Table 41 .ANOVA Table for Throughput.

Sum of Mean
Source Squares Df Square F-Ratio p-value

Between groups 0.0156973 6 0.00261621 0.02939 0.9999

Within groups 18.0685 203 0.0890072

Total (Corr.) 18.0842 209

No significant difference is found between throughput values of buffer

allocations obtained with the genetic algorithm and throughput values of buffer

allocations found with six different heuristics using six longest path metrics at a 95

% confidence level (p-value = 0.9999). Figure 45 illustrates a box and whisker plot

of the samples of throughput values.

GA

Times B

Time B

Times S

Time S

Times B & S

Time B & S

0 0.2 0.4 0.6 0.8

Throughput

Figure 45. Box and Whisker Plot of Throughput Values.

The assumption of equal variances for the ANOVA test is verified with a

plot of residuals versus predicted values that is presented in Figure 46. The
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Bartlett's test of equal variances show that there are no statistical significant

differences between standard deviations of the samples (p-value = 0.99999).
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Figure 46. Plot of Residuals vs. Predicted Values.

The normality assumption of the samples is verified with normal probability

plots of the each of the samples of throughput values. Noticeable conditions of

normality are observed for all samples of throughput values analyzed. Figures 47 to

53 present the normal probability plots.
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Figure 47. Normal Probability Plot of Genetic Algorithm Solutions.
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Figure 48. Normal Probability Plot for Times Blocked Metric.
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Figure 49. Normal Probability Plot for Time Blocked Metric.
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Figure 50. Normal Probability Plot for Times Starved Metric.
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Figure 51. Normal Probability Plot for Time Starved Metric.
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Figure 52. Normal Probability Plot for Times Blocked & Starved Metric.
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Figure 53. Normal Probability Plot for Time Blocked & Starved Metric.
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Appendix C. Complementary Results

This appendix presents the results for the test cases studied in this research

and the analysis of the assumptions underlying the statistical tests performed on the

data.

C.1. Test Case 1

C1.1. Buffrr Allocation and Throughput

Tables 42 to 46 show the results for closed balanced reliable production

systems considered in Test Case 1.

Table 42. Results for 5-Workstation Balanced Reliable Production System.

B GA BA TH* Hi BA TH Hi Difference H2 BA TH H2 Difference

1 1-0-0-0-0 0.481234 1-0-0-0-0 0.481234 0.00% 0-0-1-0-0 0.481134 -0.02%

5 1-1-i-i-i 0.5874i0 1-1-1-1-1 0.587410 0.00% 1-1-i-i-i 0.587410 0.00%

10 2-2-2-2-2 0.661593 2-2-2-2-2 0.661593 0.00% 2-2-2-2-2 0.661593 0.00%

i5 3.3.3..3.3 0.712994 3-3-4-2-3 0.708257 -0.66% 3-3-3-3-3 0.7i2994 0.00%

20 4-4-4-4-4 0.750708 4-3-4-4-5 0.746983 -0.50% 4-4-4-4-4 0.750708 0.00%

30 6-6-6-6-6 0.802440 6-5-6-6-7 0.800741 -0.2i% 6-6-6-6-6 0.802440 0.00%

Table 43. Results for 10-Workstation Balanced Reliable Production System
(Heuristic Hl).

B GA BA TH* Hi BA TH Hi Difference

I I -0-0-0-0-0-0-0-0-0 0.403651 i-0-0-0-0-0-0-0-0-0 0.403651 0.00%

5 i-0-1-0-1-0-1-0-i-0 0.473754 1-i-i-i-1-0-0-0-0-0 0.454351 -4.10%

10 1-i-i-i-i-i-i-1-i-i 0.542112 i-i-i-i-i-l-i-1-1-1 0.542112 0.00%

is 2-1.2-i-2-i-2-i-2-i 0.585996 2-2-1-1-1-1-1-2-2-2 0.576549 -1.61%

20 2-2-2-2-2-2-2-2-2-2 0.626273 2-2-3-3-2-1-1-2-2-2 0.611661 -2.33%

30 3-3-3-3-3-3-3-3-3-3 0.682340 2-2-3-3-3-3-3-4-5-2 0.669026 -i.95%
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Table 44.Results for 1 0-Workstation Balanced Reliable Production System
(Heuristic H2).

B GA BA TH H2 BA TH H2 Difference

1 1-0-0-0-0-0-0-0-0-0 0.40365 1 0-0-0-0-0-1-0-0-0-0 0.403599 -0.01%

5 1-0-1-0-1-0-1-0-1-0 0.473754 0-1-0-1-0-1-0-1-1-0 0.471351 -0.51%

10 1-1-1-1-1-1-1-1-1-1 0.542112 1-1-1-1-1-1-1-1-1-1 0.542112 0.00%

15 2-1-2-1-2-1-2-1-2-1 0.585996 2-1-2-1-2-1-1-2-2-1 0.584949 -0.18%

20 2-2-2-2-2-2-2-2-2-2 0.626273 2-2-2-2-2-2-2-2-2-2 0.626273 0.00%

30 3-3-3-3-3-3-3-3-3-3 0.682340 3-3-3-3-3-3-3-3-3-3 0.682340 0.00%

Table 45.Results for 15-Workstation Balanced Reliable Production System
(Heuristic Hi).

B GA BA TH* HI BA Th Hi Difference

1 0-0-0-0-0-0-0-1-0-0-0-0-0-0-0 0.365959 1-0-0-0-0-0-0-0-0-0-0-0-0-0-0 0.365900 -0.02%

5 1-0-0-1-0-0-1-0-0-1-0-0-1-0-0 0.426995 1-1-1-1-1-0-0-0-0-0-0-0-0-0-0 0.414970 -2.82%

10 1-0-1-1-0-1-1-0-1-1-0-1-1-0-1 0.476042 1-1-1-1-1-1-1-1-1-1-0-0-0-0-0 0.452540 -4.94%

15 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.531097 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.531097 0.00%

20 2-1-1-2-1-1-2-1-1-2-1-1-2-1-1 0.557737 1-1-1-1-1-1-1-1-1-1-2-2-2-2-2 0.549485 -1.48%

30 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.615052 10-1-1-1-1-1-1-1-1-1-2-2-2-2-3 0.557535 -9.35%

Table 46.Results for 15-Workstation Balanced Reliable Production System
(Heuristic H2).

B GA BA TH* H2 BA TH Ff2 Difference

1 0-0-0-0-0-0-0-1-0-0-0-0-0-0-0 0.365959 0-0-0-0-0-0-0-0-1-0-0-0-0-0-0 0.365929 -0.01%

5 1-0-0-1-0-0-1-0-0-1-0-0-1-0-0 0.426995 1-0-0-1-0-0-1-0-1-0-0-1-0-0-0 0.426408 -0.14%

10 1-0-1-1-0-1-1-0-1-1-0-1-1-0-1 0.476042 1-0-1-1-0-1-1-0-1-0-1-1-0-1-1 0.475696 -0.07%

15 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.531097 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.531097 0.00%

20 2-1-1-2-1-1-2-1-1-2-1-1-2-1-1 0.557737 1-2-1-2-1-1-1-2-1-1-1-2-1-1-2 0.557222 -0.09%

30 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.615052 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.615052 0.00%

The normality assumption of the ANOVA test is verified with normal

probability plots of the samples of throughput values. Figure 54, Figure 55 and

Figure 56 show the normal probability plots for results obtained with the genetic
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algorithm, heuristic Hi and heuristic H2 respectively. No significant evidence of

violations to the normality assumptions is observed.
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Figure 54. Normal Probability Plot for GA Throughput in Test Case 1.
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Figure 55. Normal Probability Plot for Throughput Hi in Test Case i.
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Figure 56. Normal Probability Plot for Throughput H2 in Test Case 1.

The assumption of equal variances for the ANOVA is verified with a plot of

residuals versus predicted values that is presented in Figure 57. The Bartlett's test

of equal variances show that there are no statistical significant differences between

standard deviations of the samples (p-value = 0.99986).
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Figure 57. Plot of Residuals vs. Predicted Values in Test Case 1.



141

C.1.2. Run Time

Table 47 presents the run times of heuristics Hi and H2 when allocating

buffers in production systems considered in Test Case 1.

Table 47. Run Times of Hi and H2 in Test Case 1.

Run Time Run Time
M B Hi H2

(seconds) (seconds)

5 1 7 7

5 5 22 22

5 10 42 40

5 15 62 59

5 20 83 79

5 30 129 121

10 1 14 13

10 5 46 42

10 10 85 79

10 15 124 116

10 20 165 152

10 30 247 230

15 1 22 20

15 5 68 63

15 10 126 118

15 15 184 174

15 20 242 227

15 30 366 340

Figure 58 presents a normal probability plot of the differences between run

times of Hi and run times of H2. A moderate non-normality is observed when

checking for the assumptions underlying the paired t-test. A significant departure

would invalidate any statistical test regarding the standard deviation (Montgomery,

2000). However, the departure from the normality assumption in this case is not

severe. Only the standard skewness measure is outside of the expected range for a
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sample from a normal distribution (std. skewness = 2.34966, std. kurtosis =

1.67432).
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Figure 58. Normal Probability Plot for Differences in Run Times (Test Case 1).

C.2. Test Case 2

C.2.1. Buffer Allocation and Throughput

Tables 48 to 57 show the results for closed balanced automated production

systems considered in Test Case 2.

Table 48. Results for 5-Workstation Balanced Automated Production System with
Short Frequent Failures.

B GA BA TH* Hi BA TH Hi Difference H2 BA TH 112 Difference

1 0-0-1-0-0 0.684583 1-0-0-0-0 0.684468 -0.02% 0-0-1-0-0 0.684583 0.00%

5 i-i-i-i-i 0.736562 1-1-1-1-1 0.736562 0.00% 1-i-i-i-i 0.736562 0.00%

10 2-2-2-2-2 0.771753 2-2-2-2-2 0.771753 0.00% 2-2-2-2-2 0.771753 0.00%

15 3-3-3-3-3 0.795266 3-3-3-3-3 0.795266 0.00% 3-3-3-3-3 0.795266 0.00%

20 4-4-4-4-4 0.812381 3-44-54 0.811409 -0.12% 4-4-4-4-4 0.812381 0.00%

30 6-6-6-6-6 0.834967 5-6-6-7-6 0.834502 -0.06% 6-6-6-6-6 0.834967 0.00%
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Table 49. Results for 10-Workstation Balanced Automated Production System
with Short Frequent Failures (Heuristic Hi).

B GA BA TH* HI BA TH Hi Difference

1 1-0-0-0-0-0-0-0-0-0 0.557736 1-0-0-0-0-0-0-0-0-0 0.557736 0.00%

5 1-0-1-0-1-0-1-0-1-0 0.615246 1-1-1-1-1-0-0-0-0-0 0.601555 -2.23%

10 i-i-i-i-i-i-i-i-i-i 0.662457 1-1-1-1-i-i-i-i-i-i 0.662457 0.00%

15 1-2-1-2-1-2-1-2-1-2 0.695668 2-2-2-1-1-1-1-1-2-2 0.690767 -0.70%

20 2-2-2-2-2-2-2-2-2-2 0.72i872 2-2-2-2-2-2-2-2-2-2 0.721872 0.00%

30 3-3-3-3-3-3-3-3-3-3 0.758516 3-3-3-3-3-3-3-3-3-3 0.758516 0.00%

Table 50. Results for 10-Workstation Balanced Automated Production System
with Short Frequent Failures (Heuristic H2).

B GA BA TH* H2 BA TH H2 Difference

1 1-0-0-0-0-0-0-0-0-0 0.557736 0-0-0-0-0-1-0-0-0-0 0.557639 -0.02%

5 1-0-1-0-1-0-1-0-1-0 0.615246 1-1-0-1-0-1-0-0-1-0 0.613529 -0.28%

10 1-1-1-1-1-1-1-1-1-1 0.662457 1-1-1-1-1-1-1-1-1-1 0.662457 0.00%

15 1-2-1-2-1-2-1-2-1-2 0.695668 1-2-1-2-1-2-1-1-2-2 0.695187 -0.07%

20 2-2-2-2-2-2-2-2-2-2 0.721872 2-2-2-2-2-2-2-2-2-2 0.721872 0.00%

30 3-3-3-3-3-3-3-3-3-3 0.758516 3-3-3-3-3-3-3-3-3-3 0.758516 0.00%

Table 51. Results for 15-Workstation Balanced Automated Production System
with Short Frequent Failures (Heuristic Hi).

B GA BA TH* Hi BA TH Hi Difference

1 0-0-0-0-0-0-0-1-0-0-0-0-0-0-0 0.486485 1-0-0-0-0-0-0-0-0-0-0-0-0-0-0 0.486456 -0.01%

5 1-0-0-1-0-0-1-0-0-1-0-0-1-0-0 0.547282 1-1-1-1-1-0-0-0-0-0-0-0-0-0-0 0.531957 -2.80%

10 0-1-1-0-1-1-0-1-1-0-1-1-0-1-1 0.592707 1-1-1-1-1-1-1-1-1-1-0-0-0-0-0 0.578902 -2.33%

15 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.633811 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.633811 0.00%

20 1-1-2-1-1-2-1-1-2-1-1-2-1-1-2 0.659037 1-1-1-1-1-1-1-2-2-2-2-2-1-1-1 0.653401 -0.86%

30 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.702326 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.702326 0.00%
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Table 52. Results for 15-Workstation Balanced Automated Production System
with Short Frequent Failures (Heuristic H2).

B GA BA TW H2 BA TH H2 Difference

1 0-0-0-0-0-0-0-1-0-0-0-0-0-0-0 0.486485 0-0-0-0-0-0-0-0-1-0-0-0-0-0-0 0.486462 0.00%

5 1-0-0-1-0-0-1-0-0-1-0-0-1-0-0 0.547282 0-1-0-0-1-0-0-0-1-0-1-0-1-0-0 0.546273 -0.18%

10 0-1-1-0-1-1-0-1-1-0-1-1-0-1-1 0.592707 0-1-1-0-1-0-1-0-1-1-1-0-1-1-1 0.591916 -0.13%

15 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.633811 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.633811 0.00%

20 1-1-2-1-1-2-1-1-2-1-1-2-1-1-2 0.659037 1-1-2-1-2-1-1-2-1-1-2-1-1-2-1 0.658904 -0.02%

30 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.702326 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.702326 0.00%

Table 53. Results for 5-Workstation Balanced Automated Production System with
Long Infrequent Failures.

B GA BA TH* Hi BA TH Hi Difference 112 BA TH H2 Difference

1 1-0-0-0-0 0.661288 1-0-0-0-0 0.661288 0.00% 0-0-1-0-0 0.661265 0.00%

5 i-i-i-i-i 0.666785 i-i-i-i-i 0.666785 0.00% i-i-i-i-i 0.666785 0.00%

10 2-2-2-2-2 0.671839 2-2-2-2-2 0.671839 0.00% 3-1-2-2-2 0.671780 -0.01%

15 3-3-3-3-3 0.676622 3-3-3-3-3 0.676622 0.00% 3-3-3-2-4 0.676617 0.00%

20 4-4-4-3-5 0.681350 4-4-4-4-4 0.681334 0.00% 4-4-4-3-5 0.681350 0.00%

30 6-6-6-6-6 0.690843 6-7-5-5-7 0.690682 -0.02% 6-6-6-6-6 0.690843 0.00%

Table 54. Results for 10-Workstation Balanced Automated Production System
with Long Infrequent Failures (Heuristic Hi).

B GA BA TH* Hi BA TH Hi Difference

1 0-0-0-0-0-1-0-0-0-0 0.500830 1-0-0-0-0-0-0-0-0-0 0.500681 -0.03%

5 1-0-1-0-1-0-1-0-1-0 0.507978 1-1-1-1-1-0-0-0-0-0 0.506633 -0.26%

10 1-1-i-i-I-i-i-i-i-i 0.515390 1-1-1-1-i-i-i-i-i-i 0.515390 0.00%

15 1-2-1-2-1-2-1-2-1-2 0.522285 1-1-1-2-1-2-2-2-2-1 0.521970 -0.06%

20 2-2-2-2-2-2-2-2-2-2 0.528905 2-2-2-2-2-2-2-2-2-2 0.528905 0.00%

30 3-3-3-3-3-3-3-3-3-3 0.541856 3-3-3-3-3-3-3-3-3-3 0.541856 0.00%
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Table 55. Results for 10-Workstation Balanced Automated Production System
with Long Infrequent Failures (Heuristic H2).

B GA BA TW H2 BA TH 112 Difference

1 0-0-0-0-0-1-0-0-0-0 0.500830 0-0-0-0-0-1-0-0-0-0 0.500830 0.00%

5 1-0-1-0-1-0-1-0-1-0 0.507978 1-0-1-0-0-1-0-1-1-0 0.507864 -0.02%

10 1-1-1-1-1-1-1-1-1-1 0.515390 1-1-1-1-1-1-1-1-1-1 0.515390 0.00%

15 1-2-1-2-1-2-1-2-1-2 0.522285 1-2-1-1-2-1-2-1-2-2 0.522283 0.00%

20 2-2-2-2-2-2-2-2-2-2 0.528905 2-2-2-2-2-2-2-2-2-2 0.528905 0.00%

30 3-3-3-3-3-3-3-3-3-3 0.541856 3-2-4-2-4-3-2-4-2-4 0.541586 -0.05%

Table 56. Results for 15-Workstation Balanced Automated Production System
with Long Infrequent Failures (Heuristic Hi).

B GA BA TH* Hi BA Th Hi Difference

1 1-0-0-0-0-0-0-0-0-0-0-0-0-0-0 0.403523 1-0-0-0-0-0-0-0-0-0-0-0-0-0-0 0.403523 0.00%

5 1-0-0-1-0-0-1-0-0-1-0-0-1-0-0 0.412136 1-1-1-0-1-1-0-0-0-0-0-0-0-0-0 0.410635 -0.36%

10 1-1-0-1-1-0-1-1-0-1-1-0-1-1-0 0.420313 1-1-1-0-1-1-1-1-1-1-1-0-0-0-0 0.419575 -0.18%

15 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.423804 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.423804 0.00%

20 2-1-1-2-1-1-2-1-1-2-1-1-2-i-i 0.436644 2-2-2-2-1-1-1-1-1-1-1-1-1-1-2 0.425159 -2.63%

30 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.451313 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.451313 0.00%

Table 57. Results for 15-Workstation Balanced Automated Production System
with Long Infrequent Failures (Heuristic H2).

B GA BA TH* 112 BA TH H2 Difference

1 1-0-0-0-0-0-0-0-0-0-0-0-0-0-0 0.403523 0-0-0-0-0-0-0-1-0-0-0-0-0-0-0 0.403478 -0.01%

5 1-0-0-1-0-0-1-0-0-1-0-0-1-0-0 0.412136 1-0-1-0-0-1-0-1-0-0-1-0-0-0-0 0.411974 -0.04%

10 1-1-0-1-1-0-1-1-0-1-1-0-1-1-0 0.420313 1-1-1-0-0-1-1-1-1-0-1-0-1-0-1 0.420295 0.00%

15 1-1-1-1-1-1-1-1-1-1-1-1-1-1-1 0.423804 1-2-1-0-1-1-1-1-1-1-1-1-1-1-1 0.423716 -0.02%

20 2-1-1-2-1-1-2-1-1-2-1-1-2-1-1 0.436644 2-3-1-0-2-1-1-1-2-2-1-1-1-1-1 0.425554 -2.54%

30 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2 0.451313 2-4-1-2-2-2-2-1-2-3-2-2-2-1-2 0.451127 -0.04%

The normality assumption of the ANOVA test is verified with normal

probability plots of the samples of throughput values. Figure 59, Figure 60 and

Figure 61 show the normal probability plots for results obtained with the genetic
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algorithm, heuristic Hi and heuristic H2 respectively. No significant evidence of

violations to the normality assumptions is observed.
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Figure 59. Normal Probability Plot for GA Throughput in Test Case 2.
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Figure 60. Normal Probability Plot for Throughput Hi in Test Case 2.
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Figure 61. Normal Probability Plot for Throughput H2 in Test Case 2.

The assumption of equal variances for the ANOVA test is verified with a

plot of residuals versus predicted values that is presented in Figure 62. The

Bartlett's test of equal variances show that there are no statistical significant

differences between standard deviations of the samples (p-value = 0.999401).
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Figure 62. Plot of Residuals vs. Predicted Values in Test Case 2.
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C.2.2. Run Time

Table 58 presents the run times of heuristics Hi and H2 when allocating

buffers in production systems considered in Test Case 2.

Table 58. Run Times of Hi and H2 in Test Case 2.

M B
Run Time Hi Run Time H2

(seconds) (seconds)

5 1 8 6

5 5 24 21

5 10 48 39

5 15 69 58

5 20 96 79

5 30 140 120

10 1 17 13

10 5 50 42

10 10 96 83

10 15 131 126

10 20 191 153

10 30 274 250

15 1 24 24

15 5 79 70

15 10 144 136

15 15 212 191

15 20 262 239

15 30 389 384

5 1 8 6

5 5 23 23

5 10 45 44

5 15 63 64

5 20 87 81

5 30 146 131

10 1 15 13

10 5 42 43

10 10 92 79

10 15 137 121

10 20 182 165

10 30 260 233

15 1 20 21

15 5 64 61

15 10 118 128

15 15 174 173

15 20 229 244

15 30 346 368
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Figure 63 presents a normal probability plot of the differences between run

times of Hi and run times of H2. No significant departures from the normality

assumption are observed. The standard skewness and the standard kurtosis of the

sample of run time differences are inside of the expected range of values for a

sample from a normal distribution (std. skewness = 0.181312, std. kurtosis =

i.19808).
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Figure 63. Normal Probability Plot for Differences in Run Times (Test Case 2).

C.3. Test Case 3

C.3.1. Buffer Allocation and Throughput

Tables 59 to 64 show the results for closed unbalanced reliable production

systems with a single boftleneck considered in Test Case 3.
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Table 59. Results for 8-Workstation Reliable Production System with a Single
Bottleneck of T = 1.1 (Heuristic Hi).

Bottleneck B GA BA Th* HI BA TH HI Difference

1 0-0-0-0-0-0-0-1 0.430043 1-0-0-0-0-0-0-0 0.430007 -0.01%

Ml 2 0-0-0-1-0-0-0-1 0.426897 1-1-0-0.0-0-0-0 0.425216 -0.39%

8 1-1-1-1-1.1-1-1 0.544642 1-1-1-1-1-1-1-1 0.544642 0.00%

1 1-0-0-0-0-0-0-0 0.421462 1-0-0-0-0-0-0-0 0.421462 0.00%

M2 2 1-0-0-0-1-0-0-0 0.426894 1-1-0-0-0-0-0-0 0.426417 -0.11%

8 1-1-1-1-1-1-1-1 0.544703 1-1-1-1-1-1-1-1 0.544703 0.00%

1 0-0-1-0-0-0-0-0 0.421436 1-0-0-0-0-0-0-0 0.420513 -0.22%

M3 2 0-0-1-0-0-1-0-0 0.426852 1-1-0-0-0-0-0-0 0.425210 -0.38%

8 1-1-1-1-1-1-1-1 0.544601 1-1-1-1-1-1-1-1 0.544601 0.00%

Table 60. Results for 8-Workstation Reliable Production System with a Single
Bottleneck of T = 1.1 (Heuristic H2).

Bottleneck B GA BA TH* H2 BA Th H2 Difference

1 0-0-0-0-0-0-0-1 0.430043 0-0-0-0-1-0-0-0 0.430007 -0.01%

Ml 2 0-0-0-1-0-0-0-1 0.426897 0-0-0-0-1-0-0-1 0.426759 -0.03%

8 1-1-1-1-1-1-1-1 0.544642 1-1-1-1-1-1-1-1 0.544642 0.00%

1 1-0-0-0-0-0-0-0 0.421462 0-0-0-0-1-0-0-0 0.420094 -0.32%

M2 2 1-0-0-0-1-0-0-0 0.426894 1-0-0-0-1-0-0-0 0.426894 0.00%

8 1-1-1-1-1-1-1-1 0.544703 1-1-1-1-1-1-1-1 0.544703 0.00%

1 0-0-1-0-0-0-0-0 0.421436 0-0-0-0-1-0-0-0 0.421436 0.00%

M3 2 0-0-1-0-0-1-0-0 0.426852 0-0-1-0-0-1-0-0 0.426852 0.00%

8 1-1-1-1-1-1-1-1 0.544601 1-1-1-1-1-1-1-1 0.544601 0.00%

Table 61. Results for 8-Workstation Reliable Production System with a Single
Bottleneck of T = 1.5 (Heuristic Hi).

Bottleneck B GA BA TH* HI BA TH HI Difference

1 1-0-0-0-0-0-0-0 0.421451 1-0-0-0-0-0-0-0 0.421451 0.00%

MI 2 1-0-0-0-0-0-0-1 0.404048 1-1-0-0-0-0-0-0 0.398782 -1.30%

8 1-1-1-1-1-1-1-1 0.500354 1-1-1-1-1-1-1-1 0.500354 0.00%

1 0-1-0-0-0-0-0-0 0.396426 1-0-0-0-0-0-0-0 0.396352 -0.02%

M2 2 1-1-0-0-0-0-0-0 0.404226 1-1-0-0-0-0-0-0 0.404226 0.00%

8 1-1-1-1-1-1-1-1 0.500635 1-1-1-1-1-1-1-1 0.500635 0.00%

1 0-0-1-0-0-0-0-0 0.396187 1-0-0-0-0-0-0-0 0.392245 -0.99%

M3 2 0-1-1-0-0-0-0-0 0.403929 1-1-0-0-0-0-0-0 0.398701 -1.29%

8 1-1-1-1-1-1-1-i 0.500186 1-1-1-1-1-1-1-1 0.500186 0.00%
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Table 62. Results for 8-Workstation Reliable Production System with a Single
Bottleneck of T = 1.5 (Heuristic H2).

Bottleneck B GA BA Th* H2 BA Th H2 Difference

1 1-0-0-0-0-0-0-0 0.421451 0-0-0-0-0-0-0-1 0.421442 0.00%

Ml 2 1-0-0-0-0-0-0-1 0.404048 1-0-0-0-0-0-0-1 0.404048 0.00%

8 1-1-1-1-1-1-1-1 0.500354 1-1-1-1-1-1-1-1 0.500354 0.00%

1 0-1-0-0-0-0-0-0 0.396426 0-1-0-0-0-0-0-0 0.396426 0.00%

M2 2 1-1-0-0-0-0-0-0 0.404226 1-1-0-0-0-0-0-0 0.404226 0.00%

8 1-1-1-1-1-1-1-1 0.500635 1-1-1-1-1-1-1-1 0.500635 0.00%

1 0-0-1-0-0-0-0-0 0.396187 0-0-1-0-0-0-0-0 0.396 187 0.00%

M3 2 0-1-1-0-0-0-0-0 0.403929 0-1-1-0-0-0-0-0 0.403929 0.00%

8 1-1-1-1-1-1-1-1 0.500186 i-i-i-i-i-i-i-i 0.500186 0.00%

Table 63. Results for 8-Workstation Reliable Production System with a Single
Bottleneck of T = 2.0 (Heuristic Hi).

Bottleneck B GA BA Th* Hi BA TH Hi Difference

1 1-0-0-0-0-0-0-0 0.3 57568 1-0-0-0-0-0-0-0 0.3 57568 0.00%

Ml 2 1-0-0-0-0-0-0-1 0.367026 1-1-0-0-0-0-0-0 0.358998 -2.19%

8 2-1-0-1-1-0-1-2 0.441204 i-i-i-i-i-i-i-i 0.431560 -2.19%

1 0-1-0-0-0-0-0-0 0.357884 1-0-0-0-0-0-0-0 0.357820 -0.02%

M2 2 1-1-0-0-0-0-0-0 0.367309 1-1-0-0-0-0-0-0 0.367309 0.00%

8 2-2-1-0-1-1-0-i 0.441726 1-1-1-i-i-i-i-i 0.431969 -2.21%

1 0-0-1-0-0-0-0-0 0.357490 1-0-0-0-0-0-0-0 0.351818 -1.59%

M3 2 0-1-1-0-0-0-0-0 0.366880 1-1-0-0-0-0-0-0 0.358881 -2.18%

8 1-2-2-1-0-1-1-0 0.440944 1-6-1-0-0-0-0-0 0.404888 -8.18%

Table 64. Results for 8-Workstation Reliable Production System with a Single
Bottleneck of T = 2.0 (Heuristic H2).

Bottleneck B GA BA TH* H2 BA TH H2 Difference

1 1-0-0-0-0-0-0-0 0.357568 0-0-0-0-0-0-0-1 0.357538 -0.01%

Ml 2 1-0-0-0-0-0-0-i 0.367026 1-0-0-0-0-0-0-1 0.367026 0.00%

8 2-i-0-i-i-0-i-2 044i204 2-1-1-0-1-0-1-2 0.441204 0.00%

1 0-1-0-0-0-0-0-0 0.357884 0-1-0-0-0-0-0-0 0.357884 0.00%

M2 2 1-1-0-0-0-0-0-0 0.367309 1-1-0-0-0-0-0-0 0.367309 0.00%

8 2-2-1-0-1-1-0-1 0.441726 2-2-1-0-1-0-i-i 0441650 -0.02%

1 0-0-1-0-0-0-0-0 0.357490 0-0-1-0-0-0-0-0 0.357490 0.00%

M3 2 0-1-1-0-0-0-0-0 0.366880 0-1-1-0-0-0-0-0 0.366880 0.00%

8 1-2-2-1-0-1-1-0 0.440944 1-2-2-1-i-0-i-0 0.440890 -0.01%
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The normality assumption of the ANOVA test is verified with normal

probability plots of the samples of throughput values. Figure 64, Figure 65 and

Figure 66 show the normal probability plots for results obtained with the genetic

algorithm, heuristic Hi and heuristic H2 respectively. No significant evidence of

violations to the normality assumptions is observed.
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Figure 64. Normal Probability Plot for GA Throughput in Test Case 3.
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Figure 65. Normal Probability Plot for Throughput Hi in Test Case 3.
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Figure 66. Normal Probability Plot for Throughput H2 in Test Case 3.

The assumption of equal variances for the ANOVA test is verified with a

plot of residuals versus predicted values that is presented in Figure 67. The

Bartlett's test of equal variances show that there are no statistical significant

differences between standard deviations of the samples (p-value = 0.991914).
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Figure 67. Plot of Residuals vs. Predicted Values in Test Case 3.
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C.3.2. Run Time

Table 65 presents the run times of heuristics Hi and H2 when allocating

buffers in production systems considered in Test Case 3.

Table 65. Run Times of Hi and H2 in Test Case 3.

Run Time Run Time
B Hi H2

(seconds) (seconds)

1 11 10

2 17 16

8 54 48

1 ii 10

2 17 16

8 53 48

1 ii 10

2 17 16

8 51 48

1 11 10

2 17 16

8 52 48

1 11 10

2 17 16

8 53 48

1 11 10

2 17 16

8 53 48

1 ii 10

2 17 16

8 53 48

1 12 10

2 17 16

8 53 49

1 11 11

2 17 16

8 53 49
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Figure 68 presents a normal probability plot of the differences between run

times of Hi and run times of H2. A slight non-normality is observed when

checking for the assumptions underlying the paired t-test. A significant departure

would invalidate any statistical test regarding the standard deviation (Montgomery,

2000). However, the departure from the normality assumption in this case is not

severe. The standard skewness and the standard kurtosis of the sample of run time

differences are inside of the expected range of values for a sample from a normal

distribution (std. skewness 1.91122, std. kurtosis-O. 88012).
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Figure 68. Normal Probability Plot for Differences in Run Times (Test Case 3).

C.4. Test Case 4

C.4.1. Bufftr Allocation and Throughput

Table 66 and Table 67 show the results for closed unbalanced reliable

production systems with two symmetric bottlenecks considered in Test Case 4.
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Table 66. Results for 8-Workstation Reliable Production System with Two
Symmetric Bottlenecks (Heuristic Hi).

T(M6) = 1.1

T(M2) GA BA TH* Hi BA TH Hi Difference

1.1 i-i-i-i-i-i-i-i 0.537866 1-1-1-i-i-I-i-i 0.537866 0.00%

1.5 1-i-i-i-i-i-i-i 0.496905 i-I-i-i-i-i-i-i 0.496905 0.00%

2.0 2-2-1-0-1-1-0-1 0.439352 1-i-i-i-i-i-i-i 0.430614 -1.99%

T(M6) =1.5

T(M2) GA BA TH* Hi BA TH Hi Difference

1.1 i-i-i-i-i-I-I-i 0.497052 i-1-1-i-3-i-0-0 0.474705 -4.50%

i.5 i-i-i-i-i-i-i-i 0.47i 107 i-i-i-i-3-i-0-0 0.450796 -4.31%

2.0 2-2-0-i-1-i-i-0 0.423286 i-i-1-i-3-1-0-0 0.405236 -4.26%

T(M6)= 2.0

T(M2) GABA TH* Hi BA THH1 Difference

i.i i-i-0-i-2-2-1-0 0.439469 1-i-i-2-2-i-0-0 0.4i985i -4.46%

1.5 1-i-0-i-2-2-0-i 0.423340 i-i-i-i-3-i-0-0 0.408692 -3.46%

2.0 i-1-i-0-2-2-0-i 0.39i777 i-i-i-i-3-i-0-0 0.380403 -2.90%

Table 67. Results for 8-Workstation Reliable Production System with Two
Symmetric Bottlenecks (Heuristic H2).

T(M6) = 1.1

T(M2) GA BA TH* H2 BA TH H2 Difference

1.1 1-i-i-i-i-i-i-i 0.537866 1-i-i-i-i-i-i-i 0.537866 0.00%

i.5 i-i-i-i-i-i-i-i 0.496905 i-i-i-i-i-i-i-i 0.496905 0.00%

2.0 2-2-1-0-i-i-0-i 0.439352 2-2-i-0-i-i-0-i 0.439352 0.00%

T(M6) = i.5

T(M2) GA BA Th* H2 BA TH H2 Difference

i.i i-i-i-i-i-i-i-i 0.497052 i-i-i-i-i-i-i-i 0.497052 0.00%

1.5 i-i-i-i-i-I-i-i 0.471107 i-i-I-i-i-i-i-i 0.47ii07 0.00%

2.0 2-2-0-i-i-i-1-0 0.423286 2-i-i-i-i-1-O-1 0.42i563 -0.41%

T(M6)=2.0

T(M2) GA BA TH* H2 BA TH H2 Difference

1.1 i-i-0-i-2-2-i-0 0.439469 1-i-0-i-2-2-1-0 0.439469 0.00%

1.5 1- 1-0-i -2-2-0-i 0.423340 1-1-0-i -2-2-1-0 0.423248 -0.02%

2.0 1-1-1-0-2-2-0-i 0.391777 i-i-i-i-i-i-i-i 0.390517 -0.32%
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The normality assumption of the ANOVA test is verified with normal

probability plots of the samples of throughput values. Figure 69, Figure 70 and

Figure 71 show the normal probability plots for results obtained with the genetic

algorithm, heuristic Hi and heuristic H2 respectively. No significant evidence of

violations to the normality assumptions is observed.
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Figure 69. Normal Probability Plot for GA Throughput in Test Case 4.
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Figure 70. Normal Probability Plot for Throughput Hi in Test Case 4.
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Figure 71. Normal Probability Plot for Throughput H2 in Test Case 4.

The assumption of equal variances for the ANOVA test is verified with a

plot of residuals versus predicted values that is presented in Figure 72. The

Bartlett's test of equal variances show that there are no statistical significant

differences between standard deviations of the samples (p-value = 0.968581).
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Figure 72. Plot of Residuals vs. Predicted Values in Test Case 4.
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C.5. Test Case 5

C.5.1. Buffer Allocation and Throughput

Table 68 and Table 69 show the results for closed unbalanced reliable

production systems with two asymmetric bottlenecks considered in Test Case 5.

Table 68. Results for 8-Workstation Reliable Production System with Two
Asymmetric Bottlenecks (Heuristic Hi).

T(M4)= 1.1

T(M2) GA BA TH* Hi BA TH HI Difference

1.1 i-i-i-I-i-I-i-i 0.537539 i-i-i-i-i-I-i-I 0.537539 0.00%

1.5 1-1-i-i-i-I-I-I 0.495944 I-i-I-i-i-I-I-I 0.495944 0.00%

2.0 2-2-1-1-0-1-0-i 0.439286 I-i-i-i-i-I-i-i 0.429721 -2.18%

T(M4) =1.5

T(M2) GA BA TH* Hi BA TH Hi Difference

1.1 1-i-i-i-i-I-i-i 0.495903 i-i-4-i-i-0-0-0 0.467930 -5.64%

1.5 1-1-2-1-1-0-1-i 0.469209 1-i-i-i-i-i-i-i 0.466668 -0.54%

2.0 2-2-i-i-1-0-i-0 0.423521 1-1-i-i-i-i-i-i 0.414325 -2.17%

T(M4)=2.0

T(M2) GA BA TW Hi BA TH Hi Difference

i i - 1-2-2-1-0-i -0 0.439075 1-1-5-1-0-0-0-0 0.408663 -6.93%

1.5 i-i -2-2-0-1-0-i 0.423421 1-1-5-1-0-0-0-0 0.400423 -5.43%

2.0 1-I-2-2-0-i-0-i 0.391003 2-i-i-1-0-i-1-1 0.381480 -2.44%
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Table 69. Results for 8-Workstation Reliable Production System with Two
Asymmetric Bottlenecks (Heuristic H2).

T(M4)=1.1

T(M2) GA BA TH* 112 BA TH H2 Difference

1.1

1.5

2.0

1-1-1-1-1-1-1-1

1-1-1-1-1-1-1-1

2-2-1-1-0-1-0-1

0.537539

0.495944

0.439286

1-1-1-1-1-1-1-1

1-1-1-1-1-1-1-1

2-2-1-1-0-1-0-1

0.537539

0.495944

0.439286

0.00%

0.00%

0.00%

T(M4) =1.5

T(M2) GA BA TH* H2 BA TH H2 Difference

1.1

1.5

2.0

1-1-1-1-1-1-1-1

1-1-2-1-1-0-1-1

2-2-1-1-1-0-1-0

0.495903

0.469209

0.423521

1-1-1-1-1-1-1-1

1-1-2-1-1-0-1-1

2-2-1-1-0-1 -0-1

0.495903

0.469209

0.423437

0.00%

0.00%

-0.02%

T(M4)=2.0
T(M2) GA BA TH* 112 BA TH 112 Difference

1.1

1.5

2.0

1-1-2-2-1-0-1-0

1-1-2-2-0-1-0-1

1-1-2-2-0-1-0-1

0.439075

0.42342 1

0.391003

1-1-2-2-1-0-1-0

1-1-2-2-1-0-1-0

1-1-2-2-0-1-0-1

0.439075

0.423279

0.391003

0.00%

-0.03%

0.00%

The normality assumption of the ANOVA test is verified with normal

probability plots of the samples of throughput values. Figure 73, Figure 74 and

Figure 75 show the normal probability plots. No significant evidence of violations

to the normality assumptions is observed.
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Figure 73. Normal Probability Plot for GA Throughput in Test Case 5.
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Figure 74. Normal Probability Plot for Throughput Hi in Test Case 5.
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Figure 75. Normal Probability Plot for Throughput H2 in Test Case 5.

The assumption of equal variances for the ANOVA test is verified with a

plot of residuals versus predicted values that is presented in Figure 76. The

Bartlett's test of equal variances show that there are no statistical significant

differences between standard deviations of the samples (p-value = 0.9493 88).
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Figure 76. Plot of Residuals vs. Predicted Values in Test Case 5.

C.5.2. Run Time

Table 70 presents the run times of heuristics Hi and H2 when allocating

buffers in production systems considered in Test Case 4 and Test Case 5.

Table 70. Run Times of Hi and H2 in Test Case 4 and Test Case 5.

Run Time Hi Run Time H2
(seconds) (seconds)

53 48

54 48

54 49

53 48

54 48

54 48

54 49

54 49

54 48

54 49

54 49

53 49

53 49

53 48

53 49

53 48

54 49

53 48
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Figure 77 presents a normal probability plot of the differences between run

times of Hi and run times of 112. A moderate non-normality is observed when

checking for the assumptions underlying the paired t-test. A significant departure

would invalidate any statistical test regarding the standard deviation (Montgomery,

2000). However, the departure from the normality assumption in this case is not

severe. The standard skewness measure and the standard kurtosis of the sample of

differences are inside of the expected range for a sample from a normal distribution

(std. skewness=-0.07046, std. kurtosis=-0. 1238).
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Figure 77. Normal Probability Plot for Differences in Run Times (Test Case 4 and
Test Case 5).

C.6. Test Case 6

C.6.1. Buffrr Allocation and Throughput

Table 71 and Table 72 show the results for closed unbalanced automated

production systems with a single bottleneck considered in Test Case 6.
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Table 71. Results for 5-Workstation Automated Production System with a Single
Bottleneck (Heuristic Hi).

MTTR(M4) B GA BA TH* Hi BA TH Hi Difference

1 1-0-0-0-0 0.646817 1-0-0-0-0 0.646817 O.O0%

2 1-0-1-0-0 0.648615 1-1-0-0-0 0.648013 -0.09%
40

5 1-1-1-1-1 0.652141 i-i-i-i-i 0.652141 0.00%

10 2-2-2-2-2 0.657047 2-2-2-2-2 0.657047 0.00%

1 0 -0 -0 - 1 -0 0.632938 1 - 0 - 0 -0 -0 0.632954 0.00%

2 1 -0 - 1 - 0 -0 0.634674 1 - 1 -0 -0 -0 0.634093 -0.09%
50

5 1 - I - 1 - 1 - 1 0.638094 1 - 1 - 1 - 1 - 1 0.638094 0.00%

10 2-2-2-2-2 0.642844 2-2-2-2-2 0.642844 0.00%

1 0-0-0- 1 .0 0.594688 1 -0-0-0 -0 0.594677 0.00%

2 1-0-1-0.0 0.596205 1-1-0.0-0 0.595682 -0.09%
80

5 1-1-1-1-1 0.599302 1-1-1-1-1 0.599302 0.00%

10 2-2-2-2-2 0.603602 2-2-3-2-1 0.603447 -0.03%

Table 72. Results for 5-Workstation Automated Production System with a Single
Bottleneck (Heuristic H2).

MiiKIM4) B GA BA TH* H2 BA TH H2 Difference

1 1-0-0-0-0 0.646817 0-0-1-0-0 0.646800 0.00%

2 1 -0- 1 -0-0 0.6486 15 1 -0- 1 -0 -0 0.648615 0.00%
40

5 1-1-1-1-1 0.652141 1-1-1-1-1 0.652141 0.00%

10 2-2-2-2-2 0.657047 2-1-2-2-3 0.656940 -0.02%

1 0-0-0 - 1 -0 0.632938 0-0- 1 -0 -0 0.632940 0.00%

2 1 -0 - 1 - 0 -0 0.634674 1 -0 - 1 0 0 0.634674 0.00%
50

5 1-1-1-1-1 0.638094 1-1-1-1-1 0.638094 0.00%

10 2 -2 -2 -2 -2 0.642844 2 - 1 -2 -2 -3 0.642738 -0.02%

1 0 -0 -0 - 1 -0 0.594688 0-0 - 1 -0 -0 0.594664 0.00%

2 1 -0 - 1 -0 -0 0.596205 1 -0 - 1 -0 -0 0.596205 0.00%
80

5 1 - I - 1 - 1 - 1 0.599302 1 -0 -2 -0 -2 0.598986 -0.05%

10 2-2-2-2-2 0.603602 1-2-2-1-4 0.603466 -0.02%

The normality assumption of the ANOVA test is verified with normal

probability plots of the samples of throughput values. Figure 78, Figure 79 and

Figure 80 show the normal probability plots for results obtained with the genetic
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algorithm, heuristic Hi and heuristic H2 respectively. No significant evidence of

violations to the normality assumptions is observed.
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Figure 78. Normal Probability Plot for GA Throughput in Test Case 6.
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Figure 79. Normal Probability Plot for Throughput Hi in Test Case 6.
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Figure 80. Normal Probability Plot for Throughput H2 in Test Case 6.

The assumption of equal variances for the ANOVA test is verified with a

plot of residuals versus predicted values that is presented in Figure 81. The

Bartlett' s test of equal variances show that there are no statistical significant

differences between standard deviations of the samples (p-value = 0.999988).
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Figure 81. Plot of Residuals vs. Predicted Values in Test Case 6.
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C.6.2. Run Time

Table 73 presents the run times of heuristics Hi and H2 when allocating

buffers in production systems considered in Test Case 6.

Table 73. Run Times of Hi and H2 in Test Case 6.

Run Time Run Time
B Hi H2

(seconds) (seconds)

1 7 6

2 10 9

5 21 19

10 42 36

1 7 6

2 11 10

5 21 19

10 41 36

1 6 6

2 10 10

5 21 19

10 41 36

Figure 82 presents a normal probability plot of the differences between run

times of Hi and run times of H2. A slight non-normality is observed when

checking for the assumptions underlying the paired t-test. A significant departure

would invalidate any statistical test regarding the standard deviation (Montgomery,

2000). However, the departure from the normality assumption in this case is not

severe. The standard skewness and the standard kurtosis of the sample of run time

differences are inside of the expected range of values for a sample from a normal

distribution (std. skewnessi .36993, std. kurtosis-0.28993).
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Figure 82. Normal Probability Plot for Differences in Run Times (Test Case 6).

C.7. Test Case 7

C. 7.1. Buffer Allocation and Throughput

Table 74 and Table 75 show the results for closed unbalanced automated

production systems with two symmetric bottlenecks considered in Test Case 7.

Table 74. Results for 6-Workstation Automated Production System with Two
Symmetric Bottlenecks (Heuristic Hi).

MTTR(M5)= 40

MTTR(M2) GA BA TH* Hi BA TH Hi Difference

40 1-1-1-1-1-1 0.602260 1-1-1-1-1-1 0.602260 0.00%

50 1-1-1-1-1-1 0.590140 1-1-1-1-1-1 0.590140 0.00%

80 1-1-I-I-i-I 0.556466 1-1-1-1-1-1 0.556466 0.00%

MTTR(M5)=50

M77'R(M2) GA BA THt HI BA TH Hi Difference

40 1-1-1-1-1-1 0.589767 1-1-1-1-1-1 0.589767 0.00%

50 1-1-1-1-1-1 0.578143 1-1-1-1-1-1 0.578143 0.00%

80 1-1-1-1-1-i 0.545804 1-i-i-i-I-i 0.545804 0.00%

MTTR(M5)=80

MTTR(M2) GA BA TH* Hi BA TH Hi Difference

40 i-i-I-I-i-i 0.555106 1-1-i-I-I-i 0.555106 0.00%

50 1-1-1-1-1-1 0.544805 i-i-i-I-i-i 0.544805 0.00%

80 1-1-i-i-I-i 0.516018 1-i-i-I-i-I 0.516018 0.00%
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Table 75. Results for 6-Workstation Automated Production System with Two
Symmetric Bottlenecks (Heuristic H2).

MT1'R(M5)= 40

MTTR(M2) GA BA TH* H2 BA TH H2 Difference

40 1-1-1-1-1-1 0.602260 1-1-1-1-1-1 0.602260 0.00%

50 1-1-1-1-1-1 0.590140 1-1-1-1-1-1 0.590140 0.00%

80 1-1-1-1-1-1 0.556466 1-1-1-1-1-1 0.556466 0.00%

MTTR(M5)=50

M7TR(M2) GA BA TH* H2 BA TH H2 Difference

40 1-1-1-1-1-1 0.589767 1-1-1-1-1-1 0.589767 0.00%

50 1-1-1-1-1-1 0.578143 1-1-1-1-1-1 0.578143 0.00%

80 1-1-1-1-1-1 0.545804 1-1-1-1-1-1 0.545804 0.00%

MTTR(M5)=80

MTTR(M2) GA BA THt H2 BA TH H2 Difference

40 1-1-1-1-1-1 0.555106 1-1-1-1-1-1 0.555106 0.00%

50 1-1-1-1-1-1 0.544805 1-1-1-1-1-1 0.544805 0.00%

80 1-1-1-1-1-1 0.516018 1-1-1-1-1-1 0.516018 0.00%

No statistical analysis was performed on the samples of throughput values

obtained for production systems analyzed in Test Case 7 since all results are

equivalent.

C.8. Test Case 8

C.8.1. Buffrr Allocation and Throughput

Table 76 and Table 77 show the results for closed unbalanced automated

production systems with two asymmetric bottlenecks considered in Test Case 8.
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Table 76. Results for 6-Workstation Automated Production System with Two
Asymmetric Bottlenecks (Heuristic Hi).

MTTR(M4 ) =40

MTTR(M2) GA BA TW HI BA TH Hi Difference

40 1-1-1-1-1-1 0.603316 1-1-1-1-I-i 0.603316 0.00%

50 1-1-1-1-1-1 0.591149 1-1-1-1-1-1 0.591149 0.00%

80 1-1-1-1-1-1 0.557363 1-1-1-1-1-1 0.557363 0.00%

MTTR(M4)= 50

MTTR(M2) GA BA TH* Hi BA TH Hi Difference

40 1-1-1-1-i-i 0.591795 1-i-i-i-i-i 0.591795 0.00%

50 0 - 1 - 2 - 0 - i -2 0.580097 1 - i - i - I - 1 - i 0.580088 0.00%

80 0- 1 -2 -0 - 1 -2 0.547545 1 - i - 1 - 1 - 1 - 1 0.547531 0.00%

MTTR(M4)=80

MTTR(M2) GA BA TH* Hi BA TH Hi Difference

40 0-i -2-0-1-2 0.559618 1-1-1-1-1-1 0.559601 0.00%

50 0-i -2-0-1-2 0.549166 1-1-1-1-1-1 0.549i43 0.00%

80 0-1-2-0-1-2 0.519949 1-1-1-1-i-i 0.519903 -0.01%

Table 77. Results for 6-Workstation Automated Production System with Two
Asymmetric Bottlenecks (Heuristic H2).

MTTR(M4)= 40

MTTR(M2) GA BA TH* H2 BA TH H2 Difference

40 1-1-1-1-1-1 0.603316 1-1-1-1-1-1 0.603316 0.00%

50 1-1-1-1-1-1 0.591149 1-1-1-1-1-1 0.591149 0.00%

80 1-1-1-1-i-I 0.557363 1-1-1-1-1-1 0.557363 0.00%

MTTR(M4)=50

MTTR(M2) GA BA TH* H2 BA TH H2 Difference

40 1-1-1-1-1-1 0.591795 1-1-1-1-1-1 0.591795 0.00%

50 0 - 1 - 2 - 0 - 1 - 2 0.580097 1 - 1 - 1 - 1 - I - 1 0.580088 0.00%

80 0 - 1 -2 -0- 1 -2 0.547545 1 - 1 - 1 - 1 - I - 1 0.54753 1 0.00%

MTTR(M4)= 80

MTTR(M2) GA BA Th* H2 BA TH H2 Difference

40 0 - 1 -2 -0- 1 -2 0.559618 1 - I - 1 - 1 - 1 - 1 0.559601 0.00%

50 0-1-2-0-1-2 0.549166 1-1-1-1-1-1 0.549143 0.00%

80 0-1-2-0-1-2 0.519949 1-1-1-1-1-1 0.519903 -0.01%
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The normality assumption of the ANOVA test is verified with normal

probability plots of the samples of throughput values. Figure 83, Figure 84 and

Figure 85 show the normal probability plots. No significant evidence of violations

to the normality assumptions is observed.

99.9

99

95

80

I

0.1

a

a

a

0.51 0.53 0.55 0.57 0.59 0.61

GA

Figure 83. Normal Probability Plot for GA Throughput in Test Case 8.

99.9

99

95

80

I
5

1

0.1

a

a

a

0.51 0.53 0.55 0.57 0.59 0.61

Hi

Figure 84. Normal Probability Plot for Throughput Hi in Test Case 8.
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Figure 85. Normal Probability Plot for Throughput H2 in Test Case 8.

The assumption of equal variances for the ANOVA test is verified with a

plot of residuals versus predicted values that is presented in Figure 86. The

Bartlett's test of equal variances show that there are no statistical significant

differences between standard deviations of the samples (p-value = 0.999999).
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Figure 86. Plot of Residuals vs. Predicted Values in Test Case 8.
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C.8.2. Run Time

Table 78 presents the run times of heuristics Hi and H2 when allocating

buffers in production systems considered in Test Case 7 and Test Case 8.

Table 78. Run Times of Hi and H2 in Test Case 7 and Test Case 8.

Run Time Run Time
HI H2

(seconds) (seconds)
31 27

31 28

31 27

30 27

31 27

30 29

30 27

29 28

31 28

29 27

30 28

29 29

29 27

30 28

29 28

29 28

30 28

30 28

Figure 87 presents a normal probability plot of the differences between run

times of Hi and run times of H2. A moderate non-normality is observed when

checking for the assumptions underlying the paired t-test. A significant departure

would invalidate any statistical test regarding the standard deviation (Montgomery,

2000). However, the departure from the normality assumption in this case is not

severe. The standard skewness measure and the standard kurtosis of the sample of

differences are inside of the expected range for a sample from a normal distribution

(std. skewness=-O.0285 7, std. kurtosis-0.5 850).
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Figure 87. Normal Probability Plot for Differences in Run Times (Test Case 7 and
Test Case 8).




