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Abstract

Manufacturing has become a key issue in the present environment. There has been
emerging interest in the use of manufacturing and manufacturing strategy as a com-
petitive advantage. A critical challenge for production managers is to improve produc-
tivity in today’s global economy. For many firms, the market’s need for product
differentiation and shorter product life cycles has resulted in diversified production
requirements.

One way of achieving the advantages of diversified, low volume production is
through advanced manufacturing systems. The installation of these manufacturing
systems requires high initial investment. For this reason, many manufacturing facil-
ities are variations of the traditional job shop. The flexibility of a job shop results in a
complicated workflow with work queuing up at workcenters and causing congestion.
Scheduling has been the conventional method of alleviating operational problems in a
job shop. Most manufacturing occurs in batches and scheduling by itself does not
present an accurate view of the job shop. An essential determinant of job shop per-
formance is the batching policy employed.

This research is an attempt toward assessing the performance of different
batching decisions under various configurations of a manufacturing facility by explor-
ing the interaction of batching policy with variables such as flow time and resource
utilization. The research is based on an actual manufacturing facility that is populated
with job shops and flow lines. We build analytical models for one- and two-server
systems that process work in batches. More complex systems are examined using
simulation for various machine configurations under the influence of a number of
variables.

The results show that the batch size, the nature of the first node in the system
(job shop or flow line), and the scheduling rule are important factors in determining

the performance of a facility. There is a trade-off among the various performance

iii



measures under most circumstances. However, some scenarios illustrate that a combi-
nation of the independent variables can be effective in containing these tradeoffs. The
simulation results are analyzed in detail. We also generalize the results for a generic
batch manufacturing system and provide managerial implications. Finally, we provide

directions for further research.

iv



Acknowledgment

This thesis represents a long journey in my academic career. In retrospect, it has been
an enriching and worthwhile experience. Perhaps the greatest benefit was that of
personal development.

I have had the good fortune of working with Dr A S Alfa, my advisor. Dr
Alfa has provided insight, expertise, and support throughout this study. More import-
ant, he has been a good friend and I hope it has been a learning experience for him as
it has been for me. I also thank the other members of the committee, Dr S K Bhatt,
Dr D Strong, and Mr O Hawaleshka for their suggestions. My thanks to the external
examiner, Dr S D Bhole, for his close scrutiny of the manuscript and his useful rec-
ommendations. While the dissertation has benefited from keen examination by the
thesis committee and myself, errors have a way of sneaking in, and I take respon-
sibility for these.

I thank Dr Y P Gupta for reintroducing me to academics during the course of
this study. I have also had the good wishes and support of some close friends, namely
Michael Power, David Chin, Mahesh Gupta, and Ganesh Vaidyanathan. Finally, I
thank Computer Services for keeping me gainfully employed during this time.

This thesis is dedicated to my parents and the rest of my family whose love

and encouragement made it all possible.



Chapter 1

Introduction

Manufacturing technology has experienced remarkable change in recent years. Con-
ventional manufacturing has relied primarily on two types of equipment. The
first—dedicated machinery such as transfer lines—is best suited for mass production
of a single part. The process specialization permits low unit costs, but it inhibits flexi-
bility. The second—unautomated general purpose machine tools—is best suited for
small batch production of different parts. Costs per unit tend to be high, but the flexi-
bility of the process can accommodate design changes, demand fluctuations, and shifts
in product mix. Advanced Manufacturing Systems such as Flexible Manufacturing
Systems (FMS) offer a third choice—one with flexibility higher than transfer lines and
unit costs lower than general purpose machine tools (Gerwin 1982). An FMS is an
integrated system of centrally programmable computers linked with a set of machines
that perform such operations as machining, inspection, and assembly (Buzacott 1982).
The installation of advanced manufacturing systems requires high initial invest-
ment. Consequently, many manufacturing facilities are adaptations of the traditional
job shop. Job shops are complex manufacturing systems with many work centers that
- process items in batches. The inherent flexibility of a job shop effects a complicated
workflow with batches queuing up at work centers and causing congestion. Schaffer
(1981) reported that for an average batch-type production shop, a job spends only 5%
of its time on the machine, whereas the remaining 95% of the time is spent in trans-
portation and queues (Kekre & Udayabhanu 1988). These queues result from the
heterogeneity of the items and cause substantial variability in the arrival and service
patterns. Queuing delays also increase manufacturing lead time. This has several con-
sequences such as high levels of WIP and safety stock, increased inventory cost,

deterioration and loss of material due to increased delay between production and use,



and poor response to change in demand (Karmarkar er al 1985).

Scheduling is the conventional method of alleviating such problems in a job
shop. However, scheduling by itself renders an incomplete view of the job shop. An
essential determinant of job shop performance is the batching policy employed (Kar-
markar et al 1985). For small batch sizes, set-up plays a dominant role in the time a
batch spends waiting to be processed. As the batch size increases, the same set-up is
dispersed over a larger batch, thus reducing the waiting time. A further increase in
the batch size causes a larger wait as the batch takes longer to form. The effect of this
wait is dominant in that the waiting time starts increasing. This increase is exponential
and the system gets saturated quickly, indicating that the waiting time of a batch is
convex in batch size.

This research is an attempt toward assessing the performance of batching deci-
sions under given configurations of a manufacturing system. The research is based on
a real manufacturing facility. The outcome of the study will provide suitable batching

policies with regard to a given objective, such as minimization of flow time.

1.1 Motivation

This research originated as a study of a manufacturing facility in Brampton, Ontario.
The facility is owned by a company that is one of the world’s leading suppliers of
digitél telecommunications switching systems. The company designs, builds, markets,
and supports a wide range of telecommunications products. The plant undertook a
major renovation and reorganization to establish itself as a world class manufacturing
facility. Some of the goals of the project were a flexible plant environment, an open
concept factory floor, integrated systems, and a simplified material and manufacturing
process. An analysis of these issues resulted in widespread improvements in the facil-
ity. Concomitantly, several problems also surfaced.

The circuit pack (CP) line at the facility is responsible for populating and test-
ing the (integrated) circuit boards needed for the switching equipment. The line pro-

duces over 500 types of CPs/boards and is composed of 8 major stages. Customer



orders drive production at the facility. Work is released in the form of batches. There
are no specific rules regarding the work release patterns or batch sizes. Batch sizes
vary usually from 5 to 50 units. They are determined by evenly allocating the total
requirement for the product over a five-day week. The CP line experiences numerous
material shortages and large set-up times in some stages. The problems are caused
mainly by unreliable suppliers who sometimes deliver defective components, and by
forecast inaccuracies. Lead times of many parts are unduly long because of the re-
moteness of the suppliers. This causes many problems like high WIP, high safety
stocks, schedule changes, and more important, lack of competitiveness.

To gain an insight into some of these problems and to suggest recommenda-
tions, a simulation of the CP line was constructed. This involved meeting with the
personnel responsible for the CP line and collecting relevant data. The project
spanned a period of one year. The facility is primarily a flow line with some stages
configured as job shops. The purpose of the simulation was to study the effects of
different batching strategies on performance measures such as flow time and resource
utilization. Major parameters such as demand, batch size, and set-up time are
stochastic. Further, the facility is characterized by material shortages, high WIP,
large set-up times in some areas, low resource utilization, and lack of coordination
between the manufacturing stages. These elements make the facility typical of many
batch manufacturing systems. The results of the simulation suggested scheduling rules

and batching policies that were appropriate for one/more of these factors.

1.2 Purpose

The purpose of this research is to evaluate batching decisions under different con-
figurations of a manufacturing facility. These decisions include the batch sizes and the
processing order of the batches. Assume n job types are to be processed on a
machine. A batch is a collection of jobs of the same type. In general, there is more
than one batch of the same job type. The size of a batch is the number of jobs it

contains. A batch is assumed processed upon the completion of the last job in the



batch. A set-up is usually incurred if consecutive batches contain different job types.

While there may be similarities between batching and lot sizing, lot sizing
belongs to medium range decisions in the production planning hierarchy whereas the
batching problem is a component of short range decisions like scheduling and shop
floor control. The interest in this study is in the batching decisions only.

The management of a batch production system can be very involved. The vast
variety of the CPs populated at the CP line contributes to high variability in process-
ing times and the arrival patterns, and frequent set-ups. Compounding the circum-
stances are long lead times of the components, material shortages, defective compo-
nents, forecast inaccuracies caused by uncertain demand, and changes in the configur-
ation of the facility. These factors induce high safety stocks, high WIP, schedule
changes, and an inability of the firm to meet due dates.

Appropriate batching policies can alleviate these problems in various ways.
Batching affects queues in the system by influencing the variability in processing
times and arrival patterns. More important, it can reduce the time spent by the work
in the system by (i) reducing waiting times, (ii) increasing resource utilization, and
(iii) reducing set-ups, or a combination of these. Among the problems mentioned
above, an important contribution of batching strategies is to enable the firm to meet
due dates.

Batching is not a cure-all. Analogous to real life situations, production prob-
lems sometimes involve multiple objectives that are often conflicting. The conflict
arises because an improvement in one objective can be achieved only by subordinating
another. As an example, increasing resource utilization may necessitate higher pro-
duction rates, which in turn may lead to higher WIP. Meeting due dates may require
rush orders, which could lead to frequent set-ups and thereby reduced utilization. As
batch sizes are reduced, set-ups cause the workload in the system to increase, result-
ing in congestion and requiring larger safety stocks to protect against production
delays. It seems inconceivable to optimize simultaneously with respect to all the
goals. In fact, the multi-item (multi-job type) batching problem is not solvable even
for the single machine case (Dobson ef al 1989).

4



Smith et al (1986) noted several objectives to be of importance to practi-
tioners. These include meeting due dates, maximizing resource utilization, minimizing
WIP, and maximizing production rate. Meeting due dates was cited as the most im-
portant objective because it can make a firm competitive. The conventional measure
of due date realization is tardiness. The goal of meeting due dates has not been exam-
ined in the batching studies although small batches can be expected to reduce flow
time.

~An interesting objective is that of minimizing the flow time of batches. This
objective also minimizes WIP. A reduction in flow time shortens the forecast horizon
thus reducing the need for safety stock. Lower flow times also accelerate the feedback
on quality problems and expedite the introduction of engineering changes and new
products (Dobson et al 1989). Flow time minimization is achieved easily in a flow
line by scheduling batches of size one but small batches require frequent set-ups and
they exacerbate the complex work flow in a job shop. The interface between a job
shop and a flow line remains to be examined. Experience with the CP line and the
simulation supports the intuition that the job shop causes a bottleneck in the operation,
which influences WIP and lead times. It would be useful to find a batching strategy
that finds a compromise between the job shops and the flow lines. A suitable strategy
may also reveal bottlenecks, thus exposing other areas in the line that may be disrupt-
ing the work flow.

Minimization of flow time is of little consequence when considered in isola-
tion. Flow time is synergistic with its variance—a reduction in flow time is futile if
there is high variability. This observation has important overtones for meeting due
dates. A flow time with low variability is more effective in estimating due dates than
a flow time with high variability. Flow time is composed of transportation, waiting,
set-up, and processing times. It is known (Schaffer 1981) that jobs spend substantial
time waiting in queues. Batching can reduce queues in the system by reducing the
variability in processing times and arrival patterns, and by increasing resource utiliz-
ation by reducing set-ups. The issue of flow time variance in the context of batching

remains unexplored in the literature.



. The issue of demand in conjunction with batching also needs to be examined.
The effect of demand is not clear although high demand can affect the performance
measures unfavorably. Often high demand entails small orders of varying product
types. This implies frequent set-ups and therefore a decrease in resource utilization
and an increase in flow time and WIP.

Set-up time is another issue that has received little attention in the batching
literature. However, in some cases set-up time can exceed processing time. Set-up
time is of seminal importance in gaging the performance of manufacturing facilities
that release work in batches. Consider a machine that processes work in batches.
Each batch requires a set-up. If the arrival of work is held constant and batch size is
increased, the processing time increases linearly because the effect of set-up is dimin-
ishing. However, as batch size is reduced, more time is spent on set-ups. At some
point the machine reaches capacity resulting in the formation of a queue. Among the
lesser known benefits of reduced set-ups are improved quality control and increased
capacity. Lower set-ups allow production in smaller batches. This leads to a lower
number of defects because defective parts can be identified promptly. Similarly, lower
set-ups result in increased capacity. Porteus (1985,1986a,b) performed a detailed

analysis of set-up cost reduction.

The benefits of reducing the set-up cost transcend the benefits identified
in the EOQ model alone ... improved quality control, flexibility, and
increased effective capacity tend to result (Porteus 1985).

Finally, the effect of processing time variability has been neglected. While the argu-
ment is similar to that for flow time variance, processing time variability is a factor
that may be regulated. It can affect performance measures such as flow time and flow
time variance. A hypothesis in the literature is that large batches reduce “variability”
in the system. These beliefs may not be valid in the presence of a highly variable
processing time.

While theoretical deliberation abounds in the literature, this study intends to



quantify these effects, examine their logic in the presence of batching, and assess the

performance of batching decisions under a variety of configurations.

1.3 Methodology

We will first formulate analytical models for a single-server and a two-server system,
that process work in batches. These models can be used to study individual nodes
such as bottlenecks, in a manufacturing facility. They can also be used to take a
holistic view of a group of machines or facilities. We will then focus on larger sys-
tems consisting of facilities that can be characterized as flow lines or job shops. The
approach is to acquire an understanding of the interface between a flow line and a job
shop. This will be done by initially simulating small systems consisting of job shop
and flow line nodes and then continuing with larger systems as the interactions
between the dependent and independent variables are understood. The significance of
these interactions will be tested by using experimental design. The experience gained
will be used to make policy recommendations for generic batch manufacturing sys-
tems.

Simulation is an evaluative technique. It provides a performance estimate for a
given set of parameters. To find an optimal set, simulation should be interfaced with a
generative procedure, ie, one that generates alternative sets of parameter settings.
Factorial design is such a procedure. The nature of the problem suggests the use of
factorial design with a simulation model to yield a relationship between the indepen-
dent and dependent variables. The simulation will produce a value for the dependent
variables for a given combination of the independent variables. The independent
variables will be batch size, scheduling rule, set-up time, demand, and processing
time variability. The dependent variables will be resource utilization, flow time, flow
time coefficient of variance, and the percentage of tardy batches.

Simulation can capture reality in detail. However, attempts at using a simula-
tion and statistical design to evaluate alternative system configurations can be futile

unless the simulation is validated. Queuing network approximations provide an effec-



tive means of modeling such facilities. Whitt (1983a) developed the Queuing Network
Analyzer (QNA) to calculate approximate congestion measures for open networks of
queues. The model can treat non-Markov networks, ie, the arrival processes are not
Poisson and the service-time distributions are not Exponential. QNA can handle large
networks quickly because the calculations required are minimal. Congestion measures
for the network are obtained by assuming that the nodes in the network are stochastic-
ally independent.

The simulation results will be validated by queuing network approximations.
Factorial design will be used to test hypotheses and interactions among the indepen;
dent variables. Regression analysis can then be used to arrive at approximations of the

system in the form of relationships between dependent and independent variables.

1.4 Contribution

This research is a step toward analyzing batching decisions for realistic systems, ie,
ones with flow lines, job shops, multiple machines, and multiple job types. The
resulfs will provide practical managerial implications and insight for similar batch
manufacturing systems. The analytical models provide exact results for analyzing
single- and two-server systems. The simulation models an actual manufacturing facil-
ity. Easily adaptable to other facilities, the model provides an evaluative technique for
studying similar manufacturing problems. In addition, the queuing network approxi-
mations can be used for modeling the facility and for validating the results of the
simulation.
The following are the contributions of this research.

* Formulating analytical models for single- and two-server systems that process work
in batches.

* Examining the performance of batching decisions under various facility configura-
tions.

® Examining the physical interface between a flow line and a job shop for improving

overall performance.



¢ Finding empirical evidence for the hypotheses that have been proposed in the litera-
ture.
® Making policy recommendations for generic batch manufacturing systems by build-

ing on knowledge acquired by analyzing diverse systems.

1.5 Practical Implications

The practical implications of this research are several. The models can produce nume-
rical results to solve specific problems. More important, the research provides a con-
ceptual framework and intuitive insight into manufacturing problems.

| Research in manufacturing usually centers on facilities that are comprised pri-
marily of job shopé, flow lines, or cells with dedicated machines. Recently, there has
been deliberation on flexible manufacturing. However, most manufacturing is a com-
bination of these facilities. The basic premise in this research is that at a macro level
a facility can be classified as a job shop or a flow line. Moreover, a series of flow
lines can be grouped into an extended flow line and adjacent job shops can be
grouped into one job shop. Thus, alternative system configurations can be evaluated
by studying the simplified arrangements. This information can be \;efy beneficial in

the design and planning stages.

Conventional lot sizing models use set-up costs as a device to enforce
capacity constraints—they are effectively opportunity costs and they
seldom represent actual cash consequences associated with set-ups (Kar-
markar et al 1985).

Set-up costs are fixed one-time costs that are incurred whenever an order is pro-
cessed. In a production setting these costs result from phenomena such as equipment
changeover and transport of materials. These costs cause lot sizes to be higher than
they would be otherwise. They necessitate less frequent set-ups and thus increase the
lot sizes. The association of these to capacity results from the notion that set-ups may

be reduced by investing in technology. This fixed investment is recovered by capital-



izing on the opportunity cost of capital. In other words, set-ups represent the oppor-
tunity cost of lost production time. This cost is incurred when production time is a
binding constraint.

The intent of this dialog is that in manufacturing facilities with job shops,
resource utilization cannot reach one because of queues and therefore the capacity
constraint is not literally binding. The cost of set-ups in such a facility is not the op-
portunity cost of production time but the waiting cost that is incurred by jobs in
queues. The models in this research capture this set-up directly. Set-ups consume time
and queuing models deal with that time precisely instead of representing them with
surrogate costs.

This research also provides a more accurate view of a bottleneck. The conven-
tional view of capacity leads to the concept of a bottleneck machine that determines
total output. This machine is the first to saturate as output is increased. However,
output is limited by queues and not by a capacity limit. Thus, this concept is of
limited use as output cannot be raised to the capacity of the machine. Bottleneck
machines are the ones that experience substantial queues, which limit total output.
Further, the queues and hence the bottlenecks can shift with a change in the product
mix and the batching policy so that the conventional view of a bottleneck is improper.
It is often the bottleneck machines that determine the batching policy.

The models in this research can be applied to achieve various ends, eg, sched-
uling, capacity planning, performance evaluation, and engineering analysis. Schedul-
ing can help by ordering the jobs to save set-ups, especially on bottleneck machines.
The models can also help by setting the batch sizes. As discussed earlier, batch sizes
that are too small can quickly saturate a machine. A similar argument may be made
for overly large batch sizes. The knowledge of lead time for different parts can allow
more precise MRP calculations and improve the order release times.

At the planning level, the models provide an insight into the performance of
the facility under differing conditions of product mix, demand, and shift policies.
Long term decisions such as capacity planning can also be evaluated by moderating

parameters such as characteristics of individual machines. More important, the sensi-
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tivity of performance measures to variables such as set-up time can be measured
easily. If certain set-up time reductions are possible by investing in technology, their
impact on performance can be estimated (Karmarkar er al 1985).

Thus, the models in this study can help the decision maker in understanding
how a performance parameter can be used to select an appropriate decision. The
effect of a system configuration on the perfbrmance of the facility can significantly
influence the design of the system before the production/process planning stages are
implemented. This knowledge can be useful in developing a manufacturing 'strategy
for a new product, changing the product mix, and investment in new technology. In
short, the management can position the operations strategy of the manufacturing sys-

tem to complement the manufacturing strategy of the firm.

1.6 Summary

Advanced manufacturing systems have emerged as an offspring of technological inno-
vation in computer and numerical control techniques. These systems manufacture
parts with material handling functions, machine operations, and machine tools under
computer control (Herald & Nof 1978). The steep initial investment of these technol-
ogies' has caused most North American manufacturing to adopt traditional methods
such as job shops, which process work in batches. A job shop is a flexible operation
as it can manufacture many different items. The high part variety results in frequent
machine set-ups and a complicated work flow in the shop. The result is that batches
spend much time waiting in queues, which causes congestion. Batching policies can
significantly affect the performance of a manufacturing facility.

This research started as a simulation that was written for studying an actual
manufacturing facility. Familiar problems like long lead times, unstable demand,
shortages, and high set-up times were preventing the company from meeting due
dates, and causing high WIP and low resource utilization. The main purpose of the
simulation was to find a processing order for the batches and batching policies that

would alleviate some of the problems.
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We propose to assess the performance of different batching policies under
given configurations of a manufacturing facility by using experimental design to
measure the effect of batch size, demand, processing time variability, scheduling rule,
and set-up time (independent variables) on flow time, flow time coefficient of vari-
ance, resource utilization, and the percentage of tardy batches (dependent variables).
The results will provide suitable batching policies and managerial implications by
analyzing the interactions among the variables.

Although simulation can capture reality in detail, inadequate validation of a
simulation model can render the results insignificant. Queuing network approxima-
tions provide an efficient means for modeling the systems being considered in this
study. These approximations can also be used for validating the results provided by
the simulation. Upon validation, the simulation results will be used with factorial
design to assess the significance of individual factors. These factors will be used to

form regression relationships between the dependent and independent variables.

1.7 Organization

The next chapter contains a review of related literature. Analytical models are devel-
oped in chapter 3. The research methodology and experimental design are outlined in
chapter 4. Chapter 5 contains an analysis of the results. The research concludes in

chapter 6.
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Chapter 2

Literature Review

Manufacturing technology has been a well discussed issue in recent years. While
advanced technologies have attempted to bridge the gap between the conventional job
shop and the flow line, the initial investment remains high. For this reason, many
manufacturing facilities are adaptations of the traditional job shop. Job shops usually
include many work centers that process items in batches. The need to divide items in
batches stems from the machine set-up required for each batch. It is estimated that
batch production accounts for 60-80% of all manufacturing activities (Chevalier
1986).

Assume n job types are to be processed on a machine. A batch is a set of
similar jobs and the batch size is the number of jobs in the batch. A job is considered
processed only when its entire batch is processed completely (Some studies also exam-
ine batch splitting where part of a batch can be split and delivered. We will not sur-
vey that case). There is usually a set-up between consecutive batches, the length of
which depends on the two job types. This set-up is needed to configure the machine
for the next batch. The general batching problem is to find the batch size and process-
ing order of the batches to optimize a performance measure.

Research in the batching problem is fairly recent. Karmarkar (1987) first
examined the implications of batching on manufacturing issues like lead time and
WIP. Uzsoy et al (1992, 1994) provided a comprehensive review of the production
planning and scheduling models in the semiconductor industry. Bruno and Downey
(1978), Monma and Potts (1989), and Potts and Van Wassenhove (1992) reviewed
complexity issues. In this paper, we attempt to classify the literature in batching,
analyze the proposed models, and provide research directions. We will classify the

models based on the number of processing stages—single, dual, and multiple.
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2.1 Single-stage Models

In single-stage models, a single job type (product) or multiple job types are processed
in batches on a single machine or identical parallel machines. We will classify this
section further into single machine models based on (i) mathematical programming,
(ii) queuing theory, (iii) case studies, (iv) parallel machine models, and (v) fabrication
and assembly models. Depending on model formulation, there may be set-up before

every batch is processed. This set-up may also be sequence dependent.

2.1.1 Single machine models based on mathematical programming

The models in this section consider single or multiple part types in a static
deterministic environment, ie, the number of jobs and their ready times are known
and fixed. Set-up time is also known. Jobs may have due dates and demand may be
satisfied by one or more batches with no restriction on the batch sizes. The first three
studies optimize some measure of flow time. The authors arrive at the same result for

the optimal number of batches for the single product problem.

Santos and Magazine (1985) studied the problem of determining the batch sizes and
the number of batches or set-ups required to produce a given set of lots to minimize

completion times. Four definitions of flow time are considered:

@ Total flow time: item availability: The completion of processing of the item (in
a batch) determines when it is available (batch splitting).
(i) Toral flow time: batch availability: The completion of processing of the batch

determines when the item is available.
Definitions (iii) and (iv) are similar to (i) and (ii) except that the order for a batch is

not released until the time of set-up for that batch. These are termed toral tight flow
time. There are n product types to be scheduled on a machine. Let d;, be the total
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batch size required of product i and p;, its processing time per unit. For each batch of

product i, a set-up time S; is incurred. Further, k; denotes the number of batches and
b)) the size of the jth batch of product i, ie, Zj’,‘;l b()=d.. In (ii), the completion

time of jobs is determined by the completion time of the batches. If C; is the com-

n kl

pletion time of the jth batch of product i, then Z = EEbi(/)Cij. Even the single

i=1 j=1

product problem is complex because the batch sizes can be varied to optimize set-ups.

The authors thus present a model for the single product type.
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The major result for the single product problem is that the optimum number of

batches,
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and that the optimal batch sizes can be found from

d k*+1 .} S .
+ -J| =, j=1,.,k* .
k* [ 2 ] D J

The batch sizes are decreasing, which indicates that large batches are processed first.
This increases machine utilization because of less frequent set-ups.

The authors propose the models as a link between lot sizing and machine
scheduling by determining the number of batches and the batch sizes to produce the
items. Because the models consider the single operation case only, the authors suggest
its applicability to the scheduling of a single bottleneck machine. They further men-

tion that scheduling of a bottleneck machine may allow more productive management

15



of the job shop. Job shops usually employ many machines. Efficient scheduling of a
bottleneck machine in a multi-machine job shop may not imply efficient management
of the job shop. Bottlenecks are usually not machine specific—they can shift with the
items being produced and the batching policy being employed.

Naddef and Santos (1988) additionally examined the multi-product batching problem
for one machine. For the single product problem they used the same objective func-
tion as Santos and Magazine (1985). Given d jobs with processing time p and set-up
time s for the batches, the problem is to find the optirﬁum number of batches k* and
the batch sizes. Let b, be the size of the ith batch and k be the number of batches. A
solution to the d-job batching problem, B, = (b,,...,b,). The objective is to minimize
the sum of completion times.
" The authors present a theorem that allows one to find an optimum solution to

the d-job problem from a solution to the d—1 job problem. This theorem leads to a
one-pass (greedy) heuristic that always yields an optimum solution to the d-job bat-
ching problem. The heuristic considers each job and allocates it among the non-empty
batches or the next empty one. This heuristic is not polynomial in the size of the
input. A computationally efficient formulation is also presented.

For the multiproduct problem, 7 job types are to be processed on a machine.
For each job type i there are d; jobs, each with processing time p,. The set-up time
depends on the type of jobs in the batch. This suggests that batches of like items be
consecutive to save on set-up. By considering job types individually, the authors
propose the one-pass heuristic for the multi-product problem. Each batch is con-
sidered as one job with processing time s;+dp; and weight d;. These jobs can then be
sequenced in the well known SPT ratio s;+dp,. Limited computational testing of the
heuriétic showed favorable results when the set-up time per product is at least twice
its processing time, on average.

The authors examine a single machine and a single job type. For the multi-
product problem, the authors cite the well known SPT heuristic and also provide some

computational experience with this heuristic. The authors also propose that the heuris-
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tic is likely to give better results for a large number of job types than for a small
number. However, the simulations consider three to six job types only and any im-
provement in the heuristic is not evident from the results. The multiproduct batching
heuristic ignores the downstream batches and treats each product as a single product
problem. This policy is fairly myopic because the downstream batches can have an
effect on the optimal batching. Set-up times are not sequence dependent and there is

no reference to the impact of the batching policies on WIP and cost.

Dobson er al (1987) extended the above results by providing a bound for the multiple
product problem. They studied the problem of optimal batching decisions in a closed
job shop, which they define as a shop that builds to a schedule derived from a down-
stream department instead of external demand. The objective is to minimize the flow
time of parts through the shop. Two types of flow time are mentioned. In item flow
(batch splitting), a part can be delivered after being processed. In batch flow, a part
waits until the remainder of its batch is processed. The authors present IP formula-
tions of both problems for the single product case and heuristics for the multi-product
case.

The single product problem is not simple to solve because both the number and
the composition of batches must be resolved. Thus, the authors present a model for a
single product type and constant set-up time. This model is extended to include vari-
able set-up times. The multiple product batch flow problem is substantially more
complex than the single product problem. The authors resort to heuristics that build
upon the results above. Both heuristics produce sub-optimal results due to their
myopic nature, ie, they ignore the size of downstream batches when determining the
size of the initial batches (larger batches should be sequenced first). To improve these
schedules, the authors look at reallocating the quantities among existing batches by
reformulating the variable set-up time model. Under restrictive assumptions, the
authors derive an arduous expression for the optimal batch sizes. To this effect, two
more heuristics are proposed. A lower bound is also presented for assessing the sol-

utions provided by the heuristics.
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Extensive computational testing of the heuristics revealed that the correct batch
size depends not only on the characteristics of the parts that form the batch, but also
on the total work waiting. The average percentage by which the heuristic solutions
exceed the lower bound varies from .6-24.1%. When the demand per part type is
small, the solution tends to allocate a batch to each part. Better results are obtained
for cases with high demand because of the aggregation of batches of similar parts.

The main result of this study is that the optimal policy to minimize flow times
is to sequence the batches in order of decreasing size. It is possible that increasing all
batch sizes will reduce the variability in the system. However, increasing the batch
size of selected items may increase the variability of the arrival process. A limitation
of the results is that they apply to the single machine case. Set-up times are also

sequence independent.

The above studies optimize some measure of lead time. Zdrzatka (1991) presented
heuristics for the single machine scheduling problem with the objective of minimizing
makespan. Jobs are partitioned into batches and a unit set-up is incurred when con-
secutive batches are of different job types. All jobs are available at time zero and the
machine processes one job at a time, without preemption. The processing times and
delivery dates are known. The three heuristics presented are of polynomial complexity
with the worst case performance bounds on makespan of n—1, 2, and 5/3, where n is
the number of jobs. Zdrzatka (1995) later provided two more heuristics with worst
case performance bounds of 3/2. Computational results show that the heuristics are

highly sensitive to the parameters like set-up and delivery times.

Unal and Kiran (1992) examined a single machine scheduling problem where a
number of part types are processed. The objective is to minimize tardiness. The Batch
Sequencing Problem (BSP) is defined as finding a sequence of batches of part types so
that the production requirement of all parts is met. The authors show that the BSP can
be transformed into an equivalent Feasibility Problem (FP). The FP is finding a feas-

ible séquence given the jobs and their processing times, due dates, and set-up times.
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Therefore, BSP has a solution only if FP is feasible and a solution to FP is a solution
to BSP. It is shown that tardiness is minimized by ordering the jobs according to their
due dates. Thus, given a batching structure, the batch sequence is easy to find. The
FP is then reduced to finding a structure that would yield a feasible sequence. The
authors also mention that in a feasible sequence, jobs of the same part type should be
processed according to due dates.

The authors present a heuristic to construct a sequence that minimizes maxi-
mum tardiness. The argument is then used in an exact algorithm that sequences jobs
according to due dates. The jobs are grouped into batches and the batch with the last
due date is scheduled as late as possible. A feasible sequence minimizes the number
of set-ups. Extensive numerical testing of the algorithm showed satisfactory results.
The study considers only the single machine case and part dependent set-up times.

Set-up times could also be caused by machines, tool changeover, and transportation.

2.1.2 Single machine models based on queuing theory

Karmarkar (1987) first explored the interactions among batching, manufactur-
ing lead times, and WIP by using standard queuing models that investigate congestion
phenomena and their effects on waiting times. The models are more suited to manu-
facturing facilities such as closed job shops where the WIP remains fairly constant.
The study considers a single machine in such a job shop, which is modeled as an
M/M/1 queue. Items arriving at the machine are alike and have the same batch size.

In effect, the machine processes batches of a single item. Let

= demand (units/year)
= processing rate of machine (units/year)

= batch size

> 0 v U

D/Q = average arrival rate of batches (batches/year)
7 = set-up time per batch (year)

x = 7 + Q/P = processing time per batch (year)
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p = 1/x = P/(Pr+Q) = processing rate of machine (batches/year).

The M/M/1 assumption precludes the batching policy from causing variability in the
arrival or the service process. Standard results from the M/M/1 queue give p = Ax
= D/p+D7/Q. This shows the dependence of p on the batch size. The condition p<1
gives an upper bound on Q as D7/(1—D/P). The expression for the average time in
system (Karmarkar et al 1985b) shows that as batch size (Q) decreases, average time
in system (7) grows rapidly as p approaches 1. For large values of Q, T becomes
approximately linear in Q. The author provides an asymptotic lower bound for T and
shows that average waiting time is system is convex in batch size. It is shown that
similar results hold for the M/D/1 case.

The formulation assumes only one type of item. The multi-ittm scenario is
considerably more complex. Altering the lot size of an item can cause queuing delays
for all other items. This can also affect the lead times of the items. In the multi-item
model, the author considers a single stage facility with arrival of batches according to
a Poisson process. The time to process a batch varies according to the item. Batches
are processed in the order they arrive. The facility is modeled as an M/G/1 queue
with the batch processing times specifying the service time distribution. It is shown
that items should be batched so that batch processing times are uniform.

The study considers the single product case, which raises the question of the
need for batching and set-up. Few job shops are single machine work centers. The

models do not take into consideration final product inventories and backorders.

Kekre (1987) examined the impact of product mix on the performance of a manufac-
turing cell. The model is similar to the above but considers savings in set-up if con-
secutive batches arriving at the facility are of the same type. The context is a closed
job shop with a single work center that processes items in batches. In a closed job
shop, the amount of work remains constant and parts are not made to-order. The

author studies the effect of increased product mix and a “look-ahead” sequencing rule
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on the queuing delay. The cell is modeled as an M/M/1 queue and the results are
validated by simulation.

The impact of increased product mix is analyzed by the saving in set-up if
consecutive batches are the same type. If A, denotes the arrival rate of a batch of item
i then A=\, is the total arrival rate. Thus the probability that an arriving batch is of
the same type as the previous batch is A/A\. This gives the probability that a set-up is
not required for the arriving batch. Similarly, 1—N\/\ is the probability that a set-up
is needed. The author shows that this policy reduces the wait as compared to a model
that does not take set-up saving into account. However, if the product mix is too
varied then N/ is too small to make a significant impact. For the “similar” item case
the author shows that queuing delay increases with product mix even if the load on
the facility is kept constant. Similar items are defined as having identical demand, set-
up, and processing time requirements. It is not clear how product mix can be varied
using this definition. The increased delay is likely due to more frequent set-ups
instead.

The look-ahead sequencing rule arranges the queue so that the batches of
different items that are waiting for service are consecutive. This eliminates the need
for frequent set-ups. In effect, the item that is being processed currently is given
priority. The probability of a set-up is computed by conditionally examining the sys-
tem with n batches present. A set-up for an arriving batch is needed if all batches in
the system are different or if the system is empty and the last batch processed was
different. The heuristic is validated by simulation and results show that savings in set-
up are small.

The models in this study consider the single machine case and for the most
part the single item case. The distinction between similar items and identical items is
not clear. The facility is assumed to be a closed job shop but in most job shops the

arrival of work is dynamic and demand is difficult to estimate.

Karmarkar er al (1992) extended the results of Karmarkar (1987) to a multi-item

environment and provided qualitative implications. The facility is modeled as an
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M/G/1 queue with the objective of choosing batch sizes to minimize queuing delay.
The authors develop bounds on the queuing time and optimal batch sizes. These
results are used to formulate batch sizing heuristics. The approximations and bounds
are used to discuss qualitative implications of batch sizes on queuing delays. The first
heuristic is based on the upper bound of the queuing delay in an M/G/1 queue. The
assumption is that set-up times are approximately equal. The second heuristic assumes
that utilization levels are high. The third heuristic uses the lower bound as an approxi-
mation. The expression for the optimal batch size in the second heuristic is similar to
the one in Dobson et al (1987). Computational testing of the heuristics shows good
results.

The results suggest that batch sizes vary directly with set-up times; batch sizes
increase at an increasing rate with utilization; batch sizes for all items should have the
same run time/set-up time ratio; and this ratio depends on the total utilization of the
facility. Further, this ratio should be between 2 and 20. The authors also propose that
batching to minimize average wait also tends to minimize the variability in waiting
time. The model assumes that there are no set-up costs. Also, the 2-20 heuristic is
seldom true in the manufacture of small discrete parts like circuit board assembly

where the set-up time frequently exceeds processing time.

2.1.3 Case studies

Seidmann et al (1985) examined the relationship between batch sizes and lead
times in the context of a unitary manufacturing cell (UMC). A UMC contains several
flexible work stations served by a materials handling robot. The cell produces one
product at a time. Produced parts are examined in the cell and reworked if necessary.
As opposed to single machine sequencing, the UMC operates under continuous load
with stochastic processing times and no set-up. The objective of the study is to devel-
op a predictive model for describing the production capacity of the cell. The authors
consider batch production and well as “interleaved” production of several products.

Suppose the cell has to manufacture a batch of B identical parts. Since the cell

processes one part at a time, the manufacturing times for all parts are independently
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and identically distributed. Let T}, and Ty denote the times for processing one part at
manufacturing (M) and reworking (R), and T;, and T; denote the corresponding times
for the batch. The total batch time is 6 =T+ T5. Leth, (1), he(2), hiy(®), hx(D), and h,(2)
denote the appropriate density functions, where the first two are given and the others
are desired. The mean and variance are denoted by Ky 05> and so on. The authors
provide the various means and variances, and the probability density functions for
hi(®),hi(®), and h(f). They further develop expressions for the coefficients of vari-

ation of N and 6 and show that large batches display small process variability.

The results allow the prediction of mean and variance of variables such as
number of recycles and time spent by a batch in a facility. The effect of a change in
batch sizes and rework rate on the operation of the cell can also be explored. The
model is valid only under some very restrictive assumptions. Set-up costs are assumed
zero and preemptions are not allowed. This implies that there are no machine break-

downs. The authors also do not refer to the issue of sequencing the batches.

Lee et al (1993) proposed a batching and sequencing algorithm for minimizing set-up
on NC punch presses used in the production of sheet metal components. Similar to the
studies in §2.1, the algorithm works in two stages. In the first stage, the algorithm
attempts to partition the set of products into the least possible number of batches by
considering the tool magazine constraints. The second stage determines a sequence for
the batches by using the nearest neighbor heuristic. Multiple solutions to the problem
are generated by considering a different batch as the starting batch each time. Given
the set of sequences, the one that minimizes the total tool changeover time is selected.
The problem is equivalent to solving the TSP where the objective is to tour the
given cities in the shortest distance with no city visited twice. The similarity between
the two problems becomes apparent when the distances are replaced by tool
changeover times. Thus, given a starting batch, the batch with the minimum
changeover time is sequenced next. The difference is that in TSP the tour ends where

it begins, while in this problem it ends at the last city. The algorithm assumes that

23



products require at most one tool magazine. Demand is deterministic and raw material

is available at the beginning of the planning horizon.

Chua. et al (1993) examined the batching problem for a repair shop with limited
spares and finite capacity, with the objective of minimizing the backorders. They
suggested several batching policies based on the works of Karmarkar et al and Dob-
son et al and evaluated them using a simulation of a hypothetical repair shop. On
arrival a failed unit is diagnosed and disassembled. Assuming the failure of the unit is
caused by a single part, the failed part is removed from the unit and sent for repair.
In the meantime, the unit may wait for the failed part to be repaired or a spare part
may be supplied if available. If a spare is supplied, then the failed part enters the
spare parts inventory upon repair. The amount of capital limits the availability of
spares.

The authors formulate a mathematical model of the single product problem
whose failure is due to one of the parts. The batching problem is then the determina-
tion of batch sizes for the parts given the number of spares for each part to minimize
the average time in system for the units. Because of the intractability of the math-
ematical model, the authors present six heuristics that are based on the literature in
batching, manufacturing, and scheduling.

For the simulation experiments, the authors assume that the unit contains five
parts and failure is caused by one of these parts. Besides the batching policy, the
factors considered are arrival rate of failed units, ratio of set-up to run time, and
initial spares inventory budget. The performance measure is average time in system of
units. The results of the experiments indicate the superiority of two heuristics: (i)
batch parts of the same type that are waiting for repair and select the one with the
smallest weighted batch processing time (WBPT), and (ii) batch parts of the same
type and process the batch with the smallest WBPT weighted by the current number
of spares (SP-WBPT). Under these two policies, batches are formed as soon as the
repair center becomes available. The other four policies can render the repair center

idle as batches form.
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The study considers a single type of repairable unit and a simple product
structure—the repairable unit consists of five parts. WBPT and SP-WBPT minimize
time in system by forming smaller batches. This should also increase the frequency of
set-ups, especially with a large number of parts, the impact of which is not apparent
in the study. The authors do not refer to the issues of normality and independence of
the simulation output or report the number of replications of the simulation experi-

ments.

2.1.4 Parallel machine models

Dobson et al (1989) extended their single machine models to examine the
batching of a single product on parallel heterogeneous machines with the objective of
flow time minimization. With multiple machines there is also the issue of work allo-
cation among the machines. In absence of set-ups or if set-ups are equal across the
machines, each machine will be allocated work proportional to its processing rate. In
the presence of set-ups, it is possible that some machines may not be allocated work
at all and the batching policies may be machine specific.

The problem is to allocate work to machines and set batch sizes to minimize
the total flow time for processing total work D through a machine center with m
heterogeneous machines, ie, choosing the allocations D,, i=1,...,n and dividing them
into batches g, j=1,...,n, i=1,...,m, to minimize total flow time. The flow time
minimization problem can be written as:

n;

min min E O s,+q,/r) g,

J
D;z0 q;20 -1 j=1 k=1
{",‘}7:1

where
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m = number of machines
D = total amount of work

s; = set-up time on machine i

r; = processing rate of machine i.

D; = amount of work allocated to machine i

n; = number of batches to be run on machine i

g; = size of batch j on machine i.

This problem can be split into m single machine problems, the solution of which is
provided in Dobson er al (1987). It is further shown that with equal set-up times the
number of batches is equal for all machines.

The authors consider the processing of batches of one product on parallel
machines. This raises the question of the need for batching. It is assumed that the
total amount of work is divisible continuously, which may not be true especially if the
machines are heterogeneous. The authors do not provide examples or computational

experience with the heuristics developed.

Tang (1990) presented a scheduling model of multiple products on identical parallel
machines. This model is more general than the above study, which considers the
single item case only. Part types are partitioned into families. On each machine a
significant set-up is incurred when the machine changes from processing one part type
to a part type that belongs to a different family. In addition, a minor set-up is
incurred between part types irrespective of the part families. The processing time of a
part is small in comparison with the set-up times. The performance measure is the
makespan.

Parts of a type are grouped into a batch, which can be divided into smaller
batches (at the expense of minor set-ups) to form a schedule. The order in which the
families and part types within a family are processed on a machine is independent of
the completion time. Thus, the scheduling problem is to determine the batch size of

each part to be processed on each machine. Since this problem is NP-complete, the
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author presents a heuristic approach to find a near optimal solution.

Similar to Dobson et al (1989), the heuristic consists of two levels—aggregated
and disaggregated. Both levels employ modified versions of the Multifit method
(Coffman et al 1978) and the FFD rule. The output of the aggregated level is the pro-
portion of machine time allocated to each family initially. The disaggregated level
uses this information to determine the batch size of each part type to be processed on
each machine. Using an IP formulation, the author establishes a tight lower bound on
the optimal completion time to evaluate the heuristic. Computational results show
that, on average, the modified Multifit method finds schedules that are within 4.5% of
optimal.

The author examines a production system that is single stage. He further
assumes that set-up times are sequence independent and significantly greater than
processing times. Batches are divisible continuously for forming schedules and no
machine processes more than one batch of the same part type or family. The com-
pletion time is independent of the order in which families and parts within a family
are processed on a machine. This assumption is not valid in the presence of set-ups,

which are usually sequence dependent.

2.1.5 Fabrication & assembly models

This problem occurs in the production of components on a machine, for as-
sembly into end items. The production process consists of a fabrication stage and an
assembly stage. The end items are assembled from several components, which are
fabricated on a single machine. Each end item requires components unique to it and
components common to all items. The assembly stage is not capacity constrained. The
fabrication stage thus represents the capacity bottleneck. The machine incurs a fixed
set-up between batches of different component types. There is no limit on the batch
sizes. The problem is to schedule the fabrication stage so as to feed the assembly

stage efficiently.

Coffman ez al (1989) first examined this problem in which subassemblies of two types
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are made and then assembled into end products. Each product contains one
subassembly of each type. The objective is to minimize the total flow time of the
products. The authors present rather involved O(n) and O(«/n) algorithms for the
problem, where # is the number of products.

The study is applicable for single stage manufacturing systems only. Set-up
time is constant for both subassemblies and all products contain both subassemblies,
ie, there are no unique parts in the products. Moreover, the intricacy of the
algorithms is such that extension to more than two products requires “a substantially

greater effort”. Finally, the authors do not present any computational examples.

Baker (1988) analyzed the problem with the objective of minimizing the mean com-
pletion time of jobs in fabrication. A job is the fabrication of the required quantity of
common and unique components. A job is complete when its common and unique
components have been fabricated. The author shows that SPT sequencing is optimal
under the assumption that the product requiring the shortest run time for common
parts will also require the shortest set-up and run time for unique parts. The remain-
ing problem is to determine the number of set-ups and their location in the SPT
sequence.

Consider a base schedule that contains no set-ups. A job’s completion time
will then exceed the completion time in the base schedule by a delay caused by set-
ups. Thus the completion times can be minimized by minimizing the total delay. A
job’s delay is determined by the number of set-ups that precede it and by the number
of following jobs prior to the next set-up. Suppose that at some stage a set-up is
scheduled immediately before a run for the common components of product i and in
the following batch parts for jobs i to k are produced. Thus a portion of the schedule
is in the form SC,; ... C,U; ... U,, where S = set-up time for a batch of common com-
ponents, C; = run time for the common components of product j, and U; = set-up +
run time for the unique components of product j. If v, denotes the delay incurred in
this sequence, thenv, = (n -i + 1)S - (k - i + 1)(C,,; + ... + C,)), where n is the

total number of products. This definition allows a dynamic programming formulation
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for the minimum total delay F(n). Define F(0) =-0 and F(k) = min {F(i-1) + v,}.

1<i<k

The author gives a numerical example for four jobs and two set-ups.

The model considers only a single stage facility and each product requires only
two part types. A job’s requirement for common parts is related to its demand for
unique components. A common component is common to all products. There is no
limit on batch sizes and set-up times are independent of sequence. The assembly
process is not capacity constrained. The implicit assumption is that the completion
times' of the jobs in fabrication determine the completion times of assembled products.
Moreover, with many products the dynamic programming formulation becomes com-

plex.

Aneja and Singh (1990) extended Baker’s approach to the case where each product
requires a unique component and m different common components, each requiring a
separate set-up. The authors show that the problem is equivalent to solving m 2-com-
ponent type problems. The optimal batching decisions for these m problems can be
combined to obtain an optimal batching decision for the entire problem. The authors
present an O(mn) algorithm for finding a schedule that minimizes the total completion

time of all products.

Sung & Park (1993) examined the same problem but with the minimization of mean
flow time as the objective. The authors develop a branch and bound (BB) algorithm
for the batch splitting instance, ie, an end product is complete when the fabrication of
both its common and product dependent components is complete. They also construct-
ed a dynamic programming (DP) algorithm and compared the performance of the two
algorithms. The BB algorithm was more efficient in terms of both the memory re-

quirement and execution time, especially for a large number of products.

The batching problem is complex for even the single-product, single-machine case.

The only results available are the optimal number of batches and batch sizes. While it
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seems that batching is unnecessary with only one product type, the machine may still
need set-up for loading parts and maintenance. The need for set-up adds complexity to
the problem. While the analytical models include an explicit set-up, the models based
on queuing theory denote set-up by congestion and queuing delays. Only heuristics
are évailable for the multiple product case. These heuristics work in two
stages—allocating the work among batches and then sequencing the batches. The
purpose of studying the this problem is to gain insight into the parallel machine case,
which uses the results for the single machine case. The heuristics for the parallel
machine case divide the problem into two steps. The first step is to allocate the work
among the machines. Once work has been allocated, the machines can be considered
independently and the batch sizes can be determined by using the results for the single
machine problem.

The fabrication and assembly models are more restrictive. The assumption of
infinite batch sizes implies that the machine never runs out of parts, which also pre-
cludes machine breakdowns. Set-ups are also assumed constant. The problem occurs
frequently in the semiconductor industry where parts are inserted into circuit boards
for a_ssembly later in the manufacturing process. However, in real life many such
machines may operate in series to minimize set-up, which is sequence dependent. The
assumption of an infinite capacity assembly stage becomes less tenable under these

circumstances.

2.2 Dual-stage Models

In dual-stage models, processing occurs in two stages. Ahmadi ef al (1992) examined
manufacturing systems that are equipped with batch and discrete processors. A dis-
crete processor processes one job at a time while a batch processor processes a batch
of jobs simultaneously. The authors analyzed a class of scheduling problem arising
from a two-stage flowshop where the batch processor plays an important role such as
a bottleneck.

Let 8 denote a batch processor, 6 denote a discrete processor, and -> denote
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the system configuration. For example, f—>6 denotes a configuration in which a batch
processor is followed by a discrete processor. The total number of jobs is an integer
multiple of the batch size. Jobs are arranged in ascending order of their processing
times. Given the system configuration and set of jobs to be processed, the scheduling
problem is to decide the composition of the batches, the batch sequence on 8 and the
job sequence on 4. The performance measures are the makespan and the sum of com-
pletion times. The system configurations are 86, 6—8, and 3,~8,.

For the minimization of makespan on (-6, the authors show that the optimal
policy is the Full Batch-LPT schedule, ie, run full batches on @ with the jobs sorted
in the LPT order according to 8. This schedule avoids idle time on & thus minimizing
the makespan. The implicit assumption in a Full Batch is that the jobs in the batch are
identical and the batch size is determined by the capacity of 8. Since §~f is antitheti-
cal to §—0, an SPT-Full Batch schedule is optimal on 6—8, ie, process the jobs accor-
ding fo SPT on 6 and process full batches on . This schedule is optimal because the
batches are processed as early as possible, thus avoiding idle time on 8. A Full
Batch~Full Batch schedule is optimal for 3,—83,. Jobs are processed on §, as soon as
possible and on (3, as late as possible without increasing the makespan.

The minimization of completion time is more involved than makespan. In a
0—(3 system, the optimal policy is to process jobs in SPT on &. The batch dispatching
problem is then to determine the batch size and the processing order of batches on S
for minimizing the sum of completion times. The authors present a dynamic program
to determine an optimal schedule on 3. In the 3,—8, system it is optimal to schedule
full batches on 3;. The problem then reduces to é->3. In the $-»§ system the Full-
Batch policy is optimal on (;, with the jobs in a batch sorted by SPT. The authors
describe two heuristics to determine the job content of each batch to minimize the
sum of completion times. The performance of the heuristics is compared with a lower
bound that is generated by the Lagrangian relaxation of an IP. The heuristics perform
“reasonably well”. Extensions are presented for the multiple family and the three-
machine flowshop problem.

A limitation of the study is the omission of set-ups. This stems from the ass-
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umption that the processors process only one family of jobs simultaneously. However,
set-ups are not present even in the multiple family case. Other limiting assumptions
are that the processing times are known in advance and the batch processing time is

independent of the composition of the batch.

The two-stage case is a natural extension of the single-stage case. There is a lack of
research on two-stage models. A possible reason is the complexity involved con-

sidering that the only results available are for the single-machine, single product case.

2.3 Multi-stage Models

Multi-stage models are the most general case since there can be several machines in a
given configuration. These machines can be arranged in series, parallel, or a com-
bination of the two. A common thread that ties most multi-stage models is the use of
queuing networks. In this approach, the entire facility is decomposed into its consti-
tuent nodes. Each node is then treated as an independent M/M/1, M/G/1, or G/G/1
queue. The route taken by an item or a class of items through the facility determines
the amount of work at the node. The performance characteristics of each node, such
as utilization and flow time, are computed using these models. Once the results are
available for individual nodes, the results for the entire facility are obtained easily

using the independence assumption.

Karmarkar et al (1985a) extended Karmarkar (1987) to a multi-ittm multi-machine
job shop. The authors contend that in job shops with queues, the lot sizing problem
can be formulated as the minimization of inventory cost because capacity constraints

manifest themselves in queues and WIP.
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where

h; = holding cost of units of item i waiting or being processed at work center j
h; = holding cost of finished units of item i

D, = total required output of item i (units/time)

Q; = batch size for item i

p; = traffic intensity at machine j

T; = mean time spent by batches of item i at machine j.

The first term in the objective represents WIP costs and the second finished goods
cost. The first constraint is the stability condition for the queues at work centers. This
constraint is redundant as each 7}; approaches infinity as p; approaches one. Similarly
the second constraint is also redundant since some p; will exceed one as any @,
approaches zero, due to increased set-ups. The authors also provide extensions to the
model for set-up costs and safety stock costs.

The authors mention several applications of the model in job shop manage-
ment. They also concede that the model will not handle seasonal demand variations
and the cost of holding accumulated inventory. Also, all machines at a work center
are assumed identical. The model cannot handle more than one limiting capacity at a
work center, ie, a situation in which machine time and tool availability are both con-

strained.

Karmarkar er al (1985b) validated the results of the above study by examining the
relationship between lot sizes and lead times. The authors examined these phenomena
by developing an analytical model and a simulation model for an actual manufacturing

cell. The manufacturing cell was arranged to improve the production of a group of
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similar parts that had been experiencing long production lead times, high WIP, and
difficulty in coordinating assemblies. The objective of the simulation was to devise
appropriate lot sizing policies for the cell. Although the simulation was not validated
against the operation ofv the cell, experience with the cell convinced the users of its
validity. Experimentation with simulation led to a reduction of manufacturing lead
time and WIP by over 50%.

The authors claim that queuing delays at machines in multi-item manufacturing
shops are related directly to lot sizes. If the machine is modeled heuristically as an
M/M/1 queue processing identical items, the authors show that the average time T
spent in the system by a batch is given by

_ 7+Q/P
1-D/P-D7/Q "’

where

D = total work to be done (units/time)

P = processing rate of the machine (unit/time)
Q = batch size
7

= set-up time per batch.

This queuing model is extended to the multi-item case by modeling the facility as an
M/G/1 queue. The case of a manufacturing system with several machines at each
work center is modeled as an open network of M/G/c queues. At each stage the queu-
ing mode] is embedded in an optimization model that determines optimum lot sizes.
The most general case is coded as a computer program called Q-LOTS. A comparison
of the results obtained by Q-LOTS and simulation with respect to average lead time
indicates that Q-LOTS results are 20% better than the simulation approach. This may
not be a shortcoming of the simulation as the authors do not test the simulation thor-
oughly. Another factor that restrained the performance of the simulation is that work

is released at a uniform rate in the simulation but not in the analytical model.
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Karmarkar er al (1987) extended Karmarkar er al (1985a,b) by examining the impact
of operational issues such as equipment levels, multiple shifts, overtime, and batching
policy on the performance of a manufacturing cell.

The cell is modeled as an open network of queues using node decomposition
heuristics. The queuing model incorporates as decision variables the number and types
of machines, the items to be processed, the production volume of each item, the shift
and overtime policy, and the batching policy used in the cell. The model also selects
the -best batching policy for given capacity and load. The manufacturing cell consists
of eight major work centers, two of them with multiple machines. The cell processes
27 parts with different routings and 3-12 operations/part. The available data comprises
routings for each part including set-up and processing times. Raw material cost, fin-
ished goods cost, and annual demand are also known.

The increase in shift capacity expectedly leads to decreased manufacturing lead
time and WIP though the improvements are obtained at a diminishing rate. The
effects of batching policy are more interesting. Although the lot sizes being used were
fairly small, the model finds improved lot sizes for some combinations of capacity
and number of shifts. The model results in up to 40% improvement in performance in
terms of lead time and WIP for all cases. However, the results were less striking in
the two-shift case where the additional capacity had already alleviated queues and lead
times. The effect of capacity changes was also deemed favorable in that the improve-
ment in lead time and WIP outweighed the cost of additional equipment. The batching
policies had substantial impact on the queues and bottlenecks although the results are
inconclusive. Overall, there was an improvement in performance.

The authors contend that average performance indicators are misleading
because they assume full capacity utilization. The model assumes resource availability
and takes an average view of the manufacturing facility. Further, to model shifts and
overtime, the processing rate of machines is altered. This has the effect of reducing

variability in the process, which may affect the optimal batching policy.

Zipkin (1986) extended Karmarkar (1987) to develop cost minimization models for
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batch production facilities, by including multiple products, backorders and final-pro-
duct inventories. The production facility is described by fixed parameters, and deci-
sion variables represent batch sizes and safety stocks. Demand and the production
process are stationary. The models are supposed to be simple enough to be used for
comparing alternative facility configurations, evaluating new equipment, and assessing
the effects of changes in demand and product mix. The basic premise behind the
models is to represent the inventory of a product by a standard inventory model, and
the production facility by a standard queuing model. These two models are then
linked by the waiting time in the queuing system.

Numerous simplifying assumptions are made. The production scheduling func-
tion is passive and it does not utilize information on inventory for making decisions.
Orders are thus processed on an FCFS basis. All costs, demand, and production
processes are stationary. Batches of a product are of the same size and the demands of
individual products are independent. There is considerable independence among
demands during disjoint time intervals. Demand for each product is described by the
mean and variance per unit time. All stockouts are backordered. The order processes
for the products are independent and nearly renewal processes, the superposition of
which constitute the arrival process at the production facility. The average inventory
and backorders of each product are represented by its distribution of lead time
demand. The time required to process a batch is dominated by the set-up time, not the
batch size. The models are also highly mathematical in nature, which presents a
limitation in modeling sufficiently realistic systems. The need for a queuing model
necessitates the knowledge of the mean and variance of the waiting times, which may
not be computable. The effect of batch size on processing time is not considered in

detail, which is crucial in modeling the behavior of a batch processing facility.

Bertrand (1985) studied the effect of batch sizes on batch flow times and cost in a
multi-product multi-stage manufacturing system. There is more than one routing for a
batch and the mean production rate is constant for each product. Batches are served as

they arrive, without preemption. The batch flow time model uses a closed shop queu-
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ing model (Solberg 1981) to estimate values for the waiting times at the workcenters
for given workload, capacity, and processing times. Since batch sizes affects flow
times, the author develops a batch size optimization model. Analogous to Zipkin
(1986), this model is linked to the queuing model via the in-process inventory. Bert-
rand presents an iterative procedure that produces batch sizes for minimizing cost.
Bertrand also represents total costs (ordering + carrying + WIP) as a function
of the batch sizes and shows that this function is strictly convex, ie, it has a unique
minimum. This function can be used to solve for the optimal batch sizes. By exam-
ining a simplified situation with homogeneous products, he showed that the con-
sideration of carrying costs creates an upper bound for the optimal batch size for
increasing demand. Also, neglecting the carrying costs may result in batch sizes being
up to twice as large as optimal. He also assumed that processing time per batch at a
work center is proportional to the batch size. However, set-ups can have a significant

effect on the batch processing times.

The multi-stage case is the most general. There can be several stages, which can be
arranged in an arbitrary configuration. Moreover, the decomposition approach lends
considerable flexibility in modeling such facilities. In most cases, the only information
needed is the arrival pattern of jobs, the mean and variance of the processing times,
the configuration of the facility, and the routing of the jobs. While most of these
parameters are available, the mean and variance of the processing times are almost
impossible to estimate. The decomposition approach is also heuristic in nature. A
major shortcoming is that it ignores the correlation that is added to the output job
stream from a machine. This implies that the arrival process to the next stage is not a
renewal process, which invalidates one of the assumptions of the decomposition

approach.

2.4 Summary

The batching problem seems modest without set-ups. However, even advanced man-
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ufacturing technologies incur set-up, which makes the problem intricate. Moreover,
since different machines have different characteristics, a batch size optimal for one
machine may not be optimal for another machine. The complexity of the problem
makes it unsolvable for even the multiple item, single machine case. Only heuristics
are available. Most research in batching is on the single stage case, which is not a
realistic real-life scenario. The models also assume that the facility is a closed job
shop where product variety is small and demand is known and constant. Most job
shops are open and make parts to-order. This increases the product variety and it is
difficult to estimate the load on the machines because demand is not known. The
multi-stage models often rely on queuing networks, which is a heuristic approach.
Additionally, most studies consider a single performance measure, or measures that
are related. This makes it impossible to gage interactions among the measures and
study the trade-offs involved. There have also been simulation studies but most
models are tested inadequately and the details of the simulation models are minimal.
The issues of variable demand, variation of set-up time, flow time variance, and

processing time variability are also possible research directions.
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Chapter 3
Analytical Models

In this chapter we consider a single server and a two server queuing System with
batch service. A batch is defined as a collection of homogeneous items. Customers
arrive from an infinite source according to a renewal process and wait to form a batch
of size M. The customer who completes the batch (Mth customer) is termed the super-
customer. The batch is then released for service after set-up. The server services the
batch according to the FIFO protocol. A batch may have to wait for conclusion of
service of the preceding batch(es) since preemption is not allowed. The interarrival
time between individual customers is governed by a Phase-type distribution. The set-
up time and service time distributions are also Phase-type. The two models presented
are: (i) a PH/PH/1 queue, and (ii) a PH/PH/2 queue, both with individual arrival and
batch service. These queues occur frequently in manufacturing systems, traffic con-

trol, and communication.

Manufacturing systems: Most manufacturing systems that process discrete parts
release work in batches. Large batches minimize machine setup whereas small batches
process work quickly. It is usually assumed that the performance of manufacturing
systems is determined primarily by the scheduling policy. The batching policy also
has a significant impact on the performance measures. This fact is s'igniﬁcant because
high machine utilization is very desirable.

Traffic control: The timing of traffic lights at an intersection can be optimized for
various times of the day by realizing that the movement of traffic is essentially in
variable sized batches because of traffic lights.

Communication: The transfer of data in windowed protocols is in batches.
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In our case we consider the discrete time versions of the PH/PH/1 and PH/PH/2
queues. We obtain the probability distribution of wait before service of an individual
customer in a batch.

In the following, e denotes a column vector of 1s, I is an identity matrix of
appropriate dimensions, and O is a null matrix of appropriate dimensions. The symbol

® denotes the Kronecker product of two matrices, where

A11B AlnB
ARB = ; : |, if A is mXxn.
AB - A B

ml mn

3.1 Definitions

A probability distribution F(-) on [0,o0) is of phase type if and only if it is the dis-
tribution of time until absorption in a finite Markov process. A discrete phase dis-

tribution is defined by considering a k+1 state Markov chain of the form

T
01

2

where T is a substochastic matrix, such that /—T is nonsingular, and 7,20 vi,j. T° is
an absorption matrix and Te+7°=e. The initial probability vector is (e, o, ), with
ae + o, = 1. We assume that states 1,...,k are transient, so that absorption into

state k+1, from any initial state, is certain (Neuts 1981).

3.2 PH/PH/1 Model

The arrival process of individual customers is phase type with representation («’,T")
of order n, where o’ is the initial probability vector and 7" is an irreducible substoch-
astic matrix of transition probabilities. The super-customer is the Mth customer and it

completes the batch. Thus, by definition the interarrival time of the super-customer is
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also phase type with representation (e,T) of order M, where a=(a’, 0) and T is a
convolution matrix. The service process of individual customers is phase type with
representation (8',S’). Thus, the service process of the super-customer is also phase
type with representation (8,S) of order m. The mean arrival rate, A"'=a(/—7)'e and
the mean service time, p~'=B(I—S) 'e. The state space of the system can be
described by A = {(0y), 0<j<Mn} U {(i,j,k), i>0, 0<j<Mn, 0<k<m}. The first
part denotes an idle server and arrival of the super-customer in phase j. The second
part denotes a busy server with i batches waiting for service, arrival in phase j, and

service in phase k. The transition matrix P of this system is given by:

'BOO BOI ]
10 AI AO
P = A, A, A, ,
A2 Al AO
where
A =Ta® S A =T®S + T'a®SB A, =T ® 5.
T is a convolution matrix of order M,
(7' 7%/
- T T o ,
T/

and S is a convolution matrix of order m,
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rS/ SIOB/
S/ S/OB/

S/

\ J

If we allow a phase set-up time (6,D) then,
(D DB

S/ S/OB/
S = S/ SIOB/ ,

S/

where 3=(6, 0).

If Mu<1 then P is positive recurrent (Neuts 1981). For a stable system the
invariant probability vector x = (x, x; X, ... ) for the transition matrix P can be
obtained by xP = x, xe = 1, and x;,,;=x,R, i>0. The matrix R is the minimal non-
negative solution to the matrix quadratic equation:

R =AO + RAI + RzAz.

Since we have a complex structure near the lower boundary, x, has to be determined

as follows. Define matrix B[R],

B

00 BOI

B[R] =
BIO B11+RA2

The stochastic matrix B[R] has a positive left invariant vector (x,, x;), which can be
normalized by
xe + x,(I-R)~le = 1.

The state of the system upon an arrival of a super-customer is given by the vector y.
Let D = T, then
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Yo = M (%®D + x,(D®SY)
Vi = N D®S) + x,, (DOSB)), k>0.

The wait of a super-customer is given by the vector w, where

W, = Y€

w, = Yy, (e®) GKpe, r>0.

1
G'(r) is the probability that the service of the kth super-customer takes r time units.
G(r)=8515
Gk) = (88)", k>0
G = 8 G*'(r=1) + S G'(r—1), r>k>1.
The probability that the wait of the mth customer in the batch is k time units,
k .
wy' = Y Wil Bm=¢) S7H(m-¢) $%m-c),
i=1

where

J
W' = Y w . eM-m) TM-m) TM-m),
i=1

o(M-m) T(M-m) TXM-m) = { 0 J >1} for m=M,

1 -1
B(m-1) Sm-1) S%m-1) = { 9 k];i} for m=1,

and ¢=0 if there is set-up, 1 otherwise.

3.3 PH/PH/2 Model

The arrival process of the individual customers and the super-customer is identical to

43



the PH/PH/1 model. The service process of the super-customer is phase-type with
representation (G;,S;) for server 1 and (8,,S,) for server 2. The batch selects server 1
with probability p and server 2 with probability g=1—p. The state space of the sys-
tem can be described by A = {(0,), 0<j<Mn} U {(j,k), 0<j<Mn, 0<k,<m} U
{(.k), 0<j<sMn, 0<k,=m} U {(ij.k.k), i>0, 0<j<Mn, 0<k;k,<m}. The first
part describes idle servers and arrival in phase j. The second part denotes a busy
server 1 with arrival in phase j, and service in phase k;. The third part describes a
similar process for server 2. The last part denotes busy servers with i batches waiting
for service, arrival in phase j, server 1 in phase k;, and server 2 in phase k,. The

transition matrix P of this system is given by:

B, B,. B,
By By By By,
By By By By
P = 1By By By 4, 4 ’
By, By, 4, 4, 4,
A, A, A, A,

where

By =T

By =p T’a ® B,

By =qT'a® B,
B,=T®S’°

By = T®S, + p T’a®S8,°6,
By = q T ® S§,°8,

B, = T’a ® S5,
Bw=T®S

B =p T’a ® 8,96,

By = T®S, + q T’°a®S,°8,
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B =T ® $,8,

By=T® S§°® S,

By, = T®S5,®S,° + p T’'a®5,°3,88,°

By = TQS,°®S, + q T’'a®5,°®5,°8,

By =pT®S%B, Q50

By, =qT® S5°® S,°3,

A =T ® S, ® S,

A, = TQS,®S, + T’a®S,°3,8S, + T°a®S,85,°3,
4, = TQSB,8S8, + T®S, 85,8, + T’'a®S,°3,85,°8,
A, =T ® S8, ® 5,.

If NM(p+p,;) < 1 then P is positive recurrent. For a stable system the probability
vector X = (X, X;» X;» X, X3 ... ) for the transition matrix P can be obtained by xP =
x, xe = 1, and x;,,=x;R, i>0. The matrix R is the minimal non-negative solution to
the matrix cubic equation:

R = A() + R141 + R2A2 + R3A3.

Since’ we have a complex structure near the lower boundary, x, has to be obtained as

follows. Define matrix B[R],

BIR] - By, B,
B+ RB), A +RA,+RA,

The stochastic matrix B[R] has a positive left invariant n-vector (x, Xx;. X;» X,), which
can be normalized as before.

Lety = (yo Y1 Y1+ Y2 Y5 ... ) be the state of the system at an arrival. Let D =
T’c, then

Yo = N x(D®D + x,(DOSY) + x,.(DRS,0) + x,(DRSL ®S,)]
Y = N x(D®S) + x(D®S;®S,%)]
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Yir = N x(D®S)) + 1 (DS, ® )]
Ve = N 'D®S,®S) + x,1(D(S,°8,®S, + S,®8,8,))], k>1.

Define z = (2 2y 21 2, 23 ... ), wWhere Zy=yee, z;,=y,€, z;.=Yy,.€, and z,=y(e®I),
i>1. Define A = {0, 1’, 1", 2, 3, ... }, where {0, 1’, 1"} are absorbing states and

the other states are transient. Consider the transition matrix P which represents the

absorbing Markov chain corresponding to P.

r R

1
1
1
p- |SI®S, 5@, 59, 5®s,
pSI®S:B, gSI®S;B, S18,®S, + 5,836, S,®s,
SiB®SB, 516,88, + S,Q8,8, S5,

Let 7 = zP, where 7 = (zf 2,/ 2,/ 2/ 2/ ... ). If w; is the probability that the waiting
time is j, then

w;, = 0zd + 0,2,/ + 0,2,/

0 is the probability of getting absorbed in the respective state and is calculated as

follows. Arrange P with transient states first and then the absorbing states. The tran-

sition matrix for the absorbing chain is then truncated to

O R
07

A/_

Q represents transitions between transient states (2,3) since these states are the only
gateways to the absorbing states from the transient states; R represents transitions
from transient to absorbing states (0,1’,1”); O reflects that we cannot go from absorb-

ing to transient states; and I reflects that we cannot leave an absorbing state. The
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probability of absorption into the absorbing states is then:

ZU-O)R = (yo 1 M)
where
1

Z= @ z) .
22"’23 2“3

Z gives the ratio of customers entering the absorbing states from the transient states.
If u = zy+z,+z;» (u<1) gives the probability of getting absorbed in the absorbing
states, then

(1=w) (vo 1 71) = (70 Ty T10).

is the probability of absorption starting from the transient states. Thus,

00 =2 + To
01! = Zl' + 7-1:
b1 = 230 + Ty

Once the wait before service of the batch has been determined, the wait before service
of an individual customer in the batch can be determined as in the PH/PH/1 model.
Since the batch can select server 1 with probability p and server 2 with probability

1—p the final wait is a linear combination of the two waiting times.

3.4 Examples

In the following examples the arrival and service time distributions are Geometric and
the batch size is 10. We ignore set-up as it simply shifts the plots upwards because of
the increased wait for all customers in the batch. We examine the effect of traffic on
the wait before service of individual customers in the batch. The corresponding

graphs are at the end of the chapter. Graph 3.1 shows the wait before service in the
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PH/PH/1 queue. The service rate is .2 and the arrival rates are .1, .12, .14, and .16.
The wait decreases as the initial customers in the batch have to wait for more arrivals
than the trailing customers.

In the PH/PH/2 case, graph 3.2 corresponds to service rates .15 and .05 with
probabilities .25 and .75 respectively. The arrival rate varies from .1 to .16. The wait
of a customer in a batch is composed of the wait for arrival of the succeeding cus-
tomers, the wait for service of the preceding customers, and the wait for the preced-
ing batches. The wait for the preceding batches is the same for all customers in the
batch and the wait for arrivals is always decreasing. The concave shape can be
explained by the wait for service, which supplants the wait for arrivals for the first
few customers. In graph 3.3, the service rates are .1 with probability .5 each and the

arrival rates are the same as above.

3.5 Summary

We have obtained the probability distribution of the waiting time of a customer in a
batch in a PH/PH/1 and a PH/PH/2 queuing system using the matrix-geometric
method. The results can be used to obtain exact results for single- and two-server
queuing systems. The models can also be applied at a macro level to merge a number
of facilities together and study them as one. Ultimately the models can help select
appropriate batch sizes. We will now attempt to study larger systems using simula-
tion. In the next chapter we establish the methodology and experimental design for the

simulation experiments.
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Chapter 4
Research Methodology

Experimental design is an important step in an empirical study. The design phase is
concerned with setting various parameters of the model and deciding on the conditions
under which the model will be appropriate. In this chapter we present the approach
that will be used to achieve the research objectives. We will review the methodology
and describe the statistical models, formulate statistical hypotheses consistent with the
research objectives, discuss the issues of verification/validation and data analysis, and
outline the research plan.

The objective in this research is to assess the performance of different batching
decisions under given configurations of a manufacturing facility by using experimental
design to measure the effect of batch size, demand, processing time variability, sched-
uling rule, and set-up time (independent variables) on flow time, flow time coefficient
of variance, resource utilization, and the percentage of tardy batches (dependent vari-
ables). Flow time of a job is the time that the job spends in the system. Tardiness is
the positive difference between the completion time and the due date of a job.

- In a flow line, each job must be processed once on each machine in the same
order. In a job shop, not all jobs require processing on all machines and some jobs
may require multiple operations on a single machine. Each job may also have a dif-
ferent sequence of operations and it may visit a machine more than once. The basic
assumption in this study is that a manufacturing facility can be decomposed into nodes
with the characteristics of flow lines or job shops. Further, a series of flow lines can
be represented by one flow line node and a group of job shops can be represented by
one job shop node. This transformation (which is beyond the scope of this study) can
be performed by replacing the similar consecutive nodes by a super-node. The set-up

and processing time of the super-node can then be moderated to model the bottleneck
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node in the individual facility. Alternatively, these two parameters can be moderated
so that the super-node models the entire facility. In this case, the parameters would
reflect the total set-up and processing time of the jobs processed in the facility. Thus,
the value of these two parameters should be greater for a job shop than for a flow
line. While this approach does not allow a detailed analysis of the facility, it is useful
in the product/process planning stage. These facilities usually experience bottlenecks
in the job shops because of the complex workflow. Appropriate batching and schedul-

ing rules can alleviate the bottlenecks thus smoothing the workflow in the facility.

4.1 Methodology

The methodology is composed of three steps. The first step is to (i) model a small
system with job shop and flow line attributes, (ii) acquire an understanding of the
interactions among the dependent and independent variables, (iii) verify the simulation
results with the analytical models, and (iv) iterate for larger systems. The second step
is to use experimental design and statistical hypotheses to find significant relationships
between the dependent and independent variables. The third step is to synthesize the
knowledge thus gained to make policy recommendations for generic systems.

The systems will be modeled using simulation and network models. The most
elementary system that can be modeled has two nodes—the first representing a flow
line and the second representing a job shop. A variation on this is a system with these
nodes in reverse order. More complex systems are three nodes in series with the
middle node representing a job shop and the outer nodes representing flow lines and a
series of alternating job shop and flow line nodes. This approach will allow an under-
standing of the interface between a flow line and a job shop and the interactions
among the dependent and independent variables. The methodology will also provide
general recommendations on policy issues.

Coding a simulation model is a first step in empirical research. Issues such as
initialization bias, verification, and validation must be resolved before the simulation

model can help quantify relationships between input and output variables, and serve as
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a precursor for good experimental design. Following the process description we

review these issues, suggest possible resolutions, and discuss the experimental design.

4.2 Process Description

o O

vl 550000 0000000 e,
of batches L L
O O
Flow line Job shop Flow line

A typical configuration

The facility consists of nodes arranged in series. Each node represents a flow line or a
job shop and is modeled by a single server. Because we are assuming that flow lines
and job shops can be used to represent a facility, flow line and job shop nodes always
alternate. The two types of node are differentiated by set-up and processing time, ie,
the values of these parameters are greater for a job shop than a flow line. Batches
arrive according to a Poisson process and wait for service. Note that arrival is in
batches in contrast with the analytical model in which customers arrive individually
and then form batches. Although individual arrivals are more realistic, the situation
can also be modeled by batch arrivals, noting the arrival of super-customers. These
are customers that complete the batch. Individual arrivals were also examined in pilot
runs of the simulation model. However, not only is this alternative computing time
intensive, it does not affect the performance measures significantly. Each batch incurs
a set-up before service. In a real-life situation, set-up may also be incurred within a
batch, eg, machine loading and machine breakdown, but these set-ups will be ignored.
If the server is busy, the batch waits for service, which proceeds without preemption.
Upon completion of service a batch advances to the next node or leaves the system if
there are no nodes left. All batches visit all the nodes once, and in the same sequence,

starting at the first node.
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4.3 Simulation Issues

Simulations can be classified broadly into terminating and non-terminating, depending
on whether there is an obvious way of determining run length. A terminating simula-
tion is one for which there is a natural event that stops the simulation. This event is
specified before any runs are made and it may also be a random variable. A non-
terminating simulation is one that has no such terminating event to specify run length.
Performance measures for such systems are often steady state parameters like the
mean. Whereas not many real systems reach a steady state, a simulation model may
reach steady state. The reason is that the system can change characteristics over time
as opposed to a simulation model. Usually one is interested in the long run (steady
state) properties of the system, ie, properties that are not influenced by the conditions
at time zero. Thus, a simulation can be terminating or non-terminating depending on
the objectives of the simulation study (Banks & Carson 1984, Law & Kelton 1991).

In this research, our interest is in the steady state behavior of the system.

4.3.1 Verification and validation

A simulation model is only an abstraction of the real system being studied and
should be looked at skeptically until its credence can be established. The process of
establishing that a simulation model is a credible representation of the real system is
called model verification and validation.

Model verification is accomplished by ensuring the correct programming and
implementation of the computer model. Techniques include sensitivity analy-
sis—executing the model under different conditions—and assessing the output for
accuracy, traces, and reprogramming selected components of the program. Validation
consists of ensuring that a model can be considered valid for all its applications (Sar-
gent 1988). Balci and Sargent (1984) proposed various techniques for validating a
model. The conclusive validation of a model patterned after a real facility is to com-

pare and contrast its behavior with the facility. In cases where the model is hypotheti-
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cal or the real facility is changing constantly, the three-step approach suggested by
Carson (1986) can be used. This approach consists of (i) developing a model with
high face validity, (ii) validating model specifications and assumptions, and (iii) vali-
dating model output.

The simulation model of the real facility was verified by interactive tracing.
Additional methods used were sensitivity analysis and reprogramming certain modules
of the code. As with verification, there is no predominant technique available for
validation (Hoover & Perry 1989). Face validity of the model was ensured by involv-
ing practitioners from the manufacturing facility during the coding stage. The legit-
imacy of model specifications and assumptions was ensured similarly. Most data used
were real-time and collected at the facility without human interference. Experimenta-
tion suggested that the simulation model was an adequate representation of the manu-

facturing facility.

4.3.2 Queuing network analyzer

There is always some degree of skepticism involved in validating a simulation
model. In this study we will use the Queuing Network Analyzer (QNA) as a valida-
tion tool for the simulation and to develop approximations for the performance
measures. QNA analyzes networks of queues with the FCFS discipline and no capac-
ity constraints. QNA supports three basic network operations: (i) merging, (ii) split-
ting, and (iii) departure. External arrival processes can be non-Poisson and the service
time distribution can be non-Exponential. It characterizes the arrival process and
service time distributions by their first two moments, the mean and variability. The
nodes are then analyzed individually as standard G/G/m queues. Congestion measures
for the network as a whole are obtained by assuming that the nodes are stochastically
independent given the approximate flow parameters (Whitt 1983a).

The first step in the algorithm is to solve for the flow rates and the variability
parameters of the internal arrival processes. The second step is to compute approxi-
mate congestion measures for each queue separately by regarding it as a G/G/m queue

in which the arrival process and the service time distribution are characterized by the
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rate and variability parameters. The final step is to calculate congestion measures for
the network as a whole (Whitt 1983b).

As an example, consider an open network containing a single node with a
single server, and the FCFS discipline (Whitt 1983a). The standard Markov model of
this network is the classical M/M/1 queue with Poisson arrival and Exponential ser-
vice. The expected waiting time (before service), E[W] = 7p/(1—p), where 7 is the
mean service time, p is the traffic intensity, and 0<p<1. QNA uses an approxima-
tion for the G/G/1 model to represent this network. The G/G/1 model has a renewal
arrival process and both the interarrival and the service time distributions are General.

In QNA, the arrival process is represented by a renewal process characterized by two
parameters: the arrival rate A and the variability parameter c¢>. The service time
distribution is also characterized by two parameters: the mean service time 7 and the

variability parameter ¢?. The expression for the expected waiting time in QNA is

1 =1
<1 <1’

2 2
C*C

E[W] = M, where g = g(p,ci,¢}) =
2(1-p)

When g=1, the above formula differs from E[W] in an M/M/1 model by (cﬁ + cf)/2.

When the arrival is Poisson and the service time is Exponential, ¢’ = cf = 1. Thus,

in a network with Poisson arrival and Exponential service, QNA gives exact results.
QNA is a tool that is adaptable to diverse modeling situations. However, it is based

on some restrictive assumptions—it cannot capture the detail of a simulation model.

4.3.3 Output analysis

| A discrete event simulation aggregates the confluence of many random vari-
ables. Not surprisingly, the output of the model is itself a random variable, which can
be misinterpreted easily. This could result in false conclusions about the system that
the simulation represents. When analyzing simulation output, it is essential that the

data verify the classical assumptions of being independent and distributed identically.
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The major issues involved are those of initialization bias, normality, and correlation.

The data collected during the early part of a simulation may be biased by the
initial state of the system. Initialization bias is the effect of the “warmup period” on
the performance measures. A simple solution is to determine the length of the warm-
up period by graphing the performance measure against time and discarding the obser-
vations during the transient phase. Schruben (1982) and Schruben et al (1983) pres-
ented techniques for detecting initialization bias in simulation output.

. The variables should also be distributed normally. There are many tests for
determining normality. A popular graphical test is the Normal probability plot, where
the observations are arranged in increasing order of magnitude and plotted against
expected Normal distribution values. The plot should resemble a straight line in the
presence of normality. Another option is to examine the histogram for the variable.

Another problem is that of correlation between successive observations arising
from a simulation, ie, the observations are not independent of each other. Batching
(Conway 1963) is a conceptually straightforward method that transforms correlated
observations into fewer (almost) uncorrelated and normally distributed batch means.
In this method, one long simulation is performed and the performance measures are
recorded periodically and then reset. The time period may be based on either the
simulation clock or the occurrence of a certain number of events. If the lapse between
successive resets is sufficiently large, the statistics accumulated during each interval
may be considered independent (Hoover & Perry, 1989). The method of batch means

assumes that initial transient effects have been removed (Schmeiser 1982).

4.3.4 Variance reduction

In many simulation studies, there is often an opportunity to run the simulation
in a way that would get more precise estimates, than would be possible otherwise by
running the simulation in a normal, straightforward way. A primary means of obtain-
ing more precise estimates of the relevant parameters is by reducing the variance of
the point estimates of the parameters. One approach toward reducing variability is to

operate the different models under identical random conditions. This eliminates a
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source of variability thus causing the performance measures to have lower variance
(Thesen & Travis 1988).

Common random numbers and antithetic variates are often used for variance
reduction. The method of antithetic variates entails inducing negative correlation
between the appropriate input random variables. Whereas the use of antithetic variates
draws on many subtleties (Henriksen & Crain 1989, Law & Kelton 1991), the com-
mon random number technique is conceptually simple and will be used in this
research. The technique requires using the same random number stream across alter-
nate configurations of the model, thus reducing a source of variability. It may be
noted that these techniques are limited in use and may even backfire if the random
number streams are not synchronized across alternative configurations. It is not
known whether the common random number technique will be effective in containing

variance.

4.4 Experimental Design

Simulation is an evaluative technique—it can provide only an estimate of the chosen
perfofmance parameters. An optimal set of these parameters would require a pro-
cedure that can quantify the relationships among these parameters and detect relation-
ships that are significant. Factorial design is one such technique that can be used for
examining the impact of these factors on the response variables. In a factorial design,
each replication of the experiment examines all possible combinations of the levels of
the factors. Factorial design has many benefits. A factorial design (Montgomery
1991): (i) is more efficient than one-factor-at-a-time experiments, (ii) is necessary
when interactions may be present to avoid misleading conclusions, and (iii) allows the
effects of a factor to be estimated at several levels of the other factors, yielding con-
clusions that are valid over a range of experimental conditions.

In this research, five levels of batch size, four levels of scheduling rule, two
levels of set-up time, two levels of demand, and two levels of processing time vari-

ability will be examined. Batch size is 10, 20, 30, 40, or 50. Small batches scheduled
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in SPT may lower WIP; large batches scheduled in LPT may increase resource utiliz-
ation. Note that when the batches are ordered by processing times, small and large
refer to the processing times. Scheduling in SPT and LPT is done by the processing
time added to set-up time over all nodes. These batch sizes may be restrictive but the
intent is to provide a framework for decision making. Demand is moderated by inter-
arrival time, which is Exponential. Interarrival time varies with batch size. This
ensures that the facility processes roughly the same amount of work irrespective of
the batch size. The two levels of interarrival time are aimed at achieving 60% and
80% utilization of the bottleneck (job shop) nodes respectively. The higher level
ensures that there are queues sufficiently long for the scheduling rules to be effective.
The interarrival times are calculated using Little’s law since the utilization and service
times are known.

~ Scheduling rule is FIFO, LPT, SPT, or EDD. FIFO is chosen as a base case
with which the effect of the other three rules can be compared. LPT has been recom-
mended in many studies (eg, Dobson et al 1987, Naddef & Santos 1988) as releasing
large batches first reduces variability in the system. SPT is chosen because it may
affect flow time and WIP favorably. Meeting due dates has been cited as the most
important criterion by practitioners (Smith et al 1986). Due dates are decided by the
Total Work Content (TWK) method (Conway 1965). This method is preferred by
researchers in assigning due dates (Baker & Kanet 1983). According to this method,
the due date of a job is its arrival time added to a constant (=1) multiplied by the
job’s total processing time. The constant used in this research is 20. This value
returns a wide range of percent tardy batches and is based on pilot runs of the simula-
tion model. Set-up time is Exponential with a mean of 5 minutes/batch for the flow
line nodes and 10 or 20 minutes/batch for the job shop nodes. Processing time is
Exponential for the flow line nodes with a mean of one minute/job and Exponential or
Normal for the job shop nodes with a mean of two minutes/job. Processing time
variability applies to the Normal distribution only and the two levels are N(2,.66) and
N(2,.1).
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Parameter Settings

FLOW LINE JOB SHOP
BATCH SIZE 10, 20, 30, 40, 50
SCHEDULING RULE FIFO, SPT, LPT, EDD
SET-UP E(5) E(10),E(20)
DEMAND 60%, 80%
(resource utilization)
PROCESSING TIME/JOB E(1) E(2), N(2,.1), N(2,.66)

There are 100 replications of each experiment. Each replicate contains all 160 combi-

nations of the independent variables. There are four dependent variables (resource

utilization, flow time, flow time CV, and percent tardy batches). Let Yumry TEDTESENL

the observation for the ith level of batch size, jth level of demand, kth level of sched-

uling rule, Ith level of set-up, and mth level of processing time variability in the rth

replicate for the vth independent variable. The observation can be described by the

linear statistical model,

Yijklmrv =

for

By, + ooy + ij + Yo + 6, + o (aﬁ)ijv + (V) + (@d)y, + ()i
+ BV + B0 + BDjm + YOy + (Yiwy + Oy + (@B +
(aB0)yy, + (@Bjm + (@Y, + (@YD + (@6, + (BYO), +
BY Do + By + (YO amy + (@BYO)jsy + (BYjomy + (OB iy
+ (Y wm + BV iy + @BV ijitmy t € jtamms

(batch size) i = 1,2,3,4,5;
(scheduling rule) j = 1,2,3,4;
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(set-up time) k = 1,2;

(demand) [ = 1,2;

(processing time variability) m = 1,2;
(replicate) r = 1,...,100; and
(independent variable) v = 1,2,3.4;

where

u, = overall mean effect;

oy, = effect of the ith level of batch size;

B;, = effect of the jth level of scheduling rule;

Y = effect of the kth level of set-up time;

0, = effect of the /th level of demand;

$m = effect of the mth level of processing time variability;
(oB)y;, = effect of the interaction between ¢; and B
(ary)y, = effect of the interaction between ¢; and 7y,;
(), = effect of the interaction between ¢; and §;;
(), = effect of the interaction between o; and ¢,;
(Bv);, = effect of the interaction between B; and v,;
(B0),, = effect of the interaction between B; and §;;
(B8);m = effect of the interaction between B; and ¢,;
(v0),, = effect of the interaction between vy, and §;;
(YO = effect of the interaction between v, and ¢,,;
(09),,, = effect of the interaction between §, and ¢{,;
(B = effect of the interaction among o, 8, and v,;
(e30);, = effect of the interaction among «;, 3, and §;
(aB$)my = effect of the interaction among o, §;, and ¢,;
(cvyd)y,, = effect of the interaction among «;, v,, and §;;
(ay)ymy = effect of the interaction among o, v,, and {,;

(0e00);,, = effect of the interaction among «;, 6, and ¢, ;
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(B6);,, = effect of the interaction among £, v,, and §;
(BY$)jumy = effect of the interaction among 8, v;, and §,;
(B68)um, = effect of the interaction among £, 6, and §,;

(Y6 um = effect of the interaction among v,, §,, and ¢, ;
(0By6)yy, = effect of the interaction among «;, B;, 7,, and §;
(oBy$)jmy = effect of the interaction among «;, B V> and §,;
(af36{);,, = effect of the interaction among o, B, 6, and ¢{,;

(0¥6)yym, = effect of the interaction among «;, v,, 6;, and ¢,;

(BY6D)umy = effect of the interaction among B, Y 6, and {,; and

(oBv68) jumy = effect of the interaction among «;, B Yi» 0, and

on the vth dependent variable, and e,,, is the random error component. We are
interested in the main effects and the first order interactions only. While the use of
such a model with factorial design can measure the effects, the real power of factorial
design lies in hypothesis testing, ie, testing which of these effects affect the dependent

variable(s) in a statistically significant sense.

4.5 Research Hypotheses

Hypothesis testing allows the comparison of different configurations of a system to be
made on objective terms, with a knowledge of the risks associated with reaching the
wrong conclusion (Montgomery 1991). In this research, statistical hypotheses are
formulated to analyze differences among treatment levels (levels of independent vari-
ables) and their effect on the dependent variables. Two procedures are employed:
analysis of variance (ANOVA) and multivariate analysis of variance (MANOVA).
ANOVA is a univariate procedure as it is used to assess differences among treatment
levels on a dependent variable. In other words, ANOVA is used to determine if
samples are from populations with equal means. MANOVA is a multivariate pro-
cedure as it is used to assess simultaneously differences among treatment levels across

several dependent variables. Both test for equality of two or more population means.
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MANOVA is an extension of ANOVA, ie, for evéry F statistic in ANOVA that eval-
uates treatment effects on a dependent variable, there is a corresponding multivariate
statistic (eg, Wilks’ A) that evaluates the same effect on a set of dependent variables.
As statistical inference procedures, both ANOVA and MANOVA are used to assess
the statistical significance of differences among treatment levels (Hair et al 1987).
There are three main approaches that can be used to analyze data from a
multivariate experiment (Hummel & Sligo 1971). One approach is to test each H,:
rii=u, With ANOVA. A second approach is to conduct an overall multivariate test of
Hy: py=p,. If Hy is rejected then one can infer that 1 # 1y, for at least one j. Cramer
and Bock (1966) recommended that ANOVA can then be run on each variable separ-
ately. A third approach by Morrison (1967) follows the rejection of H, with simulta-
neous confidence intervals developed by Roy and Bose (1953). This approach controls
overall « for many comparisons. Barcikowski (1983) and Hummel and Sligo (1971)
recommended the combination M/ANOVA approach for testing hypotheses because it
controls experimentwise error rate (probability that at least one comparison will be
declared significant when in fact H, is true for all comparisons) better than the other
two approaches. According to this approach, an overall multivariate test is conducted.
If the test is significant, further post hoc experimentation (eg, univariate tests on each

response variable) is conducted.

4.6 Multivariate Hypotheses

Following Barcikowski (1983) and Hummel and Sligo (1971), MANOVA will be used
initially to evaluate differences among factor levels on the set of dependent variables.
On indication of significance of these differences, ANOVA will be used to test the
significance of the factor levels on individual dependent variables.

MANOVA is based on the following assumptions (Stevens 1992):
¢ The observations on the dependent variables follow a multivariate Normal distribu-
tion.

® The variance-covariance matrices for the dependent variables in each group are
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equal.

¢ The non-diagonal terms in the variance-covariance matrix are zero.

Multiyariate normality is a more exacting assumption than normality in ANOVA. A
necessary condition for multivariate normality is that each variable must be distributed
normally. Also, any linear combination of the variables and all subsets of the set of
variables must be distributed normally. Various studies (eg, Hopkins & Clay 1963,
Mardia 1971, Everitt 1979) suggest that for up to 10 variables and moderate sample
sizes, deviation from multivariate normality has only a small effect on type I error.
There are several techniques available for checking multivariate normality (see Gnana-
desikan 1977) but they are difficult to implement. The assumption of homogeneity of
covariance matrices is also very restrictive. This assumption can be checked by apply-
ing a Box test (Stevens 1992).

MANOVA provides an overall test of differences among treatment levels. It
implicitly tests the composite of response variables that provides the strongest evi-
dence of overall differences between treatment levels. To determine overall signifi-
cance, statistical software provides test statistics such as Wilks’ A, Pillai’s criterion,
Hotelling’s trace, and Roy’s maximum root criterion. These can be approximated by
an F statistic. Six hypotheses will be tested. The first five are related to the five inde-

pendent variables and the last one to the interaction terms.

1H,: There is no significant overall effect of the five batch sizes on the composite
measure of the four dependent variables, ie, (oyq,0t,0435,000) = (Q1,000,00;.
s0g) = (Qta1,030,033,0030) = (Qlays Qs a3, Clag) = (s, 02, 0t53,0t50) = 0

1H;: At least one (o;,0,0,04,) # O Vi

2H,. There is no significant overall effect of the four scheduling rules on the com-

posite measure of the four dependent variables, ie, (8,1,812,813,810) = (B21,822:-

6239624) = (531,532,333,334) = (6413642’6433644) =0
2H;: At least one (B1,81583,8;) # 0 V)
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3H,:

3H;:

4H,:

4H,:

S5H,:

S5H;:

6H,:

6H,:

There is no significant overall effect of the two set-up times on the composite
measure of the four dependent variables, i€, (Y;1,V12,Y13:Y1d) = (Ya1,Y22,Y23:Y24)
=0

At least one (Y, YisYis Yis) #= O VK

There is no significant overall effect of the two levels of demand on the com-
posite measure of the four dependent variables, ie, (8;1,612,013,014) = (821,02,-
023,004) = 0

At least one (6,,0,,0,,6,) #= 0 VI

There is no significant overall effect of the two levels of processing time vari-

ability on the composite measure of the four dependent variables, ie, ({i1,$5.-

‘ $13:$10) = ($215$225$23,$2) = 0

At least one (&1 Sz Snzs $oa) # 0 VI

There is no significant overall effect of the two-factor interactions on the
composite measure of the four dependent variables, ie,
[(aB)y1, (@B) 25 () 3, (@B)ya] = O

[ (@V)ias (@V)aas (@) = 0

[(d)yy,(ctd) 2, (0t0);3, ()] = O

[ im1> (@i (0035 (2)a] = O

LBVt (B> B3 (BY)jual = O

[(86);11,(86);2,(88);13,(BS)u] = O

[BE)im1> (B jma> (B jm3s Bjmal = 0

[CY)tat> (YO (Y35 (¥)iis] = O

YDkt Y Do Y Dtns (Y Oal = O

[0 im1> (B in2» (03 (VO] = O ¥V ik, Lm
At least one of [(a:8);1,(c8);2.(0B)3,(B) ] # O
At least one of [(a)uy,(@¥)ias (@Y )us (0¥)za] # O
At least one of [(d);;,(0);n,(0)s,(d)y] # 0
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At least one of [(ctd) 1, (0092 (@3 (@)ima]l # O
At least one of [(Bv)1,(BY)j2,(BY)jas(BY)nal # O
At least one of [(80)1,(36);,,(86)5,(B6)u] # O
At Jeast one of [(B8);15(B)m2s (B3> (Bjmal # O
At least one of [(Y0)ur»(Y0us (Y03 (YOl # O
At least one of [(y 1> (¥ Dionzs (¥ Dianz> (Y imal # 0
At least one of [(6£)15(68)im2s (68D n3s (Y)imal # O

4.7 Univariate Hypotheses

Once MANOVA has been used to detect significant overall relationships, ANOVA
will be used to assess specific factors and interactions that are significant.

ANOVA is based on the following assumptions (Stevens 1992):
Normality: The observations are distributed normally on the dependent variable in
each group.
Homoscedasticity: The population variances for the groups are equal.

Independence: The observations are not correlated.

ANOVA is fairly immune to slight deviations from the above assumptions. Recall that
the nominal o (level of significance) is set by the experimenter, and is the probability
of type I error. It is the proportion of time one is rejecting H, falsely when all as-
sumptions are met. The actual « is the proportion of time one is rejecting falsely if
one or more assumptions are violated. The F statistic is quite robust with respect to
the normality assumption, ie, actual @ =~ nominal «. The reason is the Central Limit
Theorem, which states that the sum of independent observations from any distribution
approaches a Normal distribution as the number of observations increases. This also
implies that the mean approaches normality, which is what the sampling distribution
of F is based on. Wesolowsky (1976) stated that “In large samples lack of normality
has no important consequences and in small samples it is difficult to prove.”

- There are many tests available for assessing normality. Among the graphical
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ones are Normal probability plots and histograms. More rigorous tests include the x>
goodness of fit, Kolmogorov-Smirnov (KS), and the Shapiro-Wilk (SW) tests. The x2
test depends on the intervals used for grouping and it can be used for discrete or
continuous data. The KS test has many advantages over the x? test. The KS test works
with small samples, no information is lost by grouping data into classes, and it is
more powerful than the x* test, ie, at a given « the KS test is less likely to accept a
false H,. However, the KS test applies only to continuous distributions. Shapiro et al
(1968) showed that the KS test is not as powerful as the SW test. D’Agostino (1986)
claimed that “For testing normality, the Kolmogorov-Smirnov test is only a historical
curiosity. It should never be used ...”.

When group' sizes are equal, the F statistic is also robust against heterogeneous
variances (Stevens 1992). There are tests available for establishing heteroscedasticity,
eg, Spearman rank-correlation test. If heteroscedasticity is established by either of
these tests, the appropriate solution is to apply a variance stabilizing transformation to
the original model (Berenson et al 1983). The independence assumption is the most
important one, for even a small violation substantially effects both the significance
level and the power of the F test. Dependence among observations can be measured

by the intraclass correlation R, where (Stevens 1992):

 Ms,-Ms,
MS,+ (n-1)MS,

MS, and MS, are the numerator and denominator from the F statistic and n is the
number of subjects per group.

The univariate hypotheses are based on conjectures proposed in the litera-
ture—they are aimed at examining operational issues that were mentioned in §1.2.
The population mean of an effect is obtained by combining the means of all the con-

figurations possible for that effect.

TH,: There is no significant difference in population means of mean resource utiliz-

ation when the system is configured with the five batch sizes, four scheduling
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TH,:

8H,:

8H;:

OH,

9H;:

10H,:

10H,:

rules, two set-up times, two levels of demand, and two levels of processing
time variability, ie, oy = 8, = vy =8y = {y = 0, Vijkim

At least one each of oy, B, Yigs 05 Fuy # O

There is no significant difference in population means of mean resource utiliz-
ation when the system is configured with any pair of batch size, scheduling
rule, set-up time, demand, and processing time variability. In other words first
order interactions are not significant, ie, @By = (ay)m = @)y = (@D =
By = B0y = Bjm = (¥uy = ¥ Diws = Oy = OV i,k Lm

At least one each of (ef)y, (V)i (@0)y, (@ims BVigr BOys (Bjms
(s Ymis Gy # 0

There is no significant difference in population means of mean flow time when
the system is configured with the five batch sizes, four scheduling rules, two
set-up times, two levels of demand, and two levels of processing time variabil-
ity, ie, oy = By = yu = 6y = $u = 0, Vijklm

At least one each of oy, B8y, Vi, Oy $my # O

There is no significant difference in population means of mean flow time when
the system is configured with any pair of batch size, scheduling rule, set-up
time, demand, and processing time variability. In other words first order inter-
actions are not significant, ie, @By = (@YV)p = (@d)ip = ()i = BV =
B)n = Bz = Yip = (Y2 = 6Dz = OV iji ks Lm

At least one each of (aB)j, (@V)ias (@0)ins ()imas BVias BOs (BY)jmas

_ (YOhs (Ymz> 6y # 0

11H,:

There is no significant difference in population means of mean flow time CV
when the system is configured with the five batch sizes, four scheduling rules,
two set-up times, two levels of demand, and two levels of processing time

variability, ie, oy = 85 = v = 03 = {3, = 0, V i,j,k.Lm
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11H,:

12H,:

12H;:

13H,:

13H;:

14H,:

At least one each of 3, B3, Vizs 05, Sz # O

There is no significant difference in population means of mean flow time CV
when the system is configured with any pair of batch size, scheduling rule,
set-up time, demand, and processing time variability. In other words first
order interactions are not significant, ie, (@B = (ay)ys = @)z = (@)s =
BV = B0z = Bjms = (Yiz = (YDioms = 0D = OV i,k Lm

At least one each of (aB)j, (@V)iss (@O)iss (@ims>s BVjs> BO)iss (BEjmss
YOzs (Yhmas (693 # 0

There is no significant difference in population means of mean percent tardy
batches when the system is configured with the five batch sizes, four schedul-
ing rules, two set-up times, two levels of demand, and two levels of process-
ing time variability, ie, cy = By = Y44 = 8y = & = 0, V ik Lm

At least one each of o, B4, Vias Oi Ss = O

There is no significant difference in population means of mean percent tardy
batches when the system is configured with any pair of batch size, scheduling
rule, set-up time, demand, and processing time variability. In other words first

order interactions are not significant, ie, (@B);, = (Vs = @)y = (A ims =

. (B'Y)jm = (35)1'14 = (Bg‘)jmtl = (76)1d4 = (YOims = O = 0V LjklLm
14H,:

At least one each of (aﬁ)iﬂ’ (a'Y)ikM (‘3‘5)1’14’ (ag.)inm? (B'Y)jku (66),14, (Bf)jmu
(')’6)k14’ (’Yg-)kmb (6{)1”‘4 # O

4.8 Multiple Regression

Multiple regression will be used to further explore the factors and interactions that are

declared significant by ANOVA. In multiple regression we are interested in predicting

a dependent variable from a set of predictors.

The assumptions necessary for regression analysis are analogous to those of
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ANOVA. To assess the validity of the linear model it is assumed that the error term e
is distributed normally with mean zero, and the error terms are independent. The
homoscedasticity assumption implies that the variation about the regression line is
constant for all values of the independent variable. There is the added assumption of
linearity in linear regression, ie, there is a linear relationship between the dependent
variable and each independent variable. Residual plots can be used to assess violations
against the assumptions underlying the regression model.

Autocorrelation occurs when the error terms are correlated. It is detected
easily by plotting residuals against time. A regular time pattern shows autocorrelation.
Possible causes are omitted explanatory variables and a mis-specified model. Tradi-
tional tests include the Durbin-Watson test (Durbin & Watson 1950,1951) for small
samples. Another common problem in regression is that of multicollinearity, ie, linear
relationships among explanatory variables. An obvious indicator is the correlation
matrix calculated from the set of explanatory variables. Other indicators are reversed
signs of certain regression coefficients and large standard errors. If the explanatory
variables are correlated, their order of entry can make a significant difference toward
the variance on y. Multicollinearity can limit R severely and prevent determining the
importance of individual predictors since they are confounded due to correlation.
Koutsoyiannis  (1977) suggested some solutions for autocorrelation and
multicollinearity.

Regression analysis is more powerful than ANOVA—it gives all the informa-
tion that ANOVA does and it provides numerical estimates for the influence of each
independent variable (Koutsoyiannis 1977). The general linear model with first order

interactions is:
Y = Bot) Bx+d D Bxxe,
t ! i<jj

where (), 3;, and §3; are the parameters to be estimated and e is the prediction error.
In general, the linear combination of the x; that is maximally correlated with y is

sought. In this research, there are four variables to be predicted (resource utilization,
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flow time, flow time CV, and percent tardy batches) and there are five predictor
variables (batch size, scheduling rule, set-up time, demand, and processing time

variability).

Resource utilization, Flow time, Flow time CV, Percent tardy batches = f, + f,
Batch size, ;345 + B, Scheduling rule, 5, + B3 Set-up time,, + B8, Demand,, + fs

Processing time variability, ,

Equivalently (with first order interactions):

Y= By + Bix; + Boxy + Bxs + Bxg + Bsxs + Buxixy + Baxixs + Braxixy +
 BisxiXs + By + BawkaXy + BuskyXs + Basxsxy + Basxaxs + Busxxs + €50 =
1,2,3

where

x; = batch size,

x; = 1 if work release is SPT, 0 otherwise (FIFO),
Xy = 1 if work release is LPT, O otherwise,

Xy = 1 if work release is EDD, 0 otherwise,

X3 = set-up time,

x, = demand, and

X; = processing time variability.

4.9 Summary

The first step in experimental design is to conduct pilot runs of the simulation and
check for face validity of the model and its assumptions. The simulation is non-ter-
minating since we are interested in steady state parameters like the mean. Common
random numbers are used in an attempt to contain variance. The issues of

initialization bias and autocorrelation will be examined by using suitable techniques
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like discarding output during the warmup period and batching subsequent runs. Fol-
lowing verification and validation by QNA, the 160 configurations will be replicated
100 times each. The simulation output will be examined for the assumptions of
ANOVA, MANOVA, and Regression. The techniques mentioned earlier can be used
to transform the data to satisfy these assumptions. Statistical analysis will consist of
conducting MANOVA tests. Following a rejection of H, (equal population means),
ANOVA will be used to test individual relationships. The significant relationships will
be explored further by multiple regression. These relationships will be used to form
recommendations for batch manufacturing systems. In the next chapter, we present

the queuing network model and a qualitative analysis of the results.
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Chapter 5
Analysis

The analysis phase is normally used to compare alternative configurations of a sys-
tem. The analysis that is possible depends on the decisions made in the design stage.
We are interested in evaluating the performance of different batching policies under
given configurations of a manufacturing facility with flow lines and job shops. The
factors that lend to the various configurations range from ones that are regulated
easily, such as batch size and scheduling rule, to ones that are not under immediate
control, such as set-up time and processing time variability. Further, factors such as
demand are completely exogenous. Response variables are resource utilization, mean
and CV of the flow time of a batch, and percent tardy batches. We describe the simu-
lation model, formulate the network model, validate the simulation model, and ana-

lyze the results.

5.1 Simulation Model

The simulation models are written in GPSS/H (Banks er al 1989, Schriber
1974,1991). The discrete-event nature and linear flow of the manufacturing system
lend themselves well to a process driven approach. Batches arrive according to a
Poisson process. Each batch is assigned parameters corresponding to set-up and pro-
cessing time at each node. The arrival time of the batch is recorded and the due date
is assigned. Depending on the scheduling rule, the batches are rearranged and then
released for processing. Prior to service, the server goes through set-up during which
time it is unavailable. Following set-up the batch is processed without preemption.
After service, the batch advances to the next server and signals the waiting batch(es)

that the server is free. Before leaving the system the batch updates statistics such as
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the flow time, tardiness, and total number of batches processed.

Each configuration is replicated 100 times. The system reaches steady state
during the first 36 hours. The data for the first 48 hours are discarded to control
initialization bias. Each replication lasts 5 days of 24 hours each. The long run period
and large number of replications ensure high (statistical) power and low variance in
the estimates of the performance measures.

Five configurations were simulated. The most elementary system is a flow line
node (F) followed by a job shop node (J). Somewhat more involved is the system
with these nodes in reverse order, ie, J-F. This system is more complex because it is
difficult to predict the behavior of a job shop and the uncertainty accumulates along
the system. The third system simulated was constructed by adding a flow line node to
the previous systems. This system can be viewed as F-(J-F) or (F-J)-F, ie, a flow line
node ‘preceding J-F or succeeding F-J. The fourth system evaluated was constructed
by adding a job shop node instead. This system can be considered as (J-F)-J or J-(F-
J). The final configuration examined was F-J-F-J-F.

The gradual construction of the systems allowed an understanding of the inter-
face between a flow line and job shop and the interactions among the dependent and
independent variables. Further experimentation was deemed unnecessary, especially in
view of the computing time overhead. The simulation model was verified by sensitiv-
ity analysis and interactive tracing. In the following we present the network model

and validate the simulation using the analytical results.

5.2 Network Model

The analytical model is based on queuing networks and uses the Queuing Network
Analyzer (QNA) developed by Whitt (1983a). QNA takes a decomposition approach
toward analyzing networks. It captures the dependence among nodes and then decom-
poses the network into individual nodes. Each node is then analyzed as a separate
G/G/m queue that is characterized by the first two moments of the arrival and service

time distributions. Performance measures for the entire network are obtained by as-

75



suming as an approximation that the nodes are stochastically independent.

For each network the user specifies the number of nodes and the number of
servers at each node. The arrival and service processes at each node are characterized
by the mean and variability parameters. Finally, a routing matrix indicates the propor-

tion of customers that go to node j from node i. The input data is as follows:

n = number of nodes in the network

m; = number of servers at node j

Ao = external arrival rate to node j

cgj = variability parameter of the external arrival process
7; = mean service time at node j

cfj = variability parameter of the service time distribution

g; = proportion of customers completing service at node i and going to node j

Total arrival rate to node j, N; = A+ Ng,
1

Utilization of node i, p; = N7/m,
Arrival rate to node j from node i, \; = \g;

Proportion of arrivals to j from i (i20), p; = Nj/\,

i

The most important step is the system of equations that compute variability parame-
ters of the internal flows (cﬁj) and thus capture the dependency among the nodes

before decomposing the network and treating each node independently.
2 “ 2
Caj = aj'*'z ca,'bij N
1
where

a, = 1+w, [pojc;.-l +; p1 —qij+q,.jpfxl.)] , and
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bij = w}.p,.jq,.j(l—pf) .

The variables x; and w; are included to ease modification of the algorithm.

max(c?,.2)-1
x =1+ -

J
Vmi

w, = 1 , where v, = nl .
P
0

, and

’ 1+4(1 '—pj)2(vj_1)

At this point we have decomposed the network into individual nodes. We can now
treat each node as a separate G/G/m queue and calculate the congestion measures for
the node. Each node is characterized by the number of servers and the rate and vari-
ability parameters of the arrival and service processes.
The steady state waiting time (before service) in a G/G/1 queue,
T0(Ca+C;)8

E = b4
e 2(1-p)

where

2p-1)(1-6}?
i+ Y
e 3p(ca+c;) Cz < 1

87 11 =1

The probability of delay,

o = p+(ci-Dp(1-p)h ,

where
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2 2
1 +Co TP

2
c <1
1+p(c2-1)+pX4ck+c?)
ho=)
_T_ffz__z_ ci=1
Cq +p2(4ca +Cs)

.

The variability parameter of the waiting time,

2
2 CD+1—0
Cy = ,
o

and
V(W) = E[W]c3, .

We can now calculate the performance measures for the entire network.

Mean time spent by a customer at node i, E[T] = 7,+E[W].

Total time spent by the customer in the network (flow time), E[T] = Z E[T].
1

Thus, W(T)) = V(W)+7ic;; and W(T) = ¥ V(T).
1

The details of the algorithm and some extensions (eg, merging and splitting) that are
not relevant to this study have been omitted. However, the algorithm can be modified
easily to handle these extensions. In the following, we formulate the model for a case
of two nodes. The intent is to find approximations for the performance measures. It is
possible to find closed form results for larger systems but the expressions are substan-

tially more onerous.
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n=2

m= (1)
N = (A 0)
co = (10)
T = (1,7

2 2 2
¢ = (Cy Cq)

o

A= (Mor Aop)
o = (p; P)

1 O
D = 0 )‘01/)‘2
0 O

v=w=(11)

a =1 pick)

0 1-0°
b = P1
0 0

2 2,22
¢. = (1 1-pi+pic)

E[W] = Tlp1(1+cs21)g 7202(1-p?+pf6‘31+032)g
220, 720,

o = (o, py+(pici—-pDo,(1-p,)h)
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2. 22 22 2
2-p;  2-pi+picy-p,~(piCy —p1)e,(1-p)h

2 —
Cw = 0 72 2
1 p2+(plcs1 _pl)pz(l _pz)h

The expressions for V(W), E[T], and V(T) can be computed easily from the above
parameters. These expressions are unwieldy and will be omitted.

QNA was coded in Fortran to obtain numerical results. The analytical results
compared favorably with the simulation output as shown in graph 5.1. QNA gives
approximate results because the internal arrival processes are usually not renewal

processes. QNA also assumes that the system is in steady state. Additionally, the
reliability of the approximations decreases when c. increases. Thus, while the utiliz-

ation estimates from QNA are reliable, the flow time results are not. Jackman and
Johnson (1993) found similar results in evaluating queuing network models.

We now analyze the simulation results. The discussion will be segregated by
the service time distribution of the job shop node. Within this taxonomy, we will
categorize by demand, set-up time, and processing time variability. All five configur-
ations will be discussed individually with respect to the four perfoﬁnénce measures.
Further, the effect of the four scheduling rules will be examined. Thus, we will
observe the following hierarchy for analyzing the results: processing time distribution
of the job shop node (Exponential, Normal), demand (low, high), set-up time (low,
high), processing time variability (low, high), system configuration (F-J, J-E, F-J-F,
J-F-J, F-J-F-J-F), performance measure (resource utilization, flow time, flow time
coefficient of variance, percent tardy batches), scheduling rule (FIFO, SPT, LPT,
EDD), and batch size (10, 20, 30, 40, 50). The graphs are in the Appendix. The page
numbers of the graphs are indicated next to the corresponding sections. The unit of

flow time is minutes.
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5.3 Exponential Service

This section corresponds to Exponential service at the job shop node. The mean ser-

vice time is two minutes/job.

Low demand, low set-up (p115): The first configuration tested was F-J. Resource
utilization (RU) is approximately the same for all scheduling rules. This is because
roughly the same amount of work is processed under all scheduling rules. Flow time
(FT) increases with batch size because large batches incur more processing time.
Flow time CV (FTCV) decreases with batch size because large batches reduce vari-
ability by optimizing on set-ups. The results for percentage of jobs that are tardy (PT)
are similar to those of flow time.

The second configuration tested was J-F. RU in J-F is somewhat lower than in
F-J. A job shop is usually the bottleneck in a system. When a job shop is the first
node in a system it delays work for the rest of the system thus lowering utilization.
FT is also higher in comparison with F-J for the same reason. FT is highest under
LPT and lowest under SPT. Scheduling rules are effective in J-F because the first
node is a bottleneck. FTCV is lowest for FIFO and highest for SPT. This is because
under FIFO batches are released to the system without reordering whereas the sched-
uling rules reorder the queue as new batches arrive, thus adding variability to the FT.
This effect is compounded in J-F as the bottleneck at the beginning of the facility
results in a longer queue as compared to F-J. Thus, FICV is lower for FIFO in J-F
than in F-J and higher for scheduling rules. PT first decreases with batch size and
then increases. The decrease is probably due to set-ups whose effect diminishes after
a certain batch size (cf §1.2). PT is higher than in F-J because of increased FT.

The third configuration tested was F-J-F. RU is lower than in F-J or J-F
because the job shop node restricts work for the following flow line node and RU is
averaged over all the nodes. FT is higher than in F-J but lower than in J-E FTCV is
lower than in F-J because of the increased FT. Similarly PT is slightly higher. The

82



graphs for F-J-F are similar to F-J, and not J-F. This demonstrates that F-J-F is
similar to (F-J)-F and not F-(J-F), ie, a flow line node succeeding a manufacturing
facility causes less variation in a system than one preceding. This observation can be
important in gaging the performance of design changes to the system.

The fourth system tested was J-F-J. As compared with previous configurations,
RU, FT, and PT are higher because of the added node. FICV is slightly lower
because of increased FT. Note that, J-F-J behaves like (J-F)-J and not J-(F-)), ie, a
job shop node added to the end of a manufacturing line causes less variability.

The last system tested was F-J-F-J-E This system is similar in behavior to F-J
and F-J-F 1t is apparent that (i) the first node in the system and the scheduling rule
have a major affect on the performance measures and (ii) adding nodes to the end of a
system as opposed to the beginning of a system effects less change in the system.
Thus, the behavior of large systems can be predicted by gradually adding nodes to the
tail of the system even though the physical configuration may require new nodes at

the beginning or the middle of the system.

Low demand, high set-up (p119): For systems starting with a flow line, high set-up
increases FT due to longer queues. The other performance measures are similar in
behavior to the corresponding configurations in the low demand case. This is to be
expected as set-up time is a variable for the job shop nodes only—it is fixed for the
flow line nodes over all configurations. However, systems with a job shop as the first
node perform differently. RU increases significantly for batches of size 20 and then
stabilizes. This is because large batches use resources more efficiently by decreasing
set-ups. RU also starts decreasing for batches greater than size 30 because of the
increased wait for the flow line. FT decreases for batches of size 20 for the same
reason. For small batches, FT is lower under LPT than FIFO and EDD because of
set-ups. FTCV is still lowest under FIFO. PT follows the same trend as FT but is

higher significantly than in the previous case.

High demand, low set-up (p123): For systems with a flow line as the first node, RU,
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FT, and FTCV are higher than in the previous configurations. PT is now affected by
the scheduling rules with SPT minimizing tardiness. The other performance measures
exhibit similar trends as in the previous configurations. Systems with a job shop as
the first node behave as in the case above. RU and FT are higher whereas FTCV and
PT are roughly the same.

High demand, high set-up (p127): High demand coupled with high set-up further
worsens the performance measures, which begin to demonstrate definite trends. RU
decreases and FT and PT increase. There is marginal change in FTCV. In systems
starting with a flow line, FT increases with batch size while FTCV and PT decrease.
In systems statring with a job shop, FT, FTCV, and PT decrease with batch size.

Batches of size 40 maximize RU under all scheduling rules.

It seems that demand affects systems that have a flow line as the first node. On the
other hand, set-up time affects systems with a job shop as the first node. This effect is
measured by the change in the values of the performance measures. A possible reason
is that demand may also be affecting the job shops, but this effect is masked by the

set-up time, which is not a factor for flow lines.

5.4 Normal Service

This section corresponds to Normal service times at the job shop node. An additional
variable in this case is the processing time variability, which is given by the standard
deviation of the Normal distribution. Note that the coefficient of variation of a Nor

mal distribution is less than that of an Exponential distribution.

Low demand, low set-up, low variability (p131): In systems with a flow line as the
first node, RU is almost identical for all batch sizes and scheduling rules. FT and PT
increase linearly with batch size while FTCV decreases. With job shop as the first

node, RU is again approximately the same under all scheduling rules. FT is mini-
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mized by batches of size 20 under SPT probably due to set-up. Large batches favor

the other performance measures.

Low demand, low set-up, high variability (p135): The performance measures for
the high variability case do not seem significantly different, especially when a flow

line is the first node. In the other systems, FT and PT are slightly higher.

Low 'demand, high set-up, low variability (p139): As in the Exponential case,
increasing set-up does not have a significant effect on systems starting with a flow
line. When a job shop is the first node, RU and FT are (again) optimal for large
batches because of reduced set-ups. FT and PT are significantly higher than in the
low set-up case, because of frequent set-ups. Compared with the low set-up case, FT

and PT are much higher for small batches.

Low demand, high set-up, high variability (p143): As expected, increasing PTV of
the job shop does not have a significant effect on the performance measures. Com-
pared with the low set-up case, FT and PT are much higher for small batches, but
still minimized by SPT. FTCV is higher for SPT and LPT and roughly the same for
FIFO and EDD. This is probably because of more frequent reordering of the queue

before the first node (set-up is added to the processing time for scheduling).

High demand, low set-up, low variability (p147): In systems with a flow line as the
first node, RU is similar for all batch sizes and scheduling rules. FT increases with
batch size while FTCV decreases. PT is minimized by batches of size 20. In the other
systems, RU is maximized by batches of size 40 under LPT. The other performance
measures are also optimal for large batches. Compared with the low demand case, the
values of all performance measures are higher especially for small batches. As before,

demand has a significant effect on systems starting with a flow line.

High demand, low set-up, high variability (p151): Increasing PTV does not affect
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the performance measures significantly. In comparison with the low demand case, all

performance measures are higher in value.

High demand, high set-up, low variability (p155): Systems beginning with a flow
line have similar RU under all configurations. FT and PT are minimum for batch size
20 while FTCV decreases with batch size. When a job shop is the first node, batches
of size at least 30 are optimal for all performance measures. Compared with the low
demand and low set-up cases, the current system has higher values for all perform-

ance measures.

High set-up, high' demand, high variability (p159): Once again, PTV has only a
marginal effect on the performance measures. An increase in demand or set-up does
affect the performance measures—demand influences systems beginning with a flow
line and set-up affects systems beginning with a job shop. While both factors influ-

ence both kinds of systems, the impact of one factor may be masked by the other.

5.5 Statistical Analysis

We will review some statistical concepts common to ANOVA, MANOVA, and
Regression before presenting the statistical analysis. Most of this section draws on
Stevens (1992).

5.5.1 ANOVA / MANOVA

The essence of ANOVA is hypothesis testing. Hypothesis testing uses the
mean of a sample population to test whether the underlying population mean is differ-
ent. However, a sampling distribution is an approximation of the population distribu-
tion. Thus, there is always a probability of making an error when testing the null
hypothesis (H,: equal population means), which is based on the sampling distribution.
This may result in rejection of the null hypothesis when it is actually true. Therefore,

one must decide the acceptable risk of making this error. It is desirable to make this
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risk small and 5% risk is an acceptable level. Formally, this is equivalent to setting
the level of significance («) at .05, ie, we are willing to take a 5% chance of making
a type I error, which is the probability of rejecting the null hypothesis when it is true.
Type I error is equivalent to saying that the group means differ when they don’t.

Type II error (B) is another error associated with conducting statistical tests.
This is the probability of accepting H, when it is false, ie, saying that population
means don’t differ when they do. Both type I and type II errors can occur and they
are related inversely. Therefore, it is important to maintain a balance between the
two. A related issue is that of power. The power of a statistical test (1—@) is the
probability of rejecting H, when it is false. Thus, power is the probability of making a
correct decision. The power of a statistical test is related directly to: (i) the « level,
(ii) the sample size, and (iii) the effect size, which is the magnitude effect of the
treatments on the response variables. Power is not an issue for large sample sizes
(=100).

ANOVA entails multiple statistical tests and the « level attains much more
significance in such cases. Overall o for a set of tests is the probability of at least one
false rejection when H, is true. According to the Bonferroni Inequality, if k hypoth-
eses are being tested at o’ then overall @« < ka'. If the tests are independent, then
overall « = 1 — (1—a')* = ko'. Thus, some significant results could actually be
type I errors, ie, incorrect results. For example, when conducting a 4-way ANOVA
(ABCD), 15 tests are being performed, one for each effect (A, B, C, D, AB, AC,
AD, BC, BD, CD, ABC, ABD, ACD, BCD, ABCD). If each effect is tested at the
5% level, then overall a=.54, ie, there is roughly a 50% probability of making an
€ITOT.

As mentioned above, effect size affects the power of a statistical test. Effect
size is the difference a treatment makes on a response variable. Cohen (1977) devel-

oped a measure of effect size for the univariate ¢ test. It indicates how many standard
deviations the groups differ by. The measure for two groups, d= (x,-x,)/s. An

effect size of roughly .2 is small, .5 is medium, and over .8 is large. Effect size is
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important because it is independent of the sampie size unlike the F test. Like most
statistical tests, the F test will usually indicate significance given a large sample.
However, the difference may not have practical significance (sufficient difference
between the means of the response variables). While there is no consensus on a
measure of the effect size, a properly designed experiment can contribute toward large
effects. Practical significance can also be gaged by examining the means of the
response variables.

Finally, in statistical analysis, anomalous data points called outliers are com-
mon. Outliers are data points very different from the rest. It is important to identify
outliers because we want the analysis to reflect majority of the data and not the devi-

ant data points.

5.5.2 Regression

Simple regression attempts to predict a dependent variable from an indepen-
dent variable. In multiple regression we are interested in predicting a dependent vari-
able from multiple independent variables. We are seeking a combination of predictors
that is correlated highly with the dependent variable, not correlated mutually, and
capable of explaining a high proportion of variance of the dependent variable. The
measure of correlation between the observed and predicted values is called R. Sample
size (n) and the number of predictors (k) can determine the generalizability of a
regression equation. In general, an n/k ratio (number of subjects/predictor) of 15 or
more is desirable.

Evidently, correlation between predictors can limit R severely. This situation is
called multicollinearity. It can be diagnosed by examining the correlation matrix.
More rigorously, the variance inflation factor (VIF) for a predictor indicates the
strength of the linear association between itself and the other predictors. Myers (1990)
remarked that a VIF over 10 is cause for concern. The simplest way of combating
multicollinearity is to combine predictors that are correlated highly. Alternatively, all
but one of the correlated predictors can be dropped as long as the model is not under-

specified.
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Another problem in multiple regression is having not enough (underfitting) or
too many (overfitting) predictors in a model. Mallow (1973) introduced a measure
called Mallow’s C, that can help prevent under/overfitting. It is recommended that for
a good model, C, = k.

~ Validation of a regression model indicates how well a regression equation will
predict on an independent sample of data. Model validation can be established by data
splitting, computing an adjusted R*, and using the Press statistic. In data splitting, the
sample is split in half. The regression equation obtained from one sample is validated
on the other. Adjusted R* measures the loss in predictive power. The most commonly
used formula is by Wherry and it estimates the amount of variance in y that would be
accounted for had the prediction equation been derived from the population from
which the sample was drawn. The Press statistic, R, =1—Press/E(y,—7). It is a
measure of the predictive power of the regression equation on independent data
samples. The prediction error for each subject is computed for the regression equation
derived from the remaining subjects. Thus, the statistic comprises n validations, each
based on n—1 samples.

There are no rigorous methods for determining sample size and effect size in
k-group MANOVA. Laiiter (1978) provided tables for determining the sample size per
group required for given values of « and power. The tables assume a knowledge of
the effect size. The value of o chosen for this study is .01 for reasons mentioned
above. Thus, if the effect size is small and the desired power is .9 then according to
the tables the sample size needed is 240 for the 4-group-4-variable case and 260 for
the 5-group-4-variable case. However, recall that a reliable regression equation
requires at least 15 subjects/predictor. The individual levels of the variables in this
study yield up to 15 predictors. This means that we need a sample size of at least 225
for the 5-group case. The sample size in this study is 8000 for the case of Exponential
service at the job shop and 16000 for Normal service.

There are four dependent variables (regressands, response variables, varia-

bles): resource utilization (RU), flow time (FT), flow time coefficient of variance
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(explanatory variables, groups, predictors, regressors, treatments) for Exponential
service: batch size (BS), scheduling rule (SR), set-up time (ST), and demand (Dem).
Addifionally, we are examining processing time variability (PTV) for Normal service
at the job shop. There are five levels of BS (10, 20, 30, 40, 50), four levels of SR
(FIFO, SPT, LPT, EDD), and two levels each of ST, Dem, and PTV (low, high).
Thus there are 80 treatment combinations in the Exponential case and 160 in the

Normal case with 100 replications per combination.

5.5.3 Results

Statistical analysis was performed in SAS 6.08 on an Amdahl 5890. Consider-
ing that any model drawn on a sample population is only an approximation, our inter-
est is not in the figures provided by SAS—we will be focusing on the results of hypo-
thesis testing.

The simulation output was first verified for the assumptions of ANOVA, ie, (i)
the observations are distributed normally on the dependent variable in each group, (ii)
the pbpulation variances for the groups are equal, and (iii) the observations are inde-
pendent. In some cases the observations were correlated as indicated by the intraclass
correlation (cf §4.7) and the Durbin-Watson statistic. As mentioned earlier, any
violation in the independence assumption affects the level of significance and the
power of the F statistic. This means that the actual « can be substantially greater that
the nominal «. Scariano & Davenport (1987) showed that dependence has a signifi-
cant effect on type I error. The data were transformed using the Cochrane-Orcutt
procedure (Cochrane & Orcutt 1949), which removed most of the first-order autocor-
relation. The data for some variables were also heteroscedastic, which was corrected
by transformations. These transformations are reported in the regression equations.

The output was then considered for the corresponding three MANOVA as-
sumptions. There is no convenient method of assessing multivariate normality. How-
ever, the presence of univariate normality of the observations on each variable is a
neceséary condition for multivariate normality and is a good indicator of multivariate

normality (Gnanadesikan 1977). As stated in §4.6, the assumption of homogenous
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covariance matrices is very restrictive. It implies that not only are the variances of the
dependent variables equal but also their covariances. Contrast this with a univariate ¢
test which requires equal variances for one variable only. It is unlikely that equal
variance-covariance matrix assumption would be satisfied literally in practice. Hollo-
way & Dunn (1967) and Olson (1974) conducted Monte Carlo studies to examine the
effect of unequal covariance matrices on « and found that equal group sizes keep the
nominal « close to actual « except for extreme cases. Because the group sizes are
equal in this study and there is no convenient way to verify multivariate normality and
heteroscedasticity, the data were not assessed for these assumptions. The third as-
sumption is that of the independence of observations, which was verified in the
ANOVA assumptions.

There are three assumptions in multiple regression—independence and normal-
ity of error terms with constant variance. The normality assumption was verified by
residual plots and the independence assumption was examined in the assumptions for
ANOVA. There are also the implicit assumptions of additivity and a linear relation-
ship between the dependent and the independent variables. Finally, outliers were not
removed from the datasets because of the enormity of data and our experience that
unforseen occurrences are common in a manufacturing environment.

The first set of hypotheses relate to multivariate tests. Hypothesis 1H tests
whether a simultaneous comparison of the four dependent variables at each of the five
levels of BS shows a significant overall effect. Similarly, hypotheses 2H-5H relate to:
SR (2H), ST (3H), Dem (4H), and PTV (5H). Hypothesis 6H tests whether a simulta-
neous comparison of the four dependent variables at each level of the first-order
interactions shows a significant overall effect. An interaction means that the effect an
independent variable has on a dependent variable is not the same for all levels of the
other independent variables (Stevens 1992). For brevity, the following results apply to
the configuration F-J-F-J-E

The multivariate hypotheses 1H-5H were rejected in both the Exponential and
Normal cases indicating that the independent variables have a statistically significant

effect on the composite of the dependent variables. Hypothesis 6H could not be
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rejected because the BS XSR, SRXST, and SR xDem interactions were not significant
in the Exponential case and the SR XST, SRXPTV, and STXPTV interactions in the
Normal case. Therefore, the corresponding univariate hypotheses were not tested.

Corresponding to the multivariate hypotheses, two types of univariate hypoth-
eses are defined to detect significant main effects and first-order interactions. The
population mean of an effect is obtained by combining the means of all configurations
possible for that effect. Hypothesis 7H tests for a significant difference in population
means of mean RU when the system is configured with the five levels of BS, four
levels of SR, two levels of ST, two levels of Dem, and two levels of PTV. Hypoth-
esis 8H tests for a significant difference in population means of mean RU when the
system is configuréd with any pair of BS, SR, ST, Dem, or PTV. Hypotheses 9H-
14H relate to: FT (9,10H), FTCV (11,12H), and PT (13,14H).

In the Exponential case, 9H and 13H were rejected indicating that BS, SR, ST,
and Dem have a statistically significant effect on FT and PT. However, some of these
effects were not practically significant, ie, the effect sizes were small. The effect sizes
can be gaged from the graphs and the related discussion in the preceding section. As
an example, the effect sizes on FTCV and PT are large among the ﬁfsi three levels of
BS and small among the last three levels. Equivalently, batch sizes 10, 20, and 30
have a practical effect, whereas batch sizes 40 and 50 don’t. Hypotheses 7H, 8H, 10-
12H, and 14H could not be rejected. While we cannot conclude that there is no main
or interaction effect on the response variables, the experiment was not sufficiently
sensitive to detect it.

In the Normal case, the hypotheses related to the main effects, except 7H,
were rejected. As above, some of the effects were not practically significant. The
hypotheses related to interactions could not be rejected. The following table summar-

izes the main effects and interactions.
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BS
SR
ST
DEM
PTV
BS XSR
BSxST
BS XDEM
Bs XPTV
SRXST
SR XDEM
SRXPTV
ST XDEM
STXPTV

DEM XPTV

Main effects and Interactions

RESOURCE FLow TIME FLow TIME PERCENT
UTILIZATION Ccv TARDY
en éen en éen
en n en
en en en
en en éen en
n n n
n
éen n en
n en en en
n
n n
en en en
n

e - significant when service at the job shop is Exponential

n - significant when service at the job shop is Normal
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The final step in the statistical analysis is'finding multiple regression relation-
ships for the dependent variables. There are 13 independent variables in the Expo-
nential case and 15 in the Normal case. Each variable corresponds to a level of the
independent variables. All variables are dummy (binary) variables since they contain
categorical information such as the BS, SR, ST, and Dem level for an observation.
Dummy variables are treated exactly like other regressors in multiple regression. The
Stepwise procedure was used to select a significant set of predictors. This procedure
initially selects the predictor with the largest correlation with y. If this predictor is
found significant then another predictor is selected on a similar basis and so on. At
each step the importance of a predictor is reassessed. Thus, a predictor that may have
been included earlier may be insignificant later.

© An examination of the collinearity diagnostics showed no evidence of
multicollinearity and all VIFs were under two. Mallow’s C, was used to avoid mis-
specification and C, = k for all the models. The models were validated using adjusted
R? and R?,, and these values were almost identical to R indicating the generalizab-
ility of the regression relationships. Since we are dealing with dummy variables, the
regression coefficients cannot be used to comment on the magnitude of the effect of
the corresponding variables. Note that in such a case the regression equations have
one level per category is missing. This is because only n—1 dummy variables are
needed to specify n categories. If there is only one dummy variable in a model, the
coefficient of the dummy variable represents the difference between intercepts of that
category and the excluded category. The intercept for the excluded category is the
constant term. With more than one dummy variable, an entire group of categories is
excluded and the observations are compared with this reference group (Mirer 1988).

~ Since the regression relationships do not lend themselves well to intuitive
deductions and a qualitative analysis was conducted in the previous section, we will
condense the present discussion. This does not discount the utility of these expressions
in analyzing different scenarios. The transformations used to control heteroscedasticity

are indicated in italics.
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Exponential:

RU'= 1.84 — .076 BS,; — .074 BS,, + .57 Dem, RU'=1/RU

FT'= 6.78 — .91 BS;;, — .5 BS;; — .25 BS;; — .19 BSs, + .015 SRppe + .035
SR;pr — .11 ST, — .38 Dem,, FT'=log(FT)

FICV = 44 — .1 BS,; + .056 BS,, — .026 BS;, — .0065 SRgr, — .013 ST, +

.028Dem,

PT'= 1.89 — .13 BS,;, + .16 BS,, +.28 BS;, — .094 SRy — .22 SR;pr + .093
ST, — .88 Dem,, PT'=log(PT)

Normal:

RU = .56 + .0079 BS,, + .0046 BSy, + .0015 ST, — .14 Dem,
FT'= 6.72 — .95 BS;, — .67 BS,, — .39 BS;, — .17 BS,, + .013 SRyo — .0004
SRgpr + .03 SR;p; — .17 ST, — .38 Dem, — .026 PTV, FT'=log (FT)
FICV = .4 + .15 BS;, +.078 BS,; + .042 BSy, + .02 BS,, — .0075 SRpypo — .033
SR, pr — .027 Dem, — .006 PTV,
PT'= 1.03 — .5 BS;; — .73 BS,, — .41 BS;, — .21 BS,, + .028 SRy + .0014
SRgpr + .13 SR,y — .23 ST, — .29 Dem, — .15 PTV, PT"=log(PT)

5.6 Summary

We assessed the effectiveness of batching decisions by studying the effect of batch
size, scheduling rule, set-up time, demand, and processing time variability on
resource utilization, flow time, flow time CV, and percent tardy jobs. There is no
variable that optimizes all the performance measure simultaneously. Each variable
presents distinct outcomes and implications on the performance measures. While some
observations are applicable to all configurations, a segregation by the processing time
distribution seems appropriate.

The all-Exponential case causes substantial variability in the process. It is
apparent that the first node and the scheduling rule have a significant impact on the

performance measures. RU is mostly unaffected by the independent variables except

95



in high traffic facilities that start with a job shop. It is highest under SPT and lowest
under LPT because the first node indicates the performance of the entire facility.
Also, in high traffic situations, RU shows an asymptotic relationship with batch size.
FT is unaffected by scheduling rules in facilities starting with a. flow line. In other
configurations, it is highest under LPT and lowest under SPT. FT is also affected by
batch size in these cases. Due to set-ups, the FT of batches of size 10 is greater than
that of size 20. However, in high traffic situations, SPT and LPT are very effective in
containing the FT of small batches. FTCV is affected slightly by scheduling rules
when a flow line is the first node. It does decrease with batch size indicating that
large batches reduce variability in the process. In systems that begin with a job shop,
FTCV is highest under SPT and lowest under FIFO. This is because in FIFO jobs are
released to the facility without reordering. EDD is also effective in reducing the
FTCV as compared to SPT and LPT. As expected, PT follows the same trend as FT
with both being very sensitive to traffic. SPT contains tardiness consistently. EDD is
also very effective except for small batches. Small batches are less tardy under LPT
than under EDD. High demand leads to more traffic in the system thus magnifying
the effect of scheduling rules. Increased traffic also results in a general deterioration
in the values of the performance measures. High demand has a detrimental effect on
systems that begin with a flow line whereas high set-up acts against systems starting
with a job shop.

The Normal case imparts little variability to the job shop. Since processing on
the flow lines is Exponential, the variability in the operation of the flow line is greater
than that of the job shop. However, the job shop is still a bottleneck due to high set-
up. As in the Exponential case, RU is mostly unaffected except in high traffic situ-
ations. Due to the reduced variability, FT, FTCV, and PT are slightly lower as com-
pared to the Exponential case. PTV does not have a significant affect on the perform-

ance measures.

The preceding analysis forms the essence of this study. We have now completed the

steps outlined in the research methodology. We formulated analytical models for one-
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and two-server systems with service in batches. We then examined larger systems
using simulation models. These were validated by queuing network models. The
simulation models allowed an understanding of the interface between a job shop and a
flow line and the relationships between the dependent and the independent variables.
The simulation output was tested statistically and checked for the assumptions of
analysis of variance and hypothesis testing. We then tested the hypotheses proposed in
chapter four and built multiple regression models. In the concluding chapter we will
summarize the research, make recommendations for batch manufacturing systems, and

provide directions for further research.
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Chapter 6

Conclusion

Batch production accounts for most manufacturing activity today. The conventional
method of appraising the performance of a manufacturing system has been scheduling.
It is apparent from this study that batching policies have a significant impact on the
performance of a system. The aim of this research is to examine the performance of
batching policies under given configurations of a manufacturing facility. The context
is manufacturing facilities with flow lines and job shops. As in most studies, we have
observed some expected results and a few unexpected ones. In the sequel we provide

an abstract of the research and directions for further work.

6.1 Synopsis

We approached this research by exploring analytical models based on phase-type
distributions. While the models provide exact results for the wait of an individual
customer in a batch, they are suitable for studying individual workcenters such as
bottleneck machines. The models can also be used for an aggregate analysis of the
entire manufacturing facility. The next step was to build simulation models with
alternating flow line and job shop nodes. These nodes are distinguished by the set-up
and processing time. The hypothesis is that a manufacturing facility can be decom-
posed into nodes with these characteristics and consecutive nodes of the same type can
be approximated by a single node with appropriate set-up and processing time. Five
systems of increasing complexity were simulated. The data gathered were deemed
sufficient to extrapolate the results to a general batch manufacturing facility. The
simulation model was validated by queuing network analysis. Experimental design and

statistical analysis were used as a basis for hypothesis testing and multiple regression.
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6.2 Results

The analytical models are based on discrete phase-type distributions, which can model
a variety of discrete distributions. The main result from the numerical examples is
that the wait before service of an individual customer in a batch is decreasing with the
customer and that this decrease may not be linear.

The results from the simulations provide considerable insight into the operation
of batch manufacturing systems. The configuration of the facility has a major impact
on its performance. A job shop at the beginning of a facility has a detrimental effect
on the performance measures as it delays work for the rest of the facility. These types
of facilities benefit immensely from scheduling rules because of the queue that forms
before the job shop. However, scheduling rules are not beneficial for facilities that
begin with a flow line. In this study, batches were scheduled before the ﬁrst‘node. It
is also possible to apply the scheduling rules before every node but this is not a prac-
tical option in most manufacturing systems.

A valuable result is that the gain in performance measures is marginal after
batches of size 20, indicating that this batch size “optimizes” the performance
measures simultaneously. Thus, it may not be worthwhile to produce in large batches
as small batches can enhance quality, flexibility, and capacity (cf §1.2). An interest-
ing result is that SPT is more effective at meeting due dates than EDD. This may be a
function of the parameters used in this study. However, pilot runs of the simulation
under other parameter values also preferred SPT. As mentioned above, facilities that
begin with a flow line do not benefit significantly from scheduling rules. The simula-
tion results show that FIFO performs reliably in such cases. Considering that FIFO
does not require knowledge of the processing times and it reduces flow time CV, it
provides added benefits as a scheduling rule.

Set-up time has a significant effect on the performance measures, especially
for small batches. While the importance of decreasing set-up is stressed often, it is

frequently infeasible to reduce set-up without significant investment in technology. In
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this study, set-up time is irrespective of batch size. This means that small batches
incur the same set-up as large batches. Thus, small batches have a long wait before
service. This fact is documented in many analytical studies (cf Chapter 2) and is
substantiated by the simulation models in this study. However, in cases where parts
are loaded on the machines, set-up time may (also) be a function of batch size. This
scenario more closely models sequence-dependent set-up times. The simulation
models in this study were used to examine the variable set-up case. The models were
also subjected to high traffic and the results from both cases were not significantly
different from the ones reported in this study.

The effect of demand is similar to set-up time. This means that increasing
demand has a similar effect on the performance measures as increasing set-up. How-
ever, unlike set-up, which has a direct effect on the job shops only, demand affects
the entire facility. Thus, scheduling rules are slightly effective for systems beginning
with a flow line. Finally, while processing time variability has a statistically signifi-
cant effect on the performance measures, a look at the graphs reveals that this effect
is not significant practically.

The main contribution of this research is that batching is a viable option in
manufacturing because conventional job shop scheduling theory renders a simplistic
and unrealistic view of manufacturing and is inadequate in predicting the behavior of
a realistic facility. This statement gains much significance considering that batch
production accounts for upto 80% of manufacturing activity (Chevalier 1986).

This research relies on the decomposition of a manufacturing facility into two
types of nodes—job shops and flow lines—that are differentiated by the set-up and
processing time requirements. The job shop nodes can be considered as bottlenecks,
which are present in most manufacturing systems. Thus, the five configurations exam-
ined in this study can also be differentiated by the position of the bottleneck(s). An
important result of this study is the influence of the system configuration or the posi-
tion of the bottleneck node(s) on the performance measures. This study is thus appli-
cable to most batch manufacturing systems.

The results can be used for selecting a configuration given the objective of
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optimizing a performance measure or for selecting levels of independent variables that
optimize a performance measure under a given configuration. It is evident that a
bottleneck is more detrimental to a facility when it appears at the front. However, if
this is the case, then appropriate batching policies could be used to optimize selected
performance measures. For example, if the first node is a job shop and the objective
is to meet demand on time, SPT and EDD are both effective, which leaves the man-
ager with the tradeoffs involved in selecting either scheduling rule. If the first node is

a flow line then the choice is the same, except that the tradeoffs are different.

6.3 Implications

The models developed in this research are analytical as well as simulation. The ana-
lytical models can be used to obtain exact results for single- and two-server systems
that process work in batches. These models are useful for aggregate analysis of an
entire system. The advantage is that numerical results are available quickly so that
alternative configurations are easy to examine. Simulation can then be used to exam-
ine a specific configuration in detail. Besides providing numerical results, this
research provides fresh intuitive insight into manufacturing problems.

We have assumed that a manufacturing system that is composed of flow lines
and job shops can be decomposed so that a series of consecutive flow lines can be
aggregated into one flow line and a group of job shops can be aggregated into one job
shop. This can be achieved by altering the set-up and processing times of the aggre-
gate nodes. While this approach does not allow a detailed analysis, alternative system
configurations can be evaluated quickly by studying the simplified arrangements.

The models in this study capture set-up precisely by including it explicitly.
This research also gives a faithful view of a bottleneck machine. A bottleneck is
considered to be the machine that determines total output. This machine is the first to
saturate as output is increased. However, machines usually saturate because of queues
and not a capacity limit. The bottlenecks can shift with queues and are the ones that

determine the batching policy.
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The models can be used for various purposes. Appropriate scheduling rules
and batch sizes can help immensely by saving set-ups, especially on bottleneck
machines. A knowledge of flow times can also allow precise MRP calculations and
improve the order release times. The models can judge the performance of a facility
under differing product mix, demand, and shift policy. Issues such as capacity
planning can also be addressed by changing the characteristics of individual machines
and if feasible, the configuration of the facility. The interaction of the performance
measures with variables such as set-up time can be measured easily. Thus, the impact
of investment in technology on set-up time can be evaluated (Karmarkar et al 1985).

This research can help the decision maker select a performance parameter that
will optimize a given strategy. The effect of system configuration on the performance
of a facility can be used to influence the design of the system before the planning
stage is implemented. This information can be critical in developing the manufactur-
ing strategy for a nmew product, changing the product mix, judging capacity, and
investment in technology. Thus, the management can align the operations strategy

with the long-term manufacturing strategy of the firm.

6.4 FAurther Research

Research in batching is at an early stage. This is mainly due to the conventional view
of scheduling a job shop. This study leads to many avenues in this field. The analyti-
cal models could be extended to a network of workcenters. The models could also be
modified to consider the correlation that is added to the output stream from a preced-
ing machine. A useful addition to the simulation models will be sequence dependent
set-ups and dynamic scheduling rules. A use of other performance measures is also
possible. A natural progression would be to combine these measures into a multi-
criteria decision making problem. We have considered the effect of the change in a
parameter by keeping the other parameters constant. The models can also be used to
evaluate configurations in which more than one parameter is altered. It would also be

useful to incorporate rework, machine breakdowns, and transport times.
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Low demand, high set-up
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