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Abstract approved:

This dissertation addresses the "multimachine carryover sequence

dependent groupscheduling problem with anticipatory setups," which arises in

the printed circuit board (PCB) manufacturing. Typically, in PCB manufactur-

ing different board types requiring similar components are grouped together to

reduce setup times and increase throughput. The challenge is to determine the

sequence of board groups as well as the sequence of individual board types within

each group. The two separate objectives considered are minimizing the makespan

and minimizing the mean flow time.

In order to quickly solve the problem with each of the two objectives, highly

effective metasearch heuristic algorithms based on the concept known as tabu

search are developed. Advanced features of tabu search, such as the longterm

memory function in order to intensify/diversify the search and variable tabulist

sizes, are utilized in the proposed heuristics.

In the absence of knowing the actual optimal solutions, another important

challenge is to assess the quality of the solutions identified by the proposed meta-

heuristics. For that purpose, methods that identify strong lower bounds both

on the optimal makespan and the optimal mean flow time are proposed. The
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quality of a heuristic solution is then quantified as its percentage deviation from

the lower bound. Based on the minimum possible setup times, this dissertation

develops a lower bounding procedure, called procedure Minsetup, that is capable

of identifying tight lower bounds.

Even tighter lower bounds are identified using a mathematical program-

ming decomposition approach. Novel mathematical programming formulations

are developed and a branch-and-price (B&P) algorithm is proposed and imple-

mented. A DantzigWolfe reformulation of the problem that enables applying

a column generation algorithm to solve the linear programming relaxation of

the master problem is presented. Singlemachine subproblems are designed to

identify new columns if and when necessary. To enhance the efficiency of the

algorithm, approximation algorithms are developed to solve the subproblems. Ef-

fective branching rules partition the solution space of the problem at a node where

the solution is fractional. In order to alleviate the slow convergence of the column

generation process at each node, a stabilizing technique is developed. Finally, sev-

eral implementation issues such as constructing a feasible initial master problem,

column management, and search strategy, are addressed.

The results of a carefully designed computational experiment for both

lowmix highvolume and highmix lowvolume production environments con-

firm the high performance of tabu search algorithms in identifying extremely good

quality solutions with respect to the proposed lower bounds.
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Group-Scheduling Problems in Electronics Manufacturing

1. INTRODUCTION

The miniaturization of electronic components has been one of the most

significant developments of the last two decades. Improved technologies and con-

stant reduction in prices have led integrated circuits to appear in all walks of life.

One of the cornerstones in this process is the ability of assembling large-scale

printed circuit boards (PCB) in an economical way. The electronics industry to-

day is a well-developed worldwide industry. Fierce global competition and rapid

technological advancements result in increasing product variety and complexity,

shrinking product life cycles, and decreasing profit margins. Consequently, elec-

tronics manufacturing companies -even the big names- have to adapt to rapid

changes. This dynamic nature creates production planning and control problems

that are hard, yet need to be solved quickly. However, it is only recently that the

operational aspects of electronics manufacturing industry have been addressed

and attempts have been made to apply operations research techniques to these

problems.

A PCB is a laminated board that is assembled with several to thousands of

electronic components of different kinds, that is, with different sizes, shapes, and

with different functions. A PCB consists of one or more layers of metal conduc-

tor and insulating material that allow electronic components to be interconnected

and mechanically supported. The simplest form of a PCB is the single-layer

single-sided board, which contains metal conductor on one side of the board only.

On the other hand, multi-layer and double-sided boards provide greater levels of

complexity and component density. In double-sided PCB assembly the compo-
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nents are assembled on both sides of the board, and multilayering permits tracks

to cross over one another, giving the designer more freedom in component lay-

out [70]. Electronic components are either inserted through holes in the copper

tracks on the boards and soldered in position, or are placed directly on the sur-

face of the board and soldered. As a result, two distinctly different PCB assembly

technologies have emerged. The conventional method is known as through hole

plated assembly and is still popular especially for lowvolume and manual assem-

bly. Modern surface mount technology (SMT) utilizes smaller flat components

which are well suited to automated assembly process. They are common in small

consumer products such as cellular phones, whereas through hole components are

still widely used in larger products like televisions and computer monitors where

the competitive product price is a key factor.

PCBs are, by far, the most common embodiment of the electronic products.

Over the years, the technologies of electronic components, as well as the tech-

nologies of PCBs themselves have changed dramatically, driven by the desire for

greater functionality, reliability, and flexibility in smaller products. Consequently,

PCB assembly has evolved from a laborintensive activity to a highly automated

one, characterized by steady innovations at the levels of design and manufactur-

ing processes. PCB manufacturing became a capitalintensive activity involving

technologically advanced complex processes using highly expensive equipment.

Manual assembly methods may provide some flexibility but they cannot ensure a

fast and reliable placement of the components on the PCBs. However, consumers

expect reliable and cheap products, and thus, a common goal in PCB assembly

is to put more functions into a board with the same size and cost [116]. There-

fore, precise component placement is a necessity underlined by the need to use

components and PCBs of ever decreasing sizes and tolerances. As a result, a vast
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majority of the PCB assembly processes require automated placement machines

that place (insert) the components on the boards. These machines allow faster

and reliable assembly. However, the introduction of such sophisticated equipment

has exacerbated an already difficult challenge of PCB production planning and

control. The demand for highspeed and precise operation and flexibility in tool-

ing makes it a very difficult task to control operation on these machines, while

the competition faced by PCB manufacturers results in the need for high levels of

utilization and efficiency, which can be achieved through the optimization of the

production processes. All these features, combined with high initial investments

and operating costs, and numerous constraints and managerial objectives, pose a

challenge to production planning and control activity in PCB manufacturing.

PCBs are characterized by designs that range from simple lowvalue boards

to very complex highvalue ones. One electronics manufacturer may assemble

PCBs with frequent design changes in small quantities (highmix lowvolume

production), whereas another may assemble a large number of PCBs with designs

that are fixed for a longer period of time (lowmix highvolume production). This

results in the need to address the PCB assembly processes for both types of man-

ufacturers. A recent development in PCB assembly is the growing role of contract

manufacturrng [91]. Contract manufacturers build a variety of products for many

different customers. Original equipment manufacturers, on the other hand, build

only their own products. Many original equipment manufacturers have abandoned

their own assembly lines in favor of outsourcing the manufacturing functions to

contract manufacturers. Despite the higher product variety and more dynamic

product demand, contract manufacturers are expected to operate more efficiently

than the original equipment manufacturers. This trend further emphasizes the

importance of optimizing the PCB assembly processes.



Although this dissertation is not about the whole PCB assembly process

itself, it is necessary to describe the process to better understand the problems we

address. Before discussing the fundamental issues involved in the PCB production

planning and control later in detail, we describe the generic steps involved in

the assembly of a PCB. For our purpose, PCB assembly consists of placing a

number of electronic components at prescribed locations on the bare board using

automated placement machines. The placement machines are of various types.

This is somewhat unfortunate from the operations researcher's point of view since

the characteristics of the machines highly influence the nature of the production

planning and control problems, and the formulation of the associated models.

However, a generic description of an automated placement machine can be given

as follows.

Each machine has a worktable, a feeder carrier, and a pick-and-place de-

vice as depicted in Figure 1.1. The bare boards are either placed by the operator

or automatically transported onto the worktable that holds the board during the

component placement process. Depending on the machine, the table can be sta-

tionary or mobile in the X-Y plane. The components that are packaged into com-

ponent tapes, sticks, or tubes are loaded on the slots of the feeder carrier prior to

production. Usually, the carrier can move along the X axis. The pick-and-place

device retrieves the components from the feeder slots usually by vacuum, realigns

them mechanically or optically, and places them at the appropriate locations on

the board. Different designs and operating modes exist for the pick-and-place

device. In one case, it moves in the Y-Z plane, picking up a component from the

feeder and then placing it on the board. The pick-and-place device depicted in

Figure 1.1 (also referred to as a rotary turret head), however, utilizes 8 workheads

arranged circularly on a turret. Workhead 1 picks a component while workhead 5



simultaneously places another one on the board. Thereafter, the device turns 45°

and a similar operation is repeated. The number of workheads on the machines

may vary. Some placement machines are flexible in the sense that they can handle

a wide range of board sizes as well as a wide range of different components, while

others are restricted to a condensed set of components but they can operate at

much higher speeds. For a detailed description of automated placement machines

and different technologies associated with them, the reader is referred to Crama

et al. [30], Francis et al. [42], and McGinnis et al. [93].

Feeder Carrier

Figure 1.1. A Generic Automated Placement Machine

Most often in electronics manufacturing, the placement machines are laid

out into distinct assembly lines arranged in a flowshop fashion. A flowshop is a

configuration where the machines are set up in series and the jobs to be produced

go through the machines sequentially. A flowshop is referred to as a permutation

flowshop if the jobs are processed in the same order on all machines. Usually, a

conveyor connects the machines within each line, transporting individual boards

or batches of boards between the machines.



Production planning and control decisions are frequently addressed in a

hierarchical framework where they decompose into long term (strategic), medium

term (tactical), and short term (operational) issues. Strategic and tactical is-

sues include decisions such as determining the shop floor layout, construction of

machine and job groups, and assigning component feeders to machines. Opera-

tional decisions involve sequencing the component placement operations on the

machines, scheduling of the PCB assembly, and similar shop floor operations.

Scheduling decisions in almost all types of manufacturing processes should

be made rapidly since these decisions commonly involve the determination of

the schedule for the next production period. Since electronic products become

obsolete very quickly and as a result the manufacturers keep adding new PCBs to

their product mix, production scheduling in PCB assembly often spans a period

ranging from one shift to a day. The production schedule should be determined at

least the night before so that it could be executed the next day. These schedules

should serve in the best interest of the manufacturing company, i.e., they should

optimize appropriate measures of performance.

The measure of performance most commonly considered in the literature

is minimization of the makespan. The makespan, also referred to as the total

completion time or the maximum completion time in the literature, is defined

as the amount of time between the moment the first job enters the system and

the moment the last job leaves the system. Typically, electronics manufacturing

companies receive job orders from a variety of customers, each requiring PCBs

of various types and quantities be produced and delivered at a desired due date.

From time to time, a job order may be received from a customer for production

of a large number of board types in fairly large quantities at the earliest possible

time. In such instances, it would be beneficial for the electronics manufacturing
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companies to consider minimizing the makespan of the orders, just so that all of

the finished PCBs can be sent out in one shipment to reduce the transportation

costs. An additional benefit might be when there is very limited area for storing

finished goods inventory. In that case, batching customer requirements will help

reduce finished goods inventory. On the other hand, if the job orders are received

from different customers and if the due dates desired by them are not so stringent,

the manufacturers should focus on minimizing the mean flow time of all the jobs

considered for production. The mean flow time is defined as the average time the

jobs spent in the production line, i.e., assuming that all the jobs are ready for

production at time 0, it is the sum of the completion times of all the jobs divided

by the total number of jobs. Consistent with manufacturing philosophies such as

just-in-time and lean manufacturing, minimizing the mean flow time implicitly

minimizes the mean work-in-process inventories, thus adheres to "world class

manufacturing."

Group technology (GT) [61] is a popular methodology that has gained

great interest from manufacturing companies all over the world. In GT, efficiencies

are improved by grouping similar jobs according to shape, dimension, or process

route. A significant advantage of applying GT principles to the manufacturing

processes is that the setup times are reduced drastically. Since the jobs in a group

are similar, saving of machine setup times is realized by processing jobs of the

same group contiguously. Additional benefits of applying GT principles include

reductions in cycle times, defective products, and machine tool expenditures, sim-

plification of production scheduling and shop floor control, learning effects, and

quality improvement [58]. In PCB assembly, the boards with similar components

are typically included in one group, in which case the scheduling of PCBs falls

under the category of group-scheduling and the issues concerning the assembly of



PCBs must be addressed at two levels. At the first level or the individual board

level boards that belong to a group would have to be sequenced, and at the second

level or the board group level the sequence of different board groups would have to

be determined. Since the board types within the same group are similar, a change

from a board type to another in the same group requires no setup time. However,

as the groups themselves are dissimilar, the setup time required to switch from

one board group to another is substantial that it cannot be disregarded. We shall

discuss GT principles applied to PCB assembly, especially their role in the setup

management strategies, in detail in the next chapter.

1.1. Research Contributions

This dissertation specifically addresses the group-scheduling of the PCB

assembly processes in a multi-machine fiowshop environment and is motivated by

a real industry application. The focus is on two objectives, namely minimizing the

makespan and minimizing the mean flow time. Most of the assembly lines in PCB

production consists of two placement machines. Three-machine arrangements are

also getting to be used lately. Hence, although our algorithms are applicable to

assembly systems with an arbitrary number of machines, the primary interest is

in two- and three-machine PCB assembly systems.

The problem investigated in this dissertation is shown to be Jv'i'-hard in

the strong sense with each of the two objectives, which means that it is highly

unlikely that a polynomial time algorithm that optimally solves it exists. Already

existing methods of operations research such as the branch-and-bound method

would require an excessive amount of computation time to solve problems of in-
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is in developing fast algorithms that are able to identify high quality solutions.

For this reason, highly effective metasearch heuristic algorithms based on

the concept known as tabu search are developed in order to quickly solve our

scheduling problems. Advanced features of tabu search, such as the longterm

memory function in order to intensify/diversify the search and variable tabulist

sizes, are utilized in the proposed heuristics. The tabu search based heuristics are

designed to handle the two levels of the groupscheduling problem at two layers

merged together, where each layer is a tabu search algorithm itself. Flexibility

is a key factor in the actual production phase in electronics manufacturing since

the same machinery is used to manufacture slightly different variants of the same

product as well as a range of different product types. Apart from optimizing

regular daily scheduling problems, the proposed tabu search heuristics provide a

great deal of flexibility to the personnel in charge of scheduling the PCB assembly.

The proposed tabu search based heuristics provide a basis for a flexible decision

support system to easily cope with situations when a major change occurs, such as

product mix changes that happen frequently in electronics manufacturing, urgent

prototype series production requests, temporary lack of the required components,

and machine breakdowns.

In the absence of knowing the actual optimal solutions, another challenge

is to assess the quality of the solutions identified by the metasearch heuristics.

For that purpose, methods that identify strong lower bounds both on the optimal

makespan and the optimal mean flow time are proposed. The quality of a solution

is then quantified as its percentage deviation from the lower bound. Based on the

minimum possible setup times, we propose a lower bounding procedure for the
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two-machine problem, called procedure Minsetup, which is capable of identifying

tight lower bounds.

Even tighter lower bounds, for two- as well as three-machine problems, can

be identified using a mathematical programming decomposition approach. Two

novel modeling frameworks are proposed. These modelling frameworks can be

used to formulate a mathematical programming model for any group-scheduling

problem. Utilizing one of the mathematical formulations, a novel branch-and-

price (B&P) algorithm is proposed for the group-scheduling problems addressed

in this dissertation. Most of the column generation and B&P algorithms in the

literature proposed for machine scheduling address parallel-machine problems.

The proposed B&P algorithm, on the other hand, is one of the few that are

developed for the flowshop scheduling problems (with sequential machines) and, to

the best of our knowledge, is the first B&P approach addressing group-scheduling

problems.

A Dantzig-Wolfe reformulation of the problem is constructed and a col-

umn generation algorithm is described to solve the linear programming relaxation

of the Dantzig-Wolfe master problem, where separate single-machine subprob-

lems are designed to identify new columns if and when necessary. To enhance

the efficiency of the algorithm, approximation algorithms are developed to solve

the subproblems as well. Ways to obtain valid global lower bounds in each it-

eration of the column generation algorithm are shown, and effective branching

rules are proposed to partition the solution space of the problem at a node where

the solution is fractional. These branching rules are incorporated into into the

subproblems in an efficient way, as well. In order to alleviate the slow conver-

gence of the column generation process, a stabilizing method is developed. The

method, based on a primal-dual relationship, bounds the dual variable values at
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the beginning and gradually relaxes the bounds as the process marches towards

optimal dual variable values. Finally, several implementation issues, such as con-

structing a feasible initial master problem, column management, search strategy,

and customized termination criteria are addressed.

The results of a carefully designed computational experiment based on

the data generated for both low-mix high-volume and high-mix low-volume pro-

duction environments confirm the high performance of tabu search algorithms in

identifying extremely good quality solutions with respect to the proposed lower

bounds.

1.2. Outline of the Dissertation

Chapter 2 reviews the literature on group-scheduling and on the produc-

tion planning and control problems encountered in electronics manufacturing, fo-

cusing primarily on the scheduling of the PCB assembly processes. The impact of

group technology principles on the PCB assembly processes especially in machine

setup management, is discussed.

In chapter 3, the problem is described in detail, a representative example

from the industry is presented, and the AlP-hardness of the problem with each

of the two measures of performance is proved.

Based on the two novel modelling frameworks that are proposed for for-

mulating group-scheduling problems, chapter 4 presents three mathematical pro-
gramming formulations of the problem. These formulations are compared in terms

of the number of variables and their ability to solve problems of various sizes.

Chapter 5 provides a brief background on the tabu search concept, do-

scribes the components and algorithmic structures of the proposed tabu search
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algorithms, and demonstrates one of the algorithms on the representative example

problem.

Chapter 6 presents procedure Minsetup and develops algorithms that guar-

antee valid lower bounds on the optimal makespan and the optimal mean flow

time. These algorithms are demonstrated on the representative example problem.

Chapter 7 proposes a branchandprice algorithm. First, the necessary

background is given and then master and subproblem formulations are presented,

valid lower bounds are developed, alternative strategies to solve column generation

subproblems are discussed. In addition, stabilization and acceleration technique,

and an effective branching rule is described. The chapter further discusses im-

portant implementation issues relevant to branchandprice such as constructing

a feasible initial master problem, column management strategies, and customized

termination criteria.

Chapter 8 presents a carefully designed computational experiment to test

the performance of the proposed metaheuristics with respect to the proposed lower

bounds, and performs statistical analysis to interpret the results.

Finally, chapter 9 concludes the dissertation with the discussion of the

results and contributions, and introduces ideas for future research.
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2. LITERATURE REVIEW

Production scheduling is concerned with the allocation of a limited number

of machines with limited capabilities to jobs over time. It is a decision making

process with the goal of optimizing one or more objectives. Since there is an

enormous number of research efforts reported in the published literature on this

subject, the focus here is on groupscheduling problems rather than the whole

scheduling literature.

The next section reviews groupscheduling in traditional manufacturing.

Then, the literature pertinent to the production planning and control problemsen-

countered in electronics manufacturing is reviewed, primarily focusing on schedul-

ing of the PCB assembly processes.

In the light of the previous research efforts in the published literature, the

PCB assembly scheduling problem with "carryover" sequencedependent setup

times is identified as a highly relevant problem in the industry. However, as shall

be discussed later in this chapter, all of the previous research efforts on schedul-

ing of the PCB assembly processes, which draw attention to the fact that the

setup time required of the next board type/group depends on all of the previous

board types/groups and the order they were processed (i.e., the setup operation

is carried over), simplify the problem by using myopic approaches in order to esti-

mate the setup times. This certainly results in losing valuable information about

the problem and leads to inferior solutions. The mathematical programming mod-

els and algorithms proposed in this dissertation, on the other hand, address the

carryover setup times structure as it is, explicitly evaluating the setup times rather

than estimating them (except for procedure Minsetup presented in chapter 6).
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2.1. Group-Scheduling in Traditional Manufacturing

In the past decades, there have been some efforts in the area of group-

scheduling in traditional manufacturing. Liaee and Emmons [77] review the liter-

ature on scheduling families of jobs on a single machine or parallel machines. They

consider scheduling with and without the group technology assumption. With the

group technology assumption the jobs in the same family/group must be sched-

uled contiguously and the number of setups is equal to the number of groups,

while without this assumption the jobs in the same group need not be scheduled

contiguously. Scheduling under the group technology assumption is referred to

as group-scheduling and is performed at two levels. At the first level individual

jobs within each job group are sequenced, whereas at the second level job groups

themselves are sequenced in order to optimize some measure of performance. The

published research in group-scheduling can be classified as addressing problems

with sequence-independent setup times and problems with sequence-dependent

setup times.

2.1.1. Group-Scheduling with Sequence-Independent Setup
Times

Yoshida and Hitomi [122] were the first to investigate the two-machine

group-scheduling problem with sequence-independent setup times with the ob-

jective of minimizing the makespan. Their algorithm focuses on an extension

of Johnson's algorithm [69] originally developed for the two-machine fiowshop

problem without setup times. Sule [114] extends this to a case where the setup,

run, and removal times are separated, while Proust et al. [99] present heuristic
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algorithms for minimizing the makespan of a multimachine fiowshop scheduling

problem with setup, run, and removal times separated.

Pan and Wu [97] propose a heuristic algorithm for minimizing the mean

flow time of a singlemachine groupscheduling problem with the additional con-

straint that no jobs are tardy. Baker [14] proposes heuristics for minimizing the

maximum lateness of the problem of scheduling job families with due dates and

sequenceindependent setup times on a single machine. The author uses earliest

due date rule to sequence individual jobs within job groups, and develops condi-

tions in order to use to construct group sequences. For minimizing the maximum

lateness of a singlemachine scheduling problem with release dates, due dates,

and family setup times, Schutten et al. [108] propose a branchandbound algo-

rithm that is reported to solve instances of reasonable sizes to optimality. To

construct complete schedules, they treat the sequence-independent setup times

as "setup jobs" with specific release dates, due dates, and precedence relations.

Liao and Chuang [78] propose branchandbound algorithms for a single facil-

ity groupscheduling problem with the objectives of minimizing the number of

tardy jobs and minimizing the maximum tardiness. Gupta and Ho [55] consider

the problem of minimizing the number of tardy jobs to be processed on a single

machine with two job classes where the setup times are sequence-independent.

They propose a heuristic and incorporate branchandbound search feature to

their heuristic. Yang and Chern [121] address a twomachine fiowshop group

scheduling problem where each group requires sequence-independent setup and

removal time, and there is a transportation time in between the machines. With

the objective of minimizing the makespan, the authors propose a heuristic that

generalizes already existing methods proposed in the literature for flowshop prob-

lems. For minimizing the makespan of a multimachine groupscheduling prob-
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lem with sequenceindependent setup times, Schaller [106] proposes a twophase

heuristic that uses a branchandbound search in the first phase to construct fam-

ily sequences and an interchange heuristic in the second phase to construct job

sequences within families. The author develops lower bounds on the makespan to

use in the branchandbound method.

Logendran and Nudtasomboon [85] develop a heuristic for minimizing the

makespan of a multimachine groupscheduling problem at the first level only.

Their heuristic allows jobs to skip some machines and relies on the fact that jobs

with higher mean processing time over all machines should be given a higher pri-

ority in generating partial schedules that eventually lead to generating complete

schedules for the problem. In addition, Radharamanan [100] and AlQattan [6]

document heuristic algorithms for minimizing the makespan of a groupscheduling

problem at the first level. Logendran and Sriskandarajah [87] propose a heuris-

tic algorithm for minimizing the makespan of a twomachine groupscheduling

problem when there is blocking in between the machines. In the absence of the

optimal solutions, they provide worstcase performance of two heuristics, and

compare the quality of the heuristic solutions with random solutions. They ana-

lyze two cases. In the first case, the run times on the second machine is greater

than the run times on the first machine, whereas in the second case the opposite

is true. For solving groupscheduling problems, Allison [5] reports the perfor-

mance of combining single-pass and multipass heuristics designed for fiowshop

problems. Logendran et al. [84] develop combined heuristics for minimizing the

makespan of the multimachine bilevel groupscheduling problems when setup

and run times are separated.
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2.1.2. GroupScheduling with SequenceDependent Setup Times

Oniy a few studies address groupscheduling problems with sequence

dependent setup times. Strusevic [113] proposes a lineartime heuristic algorithm

with a worst case ratio of 5/4 for an open shop groupscheduling problem with

sequencedependent setup times where the objective is minimizing the makespan.

Schaller et al. [107] also address the groupscheduling problem with sequence

dependent setup times. Their scheduling problem originated from a PCB assembly

process. They draw upon existing research on scheduling of the cellular manufac-

turing systems; they use existing methods to identify a job sequence within each

group. For sequencing the job groups, they modify existing algorithms originally

designed for fiowshop scheduling problems with sequencedependent setup times.

Eom et al. [40] propose a threephase heuristic algorithm for a parallelmachine

group-scheduling problem with sequencedependent setup times to minimize the

total weighted tardiness. In the first phase jobs are grouped together according

to similar due dates and are sequenced according to earliest due date rule. In the

second phase the job sequences within groups are improved using a tabu search

heuristic. In the third phase jobs are allocated to machines using a threshold

value and a lookahead parameter.

2.2. Production Planning and Control in PCB Manufacturing

Production planning decisions are frequently addressed in a hierarchical

framework where they are decomposed into a number of more easily manageable

subproblems. The main reason for the decomposition is that the production plan-

fling problems are usually too complex to be solved globally. It is easier to solve

each subproblem one at a time. Then, the solution to the global problem can
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be obtained by solving the subproblems successively. Obviously, this solution is

not likely to be globally optimal, even if all subproblems are solved to optimality.

Nonetheless, this approach is a productive and popular way to tackle hard prob-

lems [30]. A typical hierarchical decomposition scheme of the general planning

problem discerns the following decisions.

1. Strategic level or long term planning concerns the initial deployment and

subsequent expansion of the production environments (e.g., the design and

selection of the equipment and the products to be manufactured).

2. Tactical level or medium term planning determines the allocation of pro-

duction capacity to various products so that external demands are satisfied

(e.g., by solving batching and loading problems).

3. Operational level or short term planning coordinates the shop floor produc-

tion activities (e.g., by solving line sequencing problems).

Maimon and Shtub [89] relate these decisions to electronics assembly: In

the strategic level the planning focuses on determining the best set of produc-

tion equipment for the operation (e.g., running a simulation on how much money

to invest in new equipment and what kind of machines to purchase). These de-

cisions are usually made on economical basis and revised over long operational

periods. At the tactical level the decisions concern machine and line configura-

tions, batch sizes, and workin--process inventory levels. Finally, the operational

level addresses daytoday operation of the equipment (e.g., how to manufacture

a product). This dissertation addresses the problem of scheduling the PCB as-

sembly, which is related to the operational level, and have to be solved quickly on

a frequent basis.
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Crama et al. [301 consider the long term decisions to be made and concen-

trate on tactical and operational decisions. In particular, they assume that the

demand mix and the shop layout are fixed. Under these conditions, they identify

the following subproblems to be addressed in the PCB assembly processes.

SP1. An assignment of PCB types to product families and to machine groups.

SP2. An allocation of component feeders to machines.

SP3. For each PCB type, a partition of the set of components, indicating which

components are going to be placed by each machine.

SP4. For each machine group, a sequence of the PCB types, indicating in which

order the board types should be produced on the machines.

SP5. For each machine, the location of feeders on the carrier.

SP6. For each pair of a machine and a PCB type, a component placement sequence,

that is, a sequence of the placement operations to be performed by the

machine on the PCB type.

SP7. For each pair of a machine and a PCB type, a component retrieval plan, that

is, for each component on the board, a rule indicating from which feeder this

component should be retrieved.

SP8. For each pair of a machine and a PCB type, a motion control specification,

that is, for each component, a specification of where pickand--place device

should be located when it picks or places the component.

The subproblem SP1 is posed at the level of the whole assembly shop and

involves all of the PCBs to be produced, SP2SP4 usually arise for each PCB
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family at the level of assembly lines or cells, and SP5-SP8 deal with individual

machines. Usually, the subproblems SP6-SP8 are left to the placement machine

manufacturer and the PCB manufacturer deals with the remaining subproblems.

The PCB scheduling problem investigated in this dissertation falls under the sub-

problem SP4.

Other classification schemes have also been proposed. Häyrinen et al. [60]

divide the PCB assembly problems into four general classes:

1. Single-machine optimization deals with optimizing the operation of a single

machine. The problems such as feeder arrangement, placement sequencing,

and component retrieval are addressed.

2. Line balancing involves balancing machine workload and eliminating bottle-

necks.

3. Grouping involves identifying PCB groups and allocating the components

to machines.

4. Scheduling deals with sequencing the PCBs to be produced on the machines.

This section reviews the literature according to the classification scheme

proposed by Johnsson and Smed [70]. They classify the literature on the PCB

assembly according to the number of board types and machines present in the

problem. Accordingly, they identify four problem classes as follows.

1. One PCB type and one machine class comprises of single machine optimiza-

tion problems, where the goal is to minimize the total component placement

time.

2. Multiple PCB types and one machine class comprises of setup strategies for a

single machine, where the goal is to minimize the setup time of the machine.
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3. One PCB type and multiple machines class concentrates on component al-

location to similar machines, where the usual objective is balancing the

workload of the machines in the same line (usually by eliminating bottle-

necks).

4. Multiple PCB types and multiple machines class usually concentrates on

allocating jobs to lines which includes routing, lot sizing, workload balancing

between lines, and line sequencing.

Among the singlemachine problems are feeder arrangement, placement

sequencing, and component retrieval problems. Since the type and design of the

machine has a major impact when solving these subproblems, most of the work

have been based on variants of pickandplace and rotary turret machines. For

example, Crama et al. [28] address the component retrieval problem for a Fuji

CPu machine. The placement sequence of components on the board aaid the as-

signment of component types to feeder slots are given. The problem is then to

decide from which feeder slot each component should retrieved. Naturally, this

problem emerges only if at least one component type is duplicated in the feeders.

The authors describe a CPM/PERT network model of the problem and present

a dynamic programming algorithm for solving the problem. Ahmadi and Wur-

gaft [2] assume that the allocation of feeders to machines is given and allow for

precedence relations among operations. They are interested in finding large sub-

sets of PCBs for which the precedence relations form an acyclic digraph. They

propose to determine and replicate the smallest number of operations (using mul-

tiple copies of the same feeder) so as to remove all cycles from the precedence

graph. Ahmadi et al. [1] consider the feeder location problem on a machine, show

that the problem is .Wi'hard, and present an approximation algorithm with a
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worst case ratio of 3/2. Crama et al. [29] solve the placement sequencing sub-

problem by an exchange heuristic in which the component retrieval problem is

kept fixed over a number of successive iterations and reoptimized once in a while.

Dikos et al. [36] develop a genetic algorithm for the feeder location problem with

multiple board types under the assumption that placement sequences are known

in advance. Sadiq et al. [103] present a method for arranging feeder slots in a

surface mount technology machine in a high-mix low-volume environment. The

slots are assigned using a heuristic rule and then the slot rearrangement process

tries to locate the components so that they are adjacent in the insertion sequence.

The goal is to assign the components required by an individual PCB type adjacent

to each other in order to save feeder carrier movements. Bard et al. [16] model

the placement sequence of a rotary turret machine as a traveling salesman prob-

lem and solve it with the nearest neighbor heuristic. Moreover, they formulate

the feeder assignment and component retrieval problem as a quadratic integer

program and solve it with a Lagrangean relaxation approach.

Problem class 2 given above involves with strategies to reduce the setup

times required of various board groups on a single machine. Setup strategy has

a significant impact on the efficiency. The approaches to reduce setup times

in electronics manufacturing are usually categorized as (a) reducing the setup

frequency by enlarging the lot sizes and (b) by applying group technology (GT).

Leon and Peters [76] classify the setup management strategies proposed in the

literature related to PCB assembly as follows.

1. Unique setup strategy considers one board at a time and specifies the

component-feeder assignment and the placement sequence, which minimize

the placement time. This is a common strategy when dealing with a single

product and a single machine in a high-volume production environment.
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2. Group setup strategy forms families of similar board types. A setup operation

is performed only when switching production from one family to another.

3. Minimum setup strategy attempts to sequence boards and determine

componentfeeder assignments to minimize the total setup time.

4. Partial setup strategy is characterized by partial removal of components from

the machine when switching production from one board type to the next.

In unique setup strategy, during the setup operation, all the components

are removed from the feeders and replaced with the ones required by the next

board. Most of the work on a single machine discussed above involve the unique

setup strategy.

In group setup strategy, the feeder assignment is determined for a board

group or family. Any board in the group can be produced without changing the

component configuration on the machine. During the setup, all the components

are removed from the feeders and the components required of the next board

group are placed on the feeders. There are variations of this strategy, where

a certain set of common components are left on the machine, while the rest of

the components, which are called residual or custom components, are added or

removed as required. Carmon et al. [23] describe a group setup method for a high

mix lowvolume production environment where the boards are produced in two

stages. First, common components are loaded and inserted on the boards of the

whole group, and then the residual components are loaded and inserted. Hasbiba

and Chang [59] address a case with a single machine and multiple board types

when the objective is to minimize the number of setups. They decomposethe setup

problem into three subproblems: grouping PCB types, sequencing the groups, and

assigning components to machines. The authors apply heuristic algorithms to each
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of the subproblems individually. Furthermore, they experiment with a simulated

annealing method and observe that it identifies better solutions than the heuristic

decomposition approach. Bhaskar and Narendran [13] apply graph theory for

grouping PCBs. The PCBs are modeled as nodes and their similarities as weighted

arcs between the nodes. After that, a maximum spanning tree is constructed for

identifying the PCB groups. Maimon and Shtub [89] present a mathematical

programming formulation and a heuristic method for grouping a set of PCBs to

minimize the total setup time subject to machine capacity constraints. A user

defined parameter indicates whether multiple loading of PCBs and components is

allowed.

Minimum setup strategy attempts to sequence the boards and determines

feeder assignments to minimize the total component setup time. The idea is to

perform only the feeder changes required to assemble the next PCB. In general,

similar product types are produced in sequence so that little changeover time oc-

curs. Lofgren and McGinnis [81] point out two key decisions: One must determine

in what sequence the PCBs are to be processed and what component types should

be staged on the machine for each PCB type. The authors present a sequencing

algorithm in which the PCBs are first sequenced and after that a setup is de-

termined for each PCB. The heuristic determines myopically the "best" set of

components to add/remove whenever the existing setup is not sufficient. Barnea

and Sipper [10] consider a case with a single machine and recognize two subprob-

lems: sequence and mix. They present a mathematical programming model of

the problem and use a heuristic approach based on the keep tool needed soonest

(KTNS) rule introduced by Tang and Denardo [115]. In each iteration, the algo-

rithm generates a new partial PCB sequence by using a sequencing algorithm that

determines the next PCB to be added in the sequence, and a mix algorithm that
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updates the component mix using the KTNS rule. Gunther et al. [56] address

a typical surface mount technology production line and apply a minimum setup

strategy approach in which the PCBs are sequenced so that each PCB has the

maximum number of components common with its predecessor. The authors dis-

cern three different subproblems: PCB sequencing, component setup, and feeder

assignment. They solve each of the subproblems with heuristic algorithms. Dillon

et al. [37] discuss minimizing the setup time by sequencing PCBs on a suiface

mount technology production line. The authors present four variants of a greedy

heuristic that aims at maximizing the component commonality whenever the PCB

type changes. This is realized by using a component commonality matrix from

which board pairs with a high number of common components can be identified.

Partial setup strategy specifies that only a subset of the feeders on a ma-

chine are changed when switching from one PCB to the next. This strategy resides

in between the unique setup strategy and the minimum setup strategy, since some

feeders remain on the machines permanently while others are changed as required

by the next PCB type to be produced. For example, for very large batch sizes

the partial setup strategy may result in the unique setup strategy. It can re-

sult in minimum setup strategy, changing a few feeders for small batch sizes and

short placement times. Therefore, partial setup strategy allows more flexibility.

There are variants of this strategy. Balakrishnan and Vanderbeck [15] describe

a problem of grouping PCBs and forming machine groups where the components

are partitioned into two classes: Temporary feeders are loaded on the machines

as needed and unloaded whenever a batch is completed, while permanent feeders

remain unchanged. They develop a mathematical programming model to deter-

mine the temporary and permanent feeders and use column generation to solve

the problem. Leon and Peters {75] consider the operation of component place-
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ment equipment for the assembly of P CBs, develop a heuristic utilizing partial

setup strategy, and compare its solutions with the corresponding solutions when

unique, minimum, and group setups are employed. The unique setup strategy

dominates when batch sizes are large, while the group setup strategy dominates

the minimum setup strategy for especially highmix lowvolume production since

it considers all the PCBs.

Several researchers addressed the component allocation problems in the

case of multiple machines. BenArieh and Dror [19] consider assigning components

to two insertion machines so that all boards in a production plan can be produced

and the output rate is maximized. They present a mathematical programming

formulation and develop a heuristic algorithm to solve the problem. Askin et

al. [9] discuss a surface mount technology plant with multiple identical machines.

They assume that the total assembly times of board groups are almost equal.

With the objective of minimizing the makespan, the authors present a fourstage

approach for grouping the boards and allocating the components to the machines:

First, the boards are grouped into production families. Next, for each family,

the component types are allocated to the machines. After that, the families are

divided into board groups with similar processing times. Finally, the board groups

are scheduled. Brandeau and Billington [21] present two heuristic algorithms for a

production line composed of an automated work phase and a manual phase: stingy

component heuristic tries to avoid assigning less frequently used components to

the automated work phase, while greedy board heuristic assigns a whole board

to a single work phase instead of splitting it. Hillier and Brandeau [62] address

the same problem and present a new mathematical programming model and an

improved heuristic based on the branchandbound technique.
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Scheduling of multiple PCB types on multiple machines is addressed by

several researchers as well. John [71] considers sequencing batches of PCBs in a

production environment which has been active for some time and new jobs are

inserted to the existing production sequence. With the goal of minimizing the im-

balance of the machine workloads, the author proposes a heuristic, which ensures

that the due dates are not violated. If possible, the number of setups is minimized

as well. First, the heuristic determines a desirable production rate for each work-

station. After that, the jobs to be inserted into the existing schedule are grouped

according to their due dates. Next, the heuristic determines the group with the

least slack time and calculates penalties for each job in that group. Finally, the

job with the minimum penalty is inserted into the sequence and the same steps

are repeated until all the jobs are sequenced. Lofgren et al. [82] study the problem

of routing PCBs through an assembly cell, where the sequence of the component

assembly operations is determined so as to minimize the number of workstation

visits. The authors use a graph theoretic approach in which a precedence graph

is partitioned according to workstations and used to determine a workstation se-

quence which has the minimum cardinality. The problem is shown to be .AfPhard

and the authors test and analyze different heuristics for the problem. BenArieh

and Maimon [20] consider a case with two sequential machines that use the same

sequence (i.e., a permutation schedule). The objective is to minimize the mean

flow time, and the authors solve the problem with a simulated annealing approach.

Kim et al. [73] consider scheduling of PCBs in a flowshop manufacturing environ-

ment with the objective of minimizing the sum of tardiness. The authors compare

four heuristics. The first is a modification of a previously proposed heuristic in

the literature and sorts the jobs in nondecreasing order of due dates. The second

heuristic is called the "extensive neighborhood search heuristic" and begins with
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a proper initial sequence and tries to improve it with swap operations. The third

heuristic is based on tabu search, and the last one on simulated annealing. Lin et

al. [80] present a bilevel scheduling system (BLISS) which integrates both prod-

uct level and board level scheduling on a capacitated multiple flowline and strives

to determine economical lot sizes and board sequences. Product level scheduling

shifts a complete set of boards for a product so that no workinprocess inventory

is built up. Because this does not necessarily use the production capacity opti-

mally, the schedule is then improved with a board level scheduling. The authors

approach the problem by applying general scheduling methods from the litera-

ture. Based on experimental results they conclude that the twolevel approach

suits well when due dates are very tight or product demand is highly variable.

Cunningham and Browne [31] argue that heuristic approaches are appropriate for

the problem of sequencing PCBs by showing that the problem is .AJPhard. They

propose heuristics where the PCBs are first divided into groups using similarity

coefficients. Then, a branchandbound search technique is used to identify a

good schedule for each group. Smed et al. [110] develop an interactive system for

scheduling the PCB assembly processes. With the main objective of minimizing

the setup times, they develop heuristics for PCB grouping, feeder optimization,

and sequencing the component placement operations. The problem of identify-

ing the sequence of board groups and sequences of board types within groups is

left to the user. Hãyrinen et al. [60] propose several scheduling algorithms for a

generalized flexible flowshop environment in PCB assembly. The first heuristic

addresses the problem of family allocation to machines, while the second heuristic

tries to improve the allocation. A third heuristic is used to sequence the PCB

families and the PCB types within the families and another heuristic is invoked

to improve the sequence.
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Of important notice is the fact that, when partial setup strategy is used,

the setup time for the next board depends not just on its immediate predecessor

but all of the preceding boards. This is due to the fact that the components

loaded on a machine at a given instant depend on all of the previous boards and

the order they were processed. In a sense, the setup time is carried over from the

first board to the next board to be produced. This fact is recognized by Leon

and Peters [75J (discussed previously above), but they use a myopic lookahead

approach to estimate the setup times rather than considering the actual setup

times explicitly. Most recently, Rossetti and Stanford [102] recognize this issue as

well. However, due to the complexity of the problem with this setup structure,

they propose a heuristic approach based on estimating the expected number of

setups that may occur given a boardfeeder configuration, so that the problem is

approximated by sequenceindependent setup times. The estimates so obtained

are used in nearest neighbor heuristics.

It should also be noted here that the setup strategy employed in this dis-

sertation is a combination of the group setup strategy and the minimum setup

strategy (also a combination of group setup strategy and the partial setup strat-

egy since the partial setup strategy is a generalization of the minimum setup

strategy). In minimum setup strategy the setups are performed in between indi-

vidual board types. In group setup strategy discussed above, all the components

are removed from the feeders and all the components required of the next board

group are loaded on the appropriate feeders. However, the setup operations in our

scheduling problems are performed in a way that only the components required

of the next board group that are not present on the machine are loaded on the

appropriate feeders (e.g., like it is performed in the minimum setup strategy for

individual board types), while other components remain untouched. Therefore,
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the setup time required of a board group depends not only on the immediately

preceding board group but all of the preceding board groups and the order they

were processed. In summary, the problems addressed in this dissertation are

challenging problems that are extremely hard, but need to be solved efficiently

and effectively. This dissertation not only develops highly efficient tabu search

algorithms, but also quantifies the performance of the algorithms. Tight lower

bounds on the optimal makespan and mean flow time are obtained via a column

generation/branchandprice algorithm and the quality of the solutions identified

by the tabu search algorithms are quantified with respect to the lower bounds.

This chapter may have overlooked other research efforts reported in the

published literature. For general reviews on the production planning and control

problems encountered in PCB assembly, the reader is referred to Crama et al. [30],

Ji and Wan [68], and McGinnis et al. [93]. For production planning and scheduling

models in the semiconductor industry at large, refer to the twopart review by

Uzsoy et al. [117, 118] and the references therein.



31

3. PROBLEM DESCRIPTION

This chapter describes the scheduling problem addressed in this disserta-

tion and further illustrates it on a representative example taken from the industry.

The problems with each of the two objectives (minimizing the makespan and min-

imizing the mean flow time) are shown to be AlP-hard in the strong sense.

The problem addressed here specifically relates to scheduling of the as-

sembly processes required of PCBs in a multi-machine flowshop environment and

is motivated by a real industry application encountered at a major electronics

manufacturing company. As noted before, most of the time, two or three ma-

chines, arranged sequentially, are used to assemble PCBs. Figure 3.1 presents a

two-machine PCB assembly system.

High Speed Placement Multi Function Placement
Machine (HSPM) Machine (MFPM)

Figure 3.1. Two-Machine Assembly System

Machines 1 and 2 are referred to as the high-speed placement machine

(HSPM) and multi-function placement machine (MFPM), respectively. Typically,

these machines consist of 20 feeders (slots) on the magazine rack. The components

required of the various boards to be produced are assigned to these feeders. On

each machine, the pick-and-place device picks the components from the feeders

and places them at prescribed locations on the boards.
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Therefore, before inserting on the boards, the required components should

be loaded on the appropriate feeders on the machines. It is this setup operation

that requires a substantial amount of time compared to the time required for the

machine to actually insert the components on the boards. The setup time on each

machine is evaluated as the cumulative time it takes to perform four tasks:

1. The machine, when finishes processing a set of board types, should be

brought to a complete stop.

2. The components, which are used in the assembly of the previous set of board

types, should be removed and stacked up on the rack if the next set of board

types require different components on the correponding feeders.

3. The components required of the next set of board types that are currently

not loaded on the appropriate feeders must be taken off the rack and loaded

on the appropriate feeders.

4. A complete check must be performed to make sure that all the required

components are loaded on the appropriate feeders, and necessary programs

must be loaded on the machine.

As discussed in the previous chapter, group technology (GT) principles

are applied to the PCB assembly processes to reduce the setup times. PCBs with

similar components are typically included in one group. Thus, the PCB assembly

scheduling problem addressed in this dissertation falls under the category ofgronp-

scheduling and the issues concerning the PCB assembly must be addressed at two

levels. At the first level or the individual board level, board types that belong to

a group would have to be sequenced. At the second level or the board group level,

the sequence of different board groups themselves would have to be determined.
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In this research regarding the PCB assembly, unlike in flexible manufac-

turing systems (FMS), it is impractical to keep changing the component feeders

on a frequent basis. Consistent with the GT principles, the resolve is to perform

a setup that would enable placing all of the components required by several board

types that belong to a single board group, which is referred to as the surrogate

board group, so that a change from a board type to another in the same group re-

quires no setup. However, as the groups themselves are dissimilar, the setup time

required to switch production from one board group to another is so substantial

that it cannot be disregarded. The setup on the second machine can be performed

in anticipation of the arriving surrogate board group. This is a characteristic re-

ferred to as anticipatory setups in published research [4], meaning that the setup

operation on a machine can start as soon as the machine becomes idle waiting for

the next job that is still being processed on the previous machine (before the job

actually arrives at the machine).

It is important to recognize that the characteristics of groupscheduling

problems in electronics manufacturing are different from that of traditional man-

ufacturing. Note that the setup strategy employed in this dissertation is a combi-

nation of the group setup strategy and the minimum setup strategy, which were

discussed in the previous chapter. Hence, the time to perform the setup required

of the current group of PCBs on a machine is not only sequencedependent,

but is also carried over from the first group to the current group. In other

words, if N board groups are scheduled in the order 1, 2,.. . , N, the setup time

needed to stage the components required of the Nth board group is dependent not

just on the immediately preceding group (i.e., (N 1)) as it is in conventional

sequencedependent scheduling problems, but on all of the preceding groups (i.e.,

1, 2,.. . , (N 1)) and the order they are sequenced. Thus, the problem addressed
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in this dissertation is characterized as the "multi-machine carryover sequence-

dependent group-scheduling problem with anticipatory setups." In addition, the

challenges encountered in this research are far greater and distinctly different from

those reported previously, including that on FMS. First, the setup change required

of a board group is dependent upon the component and the feeder location to which

it is allocated. Second, the assembly processes on PCBs are performed on multiple

sequential machines.

3.1. A Representative Example

Tables 3.1-3.4 exhibit the data for the representative example problem

obtained from the industry. Table 3.1 presents the boards to be produced on the

two-machine assembly system depicted in Figure 3.1. Five different board types

(C11, C21, C22, C31, and C32) belong to three different board groups (C1, G2, and

C3). The number of each PCB type to be produced and their run times on both

machines are also presented.

Table 3.1. An Example Problem with Three Board Groups

Groups C1 G2 C3

Boards in a Group C11 C21 C22 C31. C32

Number of Boards to Build 5 7 3 14 9

Run Time on HSPM (sec.) 318 319 141 1096 1083

Run Time on MFPM (sec.) 20 41 3 488 355

Table 3.2 exhibits the average time required to load a single feeder on each

machine, whereas Tables 3.3 and 3.4 present the feeder-component configuration
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required of each board type on HSPM and MFPM, respectively. There are 20

feeders on HSPM and 10 feeders on MFPM, although a few are never used in this

example. As noted before, the PCB scheduling process is typically broken down

into several periods, each comprised of a shift or a day. The planning horizon will

therefore consist of a series of periods. The initial/reference group, denoted by R,

for the current period is given by the allocation of components to feeders at the

end of the previous period.

Table 3.2. Average Feeder Setup Times on HSPM and MFPM

Machine HSPM MFPM

Average Setup Time per Feeder (sec.)ll 180 220

Observe that C11 forms its own (surrogate) group denoted by C1, while C21

and C22 are two different board types that belong to the same group. Consistent

with the similarity of the board types that belong to the same group, a majority

of the components required of G21 and C22 are the same, while the remaining

ones are different. Thus, the setup operation should not focus on either C21

or C22, but rather on the surrogate representative of both C21 and G22, which

for simplicity is referred to as board group C2. Clearly, this is a twomachine

(HSPM and MFPM) groupscheduling problem, requiring sequencing decisions

to be made at both levels. The challenge is to determine the sequence of board

types in each group and the various board groups themselves in order to minimize

the makespan/mean flow time.
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Table 3.3. Feeder Configuration for the HighSpeed Placement Machine

Reference

Configuration

on HSPM

Feeder

Feeder Configuration

Required per Group

Feeder Configuration

Required for Each Board Type

G1 C2 C3 G11 C21_[_22 3i 32

1 101-02 101-02 101-02

101-06 2 101-04 101-04 101-04

101-10 3 101-10 101-09 101-10 101-09

101-01 4 101-01 101-01

5 101-08 101-05 101-08 101-05 101-05

101-30 6 101-06 101-13 101-13 101-06 101-13 101-13 101-13

101-07 7 101-07 101-07 101-06 101-07 101-07 101-06

101-13 8 101-13 101-03 101-13 101-03 101-03

101-33 9 101-08 101-08 101-08 101-08 101-08

10 101-04 101-04

101-35 11

12 101-09 101-09

13 101-06 101-06 101-06

101-38 14 101-03 101-03 101-12 101-03 101-03 101-03 101-12

15

101-40 16 101-11 101-12 101-11 101-12

17

101-11 18 101-11 101-09 101-11 101-09 101-09

19 101-14 101-10 101-14 101-10 101-10

20
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Table 3.4. Feeder Configuration for the MultiFunction Placement Machine

Reference

Configuration

on MFPM

Feeder

Feeder Configuration

Required per Group

Feeder Configuration

Required for Each Board Type

C1 C2 C3 G11 C21_} c22J C31_J_C32

101-63 1 101-15 101-15 101-15 101-15

101-84 2

3

4 101-15 101-18 101-15 101-15 101-18 101-18

5 101-18 101-17 101-18 101-17

101-18 6

101-83 7 101-19 101-19 101-19

8

101-20 9 101-16 101-16

10 101-20 101-20 101-20

The computation of carryover sequencedependent setup times on a ma-

chine can be demonstrated as follows. Consider the sequence C2(G21 C22)

G1(C11) C3(C31 C32). As the setup involves surrogate groups, it is sufficient

to consider the sequence of board groups (i.e., C2 C1 C3) only. Clearly, three

setups (one from R to C2, one from (RC2) to C1, and one from (RG2C1) to

G3) are required. From Table 3.3, the number of setup changes on the feeders from

R to G2 on HSPM can be evaluated as follows. C2 requires component 101-04 on

feeder 2 but component 10 1-06 is loaded on feeder 2 in the reference configuration.

Thus, a setup change is needed on feeder 2. C2 demands component 101-01 on

feeder 4. This component is already loaded on feeder 4. Thus, no setup is needed
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ponent, the total number of setup changes needed from R to C2 is evaluated as 9

(1+1+0+1+1+0+1+1+1+1+0+1). The number of setup changes from (R C2)

to C1 is evaluated in the same way with the difference that the feeders involving

G2 are loaded with the corresponding components while other feeders remain un-

changed. For example, at feeder 3, C1 requires component 101-10 but now it is

component 101-09 loaded on feeder 3 as it was required by C2. Therefore, one

setup change is required on feeder 3. On the other hand, C3 requires component

101-13 on feeder 8. Since component 101-13 was already loaded on feeder 8 at the

beginning and C2 did not require any change at feeder 8, no further setup change is

required on feeder 8 for C1. A total of 6 (1+1+1+0+0+1+1+0+1) setup changes

are needed from (RG2) to C1, and 7(1+1+1+1+0+1+1+1) from(RG2C1)

to C3. The same mechanism also applies for MFPM. Recognizing that a setup on

HSPM and MFPM takes 180 and 220 seconds, respectively, the setup time from

R to C2, for instance, is evaluated to be 1620 seconds on HSPM and 660 seconds

on MFPM.

A pseudocode for computing the carryover sequencedependent setup times

for a given sequence on a given machine is also provided. In the algorithm pre-

sented in Figure 3.2 below, a denotes a given sequence of board groups and board

types within groups. In the development below and in the remainder of this disser-

tation, notations typically used in the scheduling literature are used. For example,

if g denoted group g, (g) notation would denote the gth group in the rank ordered

sequence, i.e., gtl group in a given sequence a. Similarly, if the g, b notation de-

noted the board type b belonging to board group g, the (g), (b) notation would

denote the bth board type belonging to the 9th board group in the rank ordered

sequence.
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algorithm computesetup--times

Inputs: a: A sequence of board groups and board types within groups.
N: Number of board groups.
k: Index of the machine.

FS: Set of indices of feeders on which group g requires a component
on machine k, 0, ... , N.

CSk: The component required of group g in a on machine k on
feeder f, g = 0,. .. , N; f = 1,.. . , FS.

STk: Setup time per feeder on machine k.
Output: Sq,k [(g)}: Setup time required of the 9th group in sequence a on

machine g= 1,... , N.
Let CurrentConfig[f] be the component currently loaded on feeder f, f E U0FS.

for all f E FS do
CurrentConfig[fJ CS

end for
for g 1 to N do

Su,k[9J 0

for all f E FS do
if CurrentConfig[f] then

S,k[g] S,k[g] + STk
CurrentConfig[f] = CS(g)k

end if
end for

end for

Current configuration on the machine

' Initialize the setup time to 0

If there is a different component

r Perform one feeder setup
t' Update current configuration

Figure 3.2. Algorithm for Computing the Carryover Setup Times

3.2. Complexity of the Research Problem

This section shows that the problem under interest, with each of the two

objectives, is ArPhard in the strong sense. There are a number of techniques to

prove that a problem is a member of a certain complexity class. The method used

here is proof by restriction [44]. An .AJPhardness proof by restriction for a given



problem P consists of simply showing that P contains a known AlP-hard problem

Q as a special case. The main point in this method lies in the specification of

the additional restrictions to be placed on the instances of P so that the resulting

restricted problem will be identical to Q.

First, it is essential to note that the carryover sequence-dependent setup

times structure is a generalization of the (non-carryover) sequence-dependent

setup times structure. When there is carryover sequence-dependency, the setup

time required to switch production from group g to g' depends on the sequence

of the groups. Therefore, for every possible group sequence, there is a certain

amount of setup time required to switch from group g to g'. One can describe the

non-carryover sequence-dependent setup time to switch from group g to group g'

as carryover sequence-dependent by simply setting the same amount setup time

to switch from group g to g' in all possible group sequences.

Theorem 3.2.1. Multi-machine carryover sequence-dependent group-scheduling

problem with the objective of minimizing the makespan is AlP-hard in the strong

sense.

Proof Let P be the multi-machine (fiowshop) carryover sequence-dependent

group-scheduling problem with the objective of minimizing the makespan. Con-

struct problem Q as a two-machine flowshop group-scheduling problem with the

objective of minimizing the makespan and let each group consists of a single job.

Also let the sequence-dependent setup times in problem Q be not defined to be

carried over, but still be sequence-dependent. Clearly, problem Q is a special case

of problem P (even when problem P involves more than two machines, since all

the setup and run times on the machines other than the first two can be restricted

to be 0 in problem P). Observe that problem Q is equivalent to the two-machine
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flowshop scheduling problem with sequence-dependent setup times with the ob-

jective of minimizing the makespan, which has been shown to be .NP-hard in the

strong sense [54]. Hence, problem P, which is a generalization of problem Q, is

fP-hard in the strong sense. U

Theorem 3.2.2. Multi-machine carryover sequence-dependent group-scheduling

problem with the objective of minimizing the mean flow time is AlP-hard in the

strong sense.

Proof. Let P be the multi-machine (fiowshop) carryover sequence-dependent

group-scheduling problem with the objective of minimizing the mean flow time.

Construct problem Q as a two-machine flowshop group-scheduling problem with

the objective of minimizing mean flow time where each group consists of a single

job and let the setup times in problem Q be all 0. It is clear that problem Q is a

special case of problem P even when the latter problem involves more than two

machines, since all the setup and run times on the machines other than the first

two can be restricted to be 0 in problem P. Observe that problem Q is equivalent

to the two-machine flowshop scheduling problem with the objective of minimizing

the mean flow time, which has been shown to be AlP-hard in the strong sense [45].

It follows that problem P is AlP-hard in the strong sense. U
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4. MATHEMATICAL PROGRAMMING FORMULATIONS

This chapter proposes two novel modeling frameworks for formulating

groupscheduling problems. These two frameworks can be used to formulate

groupscheduling problems with different setup time structures such as sequence

independent or sequencedependent setup times with or without carryover, or with

no setups at all. Based on the frameworks, three different mixedinteger linear

programming (MILP) formulations of the carryover sequencedependent setup

times groupscheduling problem are presented. These formulations are compared

in terms of the number of binary and continuous variables, and their ability to

solve problems of various sizes.

In the literature, typically two modeling paradigms are used to formulate

scheduling problems. The first was suggested by Wagner [119] and considers the

order of a job within the sequence as a decision variable. The sequence of jobs is

determined by assigning jobs to slots where each slot is indexed to represent the

order of the job assigned to it. Second paradigm is due to Manne [92] and makes

use of precedence relations between the jobs to determine their sequence. The

first proposed formulation utilizes the first paradigm described above, while the

second and third formulations incorporate the two paradigms in a linear fashion.

4.1. MILP1

The first MILP formulation utilizes the problem data as presented in sec-

tion 3.1, directly using the componentfeeder assignment tables to implicitly eval-

uate the carryover sequence-dependent setup times. The model determines a

sequence of board types by assigning each board type to a slot while making sure

that the board types within the same group are processed all together one after
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the other. The setup times required of board groups in the optimal sequence is

computed by the model by determining the values of the decision variables so

that all of the required components are loaded on the appropriate feeders (by

performing feeder setups) when necessary.

The following notation is adopted to present our mathematical formula-

tions. Additional notation will be introduced whennecessary in the later sections.

Indices and Parameters:

m = Number of machines.

k = 1,.. . , m machines.

N Number of board groups.

g, = 1,. . . ,N board groups.

n9 = Number of board types belonging to group g, g 1,. . . , N.

b = 1,.. . , n9 board types, g = 1, . . . , N.

J Total number of board types, i.e.,

j = 1,...,Jslots.

rt,b,k = Run time, in seconds, of board type b of board group g on

machine k, g= 1,... , N; b= 1,. .. ,ng; k= 1,... ,m.

STk = Setup time, in seconds, per feeder on machine k, k = 1, .. . , m.

FSk = Set of indices of all required feeders on machine k, k = 1,. . . , m.

a' = 1 if group g requires component c on feeder f on machine k,

0 otherwise, g 1,... ,N; k = 1,... ,m; f E FSk; c E CS.

CS = Set of indices of the components required on feeder f on machine k

by all groups, k = 1,... , m; f E FSk.



For clarity, FSk and CS can be described using the data of the repre-

sentative example problem presented on page 34 as follows. On machine 1, all

the feeders are required by at least one board group, except for feeders 15, 17,

and 20. Hence FSk1 = {1,2,3,4,5,6,7,8,9,10,11,12,13,14,16,18,19}. Now,

consider feeder 2 on machine 1. Components 101-04 and 101-06 are the only

components required on feeder 2. Hence, CS = {101-04, 101-06}. Similarly

CS {101-05, 101-08} and CS = {101-06, 101-13, 101-30}.

For machine 2, FSk2 = {1, 2, 4, 5, 6, 7, 9, 1O}. Components 101-17 and

101-18 are the only components that can occupy feeder 2 during the produc-

tion of all board types. Hence = {101-17, 101-18}. Similarly, CS =

{101-19, 101-83} and CS° = {101-20}.

Decision Variables:

= 1 if board type b of group g is assigned to slot j, 0 otherwise,

g=1,...,N;b=1,...,n9;j=1,...,J.
y9,9 = 1 if a group setup is required from group g to g' at slot j, 0 otherwise,

Ci,k = Completion time of the board type assigned to slot j on machine k,

j=1,...,J;k=1,...,m.
= 1 if component c is loaded on feeder f at slot j on machine k,

0otherwise,j=1,...,J;k=1,...,m;fEFSk;cECS.Notethat,
the components of the initial configuration are loaded on the machines

at the beginning, i.e., h' = a' k = 1, . .. , m; f E FSk, C E CS.
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dk = 1 if a setup is needed on feeder f at slot j on machine k,

0 otherwise, j = l,...,J; k = 1,... ,m; f FSk.

S,k = Setup time required of the board type assigned to slot j on machine k,

j=l,...,J;k=l,...,m.

Following this notation, a MILP formulation for the problem with the

objective of minimizing the total flow time can be presented as follows.

MILP1:

ZJLp1 = Mm Cj,m

subject to
N flg

Xg,b,j 1

g=1 b=1

Xg,b,j 1

ng flg

x9&i_i + xg',,j Yg,g',j + 1

Yg,.q',j = N 1

g=1 g'=1,gg' j1
N flg

C3,k C_l,k + Sj,k +
g=1 b=1

N flg

C3,k C3,k_1 +
g=1 b=1

N flg

: ag'xg,b,j
g=1 b=1

N ng

h'!lk + a' Xg,b,j
g=1 b=1

(4.1.1)

Vj (4.1.2)

Vg, b=1,...,n9 (4.1.3)

Vg,Vg',gg',j=2,...,J (4.1.4)

(4.1.5)

Vj, Vk (4.1.6)

Vj, k=2,...,m (4.1.7)

Vj, Vk, f e FSk, c E CS (4.1.8)

Vj, Vk, f e FSk, C E CS (4.1.9)



h'<1 Vj,Vk,fEFSk (4.1.10)
cECS

d1 > hCf - Vj, Vk, f E FS, c e CS (4.1.11)j,k - j,k j-1,k

S,k = ST dk Vj, Vk (4.1.12)
IEFSk

Xg,b,j E {0,1} Vg, b= 1,...,n9, Vj (4.1.13)

y9,9', E {0, 1} Vg,Vg', g $ g', Vj (4.1.14)

h'E{0,1} Vj, Vk, IEFSk, cECS (4.1.15)

d'k E {0, 1} Vj, Vk, f e FSk (4.1.16)

The objective (4.1.1) is to minimize the total flow time, which is the sum

of the completion times of the individual board types (jobs) on the last machine.

It can be divided by the total number of board types, J, in order to minimize the

mean flow time. For minimizing the makespan, the objective should be changed

to minimizing the completion time of the last board type, which is equal to the

completion time of the board type that is assigned to the last slot on the last

machine, i.e., Cj,m.

Constraint sets (4.1.2) and (4.1.3) are the assignment constraints. They

make sure that each board type is assigned to exactly one slot, and each slot is

assigned to exactly one board type. Constraint set (4.1.4) determines which setup

operation should be performed on the slots other than the first slot. By ensuring

that the production switches from a group to another N 1 times (excluding

the setup for the first group), constraint set (4.1.5) ensures that the board types

(jobs) within a group are processed all together, one after the other. Constraint

set (4.1.6) evaluates the completion times of the board types assigned to each slot

on each machine alone. On each machine, the completion time of the board type
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assigned to a slot, say slot j, is at least the completion time of the board type

assigned to the preceding slot (slot j 1) plus the setup time in between plus the

run time of the board type assigned to slot j. Constraint set (4.1.7) describes the

relationship between the machines, i.e., it ensures that the completion time of a

board type on the current machine is at least its completion time on the previous

machine plus its run time on the current machine. Therefore, this constraint set

ensures that a board type starts operation on a machine only after it is completed

on the previous machine. Constraint set (4.1.8) makes sure that all the compo-

nents required of the board group that is assigned to the current slot are loaded

on the appropriate feeders. Constraint set (4.1.9), on the other hand, makes sure

that the component loaded on a feeder at the previous slot remains on that feeder

at the current slot if the current board group does not require a component on

that feeder. Constraint set (4.1.10) makes sure that, on any machine and at a

given slot, a feeder is loaded with at most one component. Note that if a feeder is

already loaded with a component at the initial/reference configuration, it will stay

loaded (either with the same component of the reference group or with another

component required of the board groups to be produced). If not, the constraint

set ensures that there will be at most one component at that feeder during the

production of all of the board groups. Constraint set (4.1.11) determines, for each

feeder, if a setup is performed in between slots by checking whether a component

is loaded on a feeder and was not loaded on that feeder at the previous slot. For

each machine, constraint set (4.1.12) evaluates the setup time required before each

slot by first evaluating the total number of feeder setups and then by multiplying

that number by the average setup time per feeder on the machine.

Finally, (4.1.13)(4.1.16) are the integrality restrictions on the decision

variables.



4.2. MILP2

Remember that the first modeling framework proposed here assigns each

of the individual board types to one of the J slots but makes sure that the board

types within a group are processed contiguously, one after the other. The second

framework, on the other hand, assigns each group to one of N slots, while the se-

quence of individual board types within each group is determined by constructing

precedence constraints among the completion times of board types. Therefore, the

novelty of this modeling framework is that it blends the two modeling paradigms

proposed previously in the literature for formulating scheduling problems. The

challenge is to establish a relationship between the order of a group and the order

of the board types within that group while incorporating the two paradigms, and

still preserve linearity.

Since which group will be assigned to which slot in the optimal sequence is

not known a priori, it is not straightforward to assess the number of board types

of the group assigned to a slot as the number of board types within board groups

may be different. A remedy to this difficulty is to introduce 'dummy' board types

just so that every group is composed of the same number of board types. For

example, suppose that there are three board groups G1, C2, and C3 with 1, 2,

and 4 board types, respectively. Then, three more board types are added to C1

and two more board types to C2. Therefore, all the board groups now have 4

board types. However, the completion times of the dummy board types should

be excluded from the evaluation of the makespan/mean flow time.

To present the second formulation, a notation slightly different than the

one introduced in the first formulation is needed. Although some of the notation

is the same as before, they are repeated here for clarity.



Indices and Parameters:

H = A very large positive number.

m = Number of machines.

k = 1,.. . , m machines.

N = Number of board groups.

g = 1, . . . , N board groups.

j 1,...,Nslots.

flg = Number of board types belonging to group g, g = 1,.. . , N.

nmax = Maximum number of board types in board groups,

i.e., ninax = max {ng}.

b = 1,.. . , nmax board types.

rtg,b,k = Run time of board type b of board group g on machine k, Vg, Vb, Vk.

By definition, the run times of dummy board types are set to H,

i.e., rtg,b,k = H for b = flg+l,. . . ,nmax, Vg, Vk.

STk = Setup time, in seconds, per feeder on machine k, k = 1,... , m.

FSk = Set of indices of all required feeders on machine k, k = 1,. . . , m.

a' = 1 if group g requires component c on feeder f on machine k,

Ootherwise, g= 1,...,N; k=1,...,m; fEFSk, cE CS.

CS = Set of indices of the components required on feeder f on machine k

by all groups, k = 1,... ,m; f E FSk.
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Decision Variables:

Xg,j = 1 if board group g is assigned to slot j, 0 otherwise, Vg, Vj.

Yj,b,b' = 1 if board type b' follows board type b in the group assigned to slot j

of the group assigned to the same slot, 0 otherwise, Vb, Vb', b' > b, Vj.

C,k Completion time of the board group assigned to slot j on machine k,

0 otherwise, Vj, Vk.

Oj,b,k = Completion time of board type b of the group assigned to slot j on

machine k, Vj, Vb, Vk.

S,k Setup time required of the board group that is assigned to slot j
on machine k, Vj, Vk.

h' 1 if component c is loaded on feeder f at slot j on machine k,

Ootherwise,j= 1,...,J; k= 1,...,m; IEFSk, cCS. Notethat,
only the components of the reference configuration are loaded on the

machines at the beginning, i.e., h' = a' Vk, f E FSk, C E CS.
dk = 1 if a setup is needed on feeder f at slot j on machine k,

0 otherwise, Vj, Vk, f E FSk.

Following this notation, a MILP formulation for the problem with the

objective of minimizing the total flow time can be presented as follows.

MILP2:
N nmax

ZILp2 = Mm °j,b,m
j=1 b=1

subject to

1

xg,j = 1

(4.2.1)

Vj (4.2.2)

Vg (4.2.3)
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N

C,k Cj_1,k + S3,k + tg,b,kXg,j Vj, Vk, Co,k = 0 (4.2.4)
g=1 b=1

Oj,b,k C_1,k + S,k + rtg,b,kxg,j Vj, Vk, Vb, Co,k = 0 (4.2.5)

°j,b,k °j,b,k-1 + Ttg,b,kXg,j Vj, Vb, k = 2, . . . ,m (4.2.6)

max Vj, Vk (4.2.7)
b=1 .....

Oj,b,k °j,b',k + Hy,b,b' rt9,b,kx,i Vj, Vb, Vb', b' > b, Vk (4.2.8)

°j,b',k °j,b,k + H(1 Yj,b,b') Ttg,W,kXg,j Vj, Vb, Vb', b'> b, Vk (4.2.9)

h' Vj,Vk,f E FSk,c E CS (4.2.10)

h hulk + a

h'1
cECS

,-if > j,c,f jc,f
j,k - 'j-1,k

S3,,.
j STk dk

fEFSk

x9,3 e {0, 1}

Yj,b,b' E {0, 1}

e {0,1}

dk E {0, 1}

Vj, Vk, f E FSk, C E CS (4.2.11)

Vj,Vk,f E FSk (4.2.12)

Vj, Vk, f FS, C E CS (4.2.13)

Vj, V/c (4.2.14)

Vg, Vj (4.2.15)

Vj,Vb,Vb', b' > b (4.2.16)

Vj, Vk, f E FSk, CE CS (4.2.17)

Vj, Vk, f E FSk (4.2.18)

The objective (4.2.1) is to minimize the sum of the flow times, which can

be divided by the total number of board types to minimize the mean flow time.
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For minimizing the makespan, the objective function should be changed to the

completion time of the last board group on the last machine, i.e., CN,m.

Constraint sets (4.2.2) and (4.2.3) ensure that each board group is assigned

to exactly one slot, and each slot is assigned to exactly one group. Constraint

(4.2.4) schedules the board groups on each machine, making sure that the com-

pletion time of the current board group is at least the completion time of the

preceding group on the same machine plus the setup time required of the current

board group plus the entire run time of the current board group. Constraint set

(4.2.5) makes sure that the completion time of an individual board type is at least

the completion time of the preceding board group on the same machine plus the

setup time required of the current board group plus the run time of the individual

board type. Constraint set (4.2.6) ensures that a board type starts processing

on a machine only after it is completed on the previous machine. Constraint

set (4.2.7) sets the completion time of a board group to the completion time of

the board type that is processed last in that group. Constraint sets (4.2.8) and

(4.2.9) schedule the individual board types within each group, ensuring that the

difference between the completion times of two board types is at least the run

time of the board type scheduled to be processed later. Constraint set (4.2.10)

makes sure that all the components required of the board group that is assigned

to a slot are loaded on the appropriate feeders. Constraint set (4.2.11), on the

other hand, ensures that the component loaded on a feeder at the previous slot

remains on that feeder if the next board group does not require a component on

that feeder. Constraint set (4.2.12) makes sure that, on any machine and at a

given slot, a feeder is loaded with at most one component. Note that if a feeder is

already loaded with a component at the initial/reference configuration, it will stay

loaded (either with the same component of the reference group or with another
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component required of the board groups to be produced). If not, the constraint

set ensures that there will be at most one component at that feeder during the

production of all of the board groups. Constraint set (4.2.13) determines if a setup

is performed in between slots at each feeder by checking whether a component is

loaded on a feeder and was not loaded on that feeder at the previous slot. Con-

straint set (4.2.14) evaluates the setup time, for each machine, required before

each slot by first evaluating the total number of feeder setups for each slot and

then by multiplying that number by the average setup time per feeder required

on the machine.

Finally, (4.2.15)-(4.2.18) are the integrality restrictions on the decision

variables.

Observe that, because the run times for the dummy board types are de-

fined to be -H and the sense of the objective is minimization, the completion

time variables Oj,b,k will be evaluated as 0 for dummy board types (observe the

constraint sets (4.2.5), (4.2.6), (4.2.8), and (4.2.9)). Consequently, the dummy

board types will have no contribution to the objective function value.

4.3. MILP3

Using the feeder carrier configuration required per group (see Tables 3.3

and 3.4 in section 3.1), constraint sets (4.1.8)-(4.1.12) in MILP1 and sets (4.2.10)-

(4.2.14) in MILP2 implicitly compute the carryover sequence-dependent setup

time required before starting production of each board group. However, given a

sequence of board groups, the setup times can be computed explicitly as shown

in Figure 3.2 previously. The third formulation proposed here assumes that the

carryover setup times for each possible board group sequence have been computed
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beforehand. As in MILP2, the optimal board group sequence is determined by

assigning each group to one of N slots, and the sequence of individual board types

within each group is determined by constructing precedence constraints among the

completion times of board types.

Besides some of the indices and parameters defined for MILP2 previously,

the following special constructs are introduced to aid in the development of the

model.

fl(j) = Set of all possible partial group sequences including exactly j groups

excluding the reference group, R, which is denoted by group 0. Each

partial group sequence begins with the reference group. For example,

H(1) = {(0 1), (0 2),.. . , (0 N)}. 11(0) = 0 by definition.

= A partial group sequence with exactly j groups, excluding group 0.

For instance, ir2 = (0 2 3). ir0 = (0) by definition.

g = The partial group sequence constructed by attaching group g to the

end of partial sequence ira,. E.g., ir1 = (0 3) = 1 = (0 3 1).

ir \ k = The partial sequence composed of first k groups of the partial group

sequence it3, in the same order. For example, ir2 (0 2 3) =

ir2\1=(0-2)andir2\2=(0-2-3).
it3(k) kth group of the partial sequence it3. For example, ir2 = (0 2 3) =

ir2(1) = 2, ii-2(2) = 3.

= The set of groups in the partial sequence it3. For instance,

iti =(0-3)(iri)={3};ir3=(0-2-1-3)=(ir3)={1,2,3}.
= Setup time required to process board group g right after the partial

sequence it3 on machine k, 713 E 11(j), j = 1,. . . ,N 1; Vg, Vk.
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Decision Variables:

Xg,j = 1 if board group g is assigned to slot j, 0 otherwise, Vg, Vj.

Yj,b,b' = 1 if board type b' of the group assigned to slot j follows board type b

of the group assigned to the same slot, 0 otherwise, Vb, Vb', b' b, Vj.

= Completion time of the group assigned to slot j on machine k, Vj, Vk.

= Completion time of board type b of the group assigned to slot j on

machine k, Vj, Vb, Vk.

S3,k = Carryover sequence-dependent setup time required of the board group

assigned to slot j on machine k, Vj, Vk.

1 if group sequence is identified to be 7rN, 0 otherwise, lrN E H(N).

Following this notation, a MILP formulation for the problem with the

objective of minimizing the total flow time can be presented as follows.

MILP3:

N nmax
41LP3 = Mm

j=1 b=1

subject to

Z,,. = 1
7rNEH(N)

=
7rNEfl(N)
lrN(j)=g

N nmax
Ci,k C_l,k + S,k + >

g=1 b=1

°j,b,k C_1,k + Si,k + Ttg,b,kXg,j

°j,b,k °j,b,k-1 + rtg,b,kxg,j

(4.3.1)

(4.3.2)

Vg,Vj (4.3.3)

Vj, Vk, Go,,. = 0 (4.3.4)

Vj, Vk, Vb, CO3,, = 0 (4.3.5)

Vj, Vb, k = 2,.. . , m (4.3.6)



Ci,,. = max Oj,b,k
b=1,...,nmax

°j,b,k °j,b',k + Hy,b,b'

°j,b',k °j,b,k + H(1 Yj,b,b') rtg,b',kxg,j

Sj,k i Sirj_l,g,ic( :: ZIrN)
ir_iEfl(j-1) g=1 NEfl(N

gtP(irj_i) 7rN\j=7rj_1g

Xg,j E {0, 1}

Yj,b,b' E {0, 1}

ZN e {0, 1}

Vj,Vk
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(4.3.7)

Vj,Vb,Vb', b' > b,Vk (4.3.8)

Vj, Yb, Yb', b' > b, Vk (4.3.9)

Vj,Vk (4.3.10)

Vg,Vj (4.3.11)

Vj, Yb, Yb', b' > b (4.3.12)

N E 11(N) (4.3.13)

The objective (4.3.1) is to minimize the sum of the flow times, which can

be divided by the total number of board types to minimize the mean flow time.

For minimizing the makespan, the objective function should be changed to the

completion time of the last board group on the last machine, i.e., Cpq,.

Constraint (4.3.2) ensures that only one complete group sequence is iden-

tified. Constraint set (4.3.3) enforces that each board group is assigned to exactly

one slot and this assignment is consistent with the group sequence identified. Con-

straint set (4.3.4) schedules the board groups on each machine. It ensures that the

completion time of the current board group is at least the completion time of the

preceding group on the same machine plus the setup time required of the current

board group plus the entire run time of the current board group. Constraint set

(4.3.5) makes sure that the completion time of an individual board type is at least

the completion time of the preceding board group on the same machine plus the

setup time required of the current board group plus the run time of the individual

board type. Constraint set (4.3.6) ensures that a board type starts processing
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on a machine only after it is completed on the previous machine. Constraint

set (4.3.7) sets the completion time of a board group to the completion time of

the board type that is processed last in that group. Constraint sets (4.3.8) and

(4.3.9) schedule the individual board types within each group, ensuring that the

difference between the completion times of two board types is at least the run

time of the board type scheduled to be processed later. Constraint set (4.3.10)

evaluates the appropriate carryover sequencedependent setup times, depending

on the complete group sequence identified. It simply states that the setup time

required before each slot on each machine should be the ones corresponding to

the optimal group sequence.

Finally, (4.3.11)(4.3.13) are the integrality restrictions on the decision

variables.

For clarity, the construction of carryover sequencedependent setup times

constraints is demonstrated on the representative example problem. The data

involving carryover setup times for the twomachine example presented in Sec-

tion 3.1 are given in Table 4.1. For all possible partial sequences at each slot,

carryover sequence-dependent setup times are computed as described previously.

Table 4.1 simply states, for example, that if group 3 were to be processed first

and group 2 second, it would require 1620 seconds to setup machine 1 (HSPM) to

switch production from group 3 to group 2 (S(o_3),2,i = 1620). Similarly, if groups

2 and 3 were processed in that order and group 1 were to be processed next, the

setup time would be 220 seconds on machine 2 (S(o_23),i,2 = 220).

Construction of the constraints for the carryover sequence-dependent setup

times can be explained as follows. Define six z variables, one for each of six (N! =

3! = 6) possible group sequences, designated as Z(o_l_23), Z(oi_3_2), Z(o_2_i_3),

Z(o_2_si), Z(o_31_2), and Z(o_3_2_i). The setup times only on machine 1 will be



Table 4.1. Carryover SequenceDependent Setup Times of the Example Problem

Machine 1 Machine 2

Slot Partial Group g Group g

j Sequence ir3_1 1 2 3 1 2 3

1 (0) 1080 1620 1440 440 660 880

(0-1) 1440 1440 660 660

2 (0-2) 1080 1080 440 880

(0-3) 1440 1620 660 660

(0-1-2) 1080 660

(0-1-3) 1620 660

(0-2-1) 1260 660
3

(0-2-3) 1620 220

(0-3-1) 1440 660

(0-3-2) 1260 220

considered, and the group sequence (0 3 1 2) will be used as an example to

imply that Z(o3_i_2) = 1, x3,1 1, x1,2 = 1, and x2,3 1. Since one of the six

possible sequences should be identified, constraint set (4.3.2) takes the form:

Z(oi_2_3) + Z(o_13_2) + Z(o_2_i_3) + Z(o_2_3_i) + Z(03_i_2) + Z(o..3_2_1) = 1.

For slot 1:

Initial partial group sequence is '(0)' (i.e., the reference group only). For slot 1,

the only decision is to choose the next group. In order to identify the group
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assigned to slot 1, constraint set (4.3.3) takes the following form:

11,1 Z(o_i_2_3) + Z(o_i_3_2),

12,1 = Z(o_2_i_3) + Z(o_2_3_i),

13,1 Z(ij_3_l_2) + Z(O_3_2_l).

The setup time for the first slot/group is computed by the constraint (constraint

set (4.3.10) for j = 1)

SI,1 = S(u),l,l(z(U_l_2_3) + Z(o_i_3_2))

+ S(o),2,l(z(o_2_l_S) + Z(O_2_34)) + S(o),3,l(z(o_31_2) + z(o_3_2_i)).

For the example sequence, S1,i = S(o),3,i 1440 since only Z(o_312) = 1.

For slot 2:

The same set of constraints, except that the partial sequence is now composed of

the reference group followed by the group assigned to slot 1, is introduced:

11,2 = Z(o_2_i_3) + Z(o_3_i_2),

12,2 Z(o_i_2_3) + Z(o_3_2i),

Xa,2 = Z(o_i_3_2) + Z(O_2_3_l).

The appropriate setup time for the second slot/group is computed by the following

constraint (constraint set (4.3.10) for j = 2)

S2,1 = S(ol),2,lz(o_l_2_3) + S(Ql),3,lz(Ql_3_2) + S(o_2),l,lz(o_2l_3)

+ S(o_2),3,lz(Q_2_31) + S(Q_3),l,lz(Q_3_l_2) + S(03),2,lz(o_32_l).

For the example sequence S2,i = S(o_3),i,i = 1440 since only Z(o3_i_2) = 1.



For slot 3:

Similarly, for the third slot/group, we have

xl,3 = Z(___) + Z(o_3_2_i),

= Z(o_i_3_) + Z(o_3_i_2),

= Zo_i_2_3) + Z(o_2_i_3).

The appropriate setup time for the second slot/group is computed by the following

constraint (constraint set (4.3.10) for j = 3)

S3,1 = Z(o_i_2_3) + S(o_i_s),2,i Z(o_i_3_2) + S(o_2_i),3,i Z(o_2_i_3)

+ S(o_2_3),l,lz(o_2_3_l) + S(o_3_l),2,lz(o3_l_2) + S(o_3_2),l,lz(o_3_2_l).

For the example sequence, 83,1 = S(o_3_1),2,1 = 1440 since only Z(o_3_i_2) = 1.

4.4. Comparison of the Proposed Formulations

Table 4.2 present the number of binary and continuous variables that exist

in MILP1, MILP2 and MILP3.

Table 4.2. Number of Variables in MILP1, MILP2, and MILP3

Binary J2 + N(N-1)(J-1) + (iFwi + >IEFSk csi)
MILP1

Continuous 2Jm

Binary N2 +ng(ng1)/2+ (IFSkI + 1EFSk csi)
MILP2

Continuous 2Nm

MILP3
Binary N! + N2 + J(nmax 1)nmax/2

Continuous 2Nm(nmax + 1)
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Since a binary variable is defined for each possible group sequence, the

total number of binary variables in MILP3 grows exponentially with the number

of groups. Hence, it is impractical to use MILP3 for large size problems, which

would require excessive amounts of computation memory. Problems with more

than 8 board groups could not be solved with MILP3 due to lack of enough

computation memory. However, for small and medium size problem instances

(with 3 to 8 board groups), it has been experienced that MILP3 can be solved

much faster than MILP1 or MILP2 with a branchandbound algorithm. It is

conjectured that branching on Z,-N variables is very effective. The 1N variables in

the constraint set (4.3.2) form a type 8 special ordered set (SOS Type 3) [39]. In

a SOS Type 3 set, only one of the variables is allowed to be 1, while all the other

variables have to be 0. It is wellknown that SOS branching, i.e., branching on

several of the variables in a SOS set at the same time rather than branching on the

variables one by one, is generally more effective since the branchandbound tree

is more balanced. Furthermore, in a node deep down the tree, setting one of the

ZN variables to 1 implies that all the remaining ZN variables are fixed to 0 in that

node. Hence, the problem for that node reduces to scheduling the individual board

types within each group (since the group sequence is fixed), which is relatively

easier.

The constraint sets (4.2.8) and (4.2.9) in MILP2 and (4.3.8) and (4.3.9) in

MILP3, designed to schedule the individual board types within each group, are not

binding for an optimal solution. In general, this loosens the linearprogramming

(LP) relaxation of the formulations. However, the fact that a binary variable is

defined for each possible group sequence strengthens the LPrelaxation of MILP3.

Hence, the LPrelaxation of MILP3 is in general tighter than that of MILP2. In

addition, MILP2 and MILP3 require the introduction of 'dummy' board types
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with run times set to H on all machines. This distorts the structure of the

subproblems in a column generation algorithm that is designed based on MILP2

or MILP3. Although the run times of the dummy board types can be defined

in a different way (see, for instance, Gelogullari and Logendran [43]), a column

generation algorithm designed for MILP1 is more effective compared to that of

MILP2 or MILP3.

In summary, MILP3 seems to be a good choice to solve small size problems

with a commercial MILP solver, but cannot be used for large size problems. The

LPrelaxation of MILP2 is too inferior compared to that of MILP1 because of

the constraint sets (4.2.8) and (4.2.9). Hence, the column generation/branch

andprice algorithms are based on MILP1, which is more effective and can handle

large size problems.

The computational experiments presented in chapter 8 reveal the differ-

ences between the LPrelaxations of these formulations and their ability to iden-

tify optimal solutions or integer feasible solutions for problems of various sizes.
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5. TABU SEARCH ALGORITHMS

Since the research problems, with each of the two objectives, are .AIP-

hard in the strong sense, it is highly likely that existing optimization algorithms

that guarantee global optima will require excessive amounts of computation time.

Hence, high level metasearch heuristic algorithms are proposed to identify good

quality solutions. The proposed search algorithms are not only timeefficient but

also effective with respect to identifying good quality solutions even on large,

industrysize problems encountered in electronics manufacturing.

This chapter presents the structure of novel search algorithms based on the

concept known as tabu search. First, the necessary background is developed and

then the proposed tabu search algorithms are described in detail.

5.1. Introduction

Tabu Search (TS) is a fairly new method that is still actively researched

and is continuing to evolve and improve. The roots of TS go back to late 1970's

(Glover [47]). It was first presented in its current form by Glover [48]; the basic

ideas have also been sketched by Hansen [57]. Additional reports to formalize the

TS approach include Glover [49-51], Clover and Laguna [52], and De Werra and

Hertz [33]. Recently, Glover and Laguna [53] edited a comprehensive book that

presents historical origins of TS and different features it adapted from a variety

of fields.

TS has been proven to be a remarkably successful approach for solving a

wide range of hard combinatorial optimization problems. Barnes et al. [17] review

applications of TS to various production scheduling problems. It is successfully

applied to complex machine scheduling problems including that of minimization of
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the makespan of a flexible manufacturing system (Logendran and Sonthinen [86])

and of a realtime scheduling problem on unrelated parallel machines with job

splitting (Logendran and Subur [88]).

TS is a general framework specifically designed to guide any other method

such as local search (hence the name "metasearch heuristic" or, in short, "meta-

heuristic"). It is an iterative method that starts from an initial solution and

marches towards better solutions, employing a set of moves for transforming one

solution to another. TS is founded on the following three primary themes.

The use of adaptive memory structures designed to permit historical search

information to explore the solution space more economically and effectively

than by rigid memory structures as in branchandbound methods or mem-

oryless systems such as simulated annealing or genetic algorithms.

A control mechanism of responsive exploration of the solution space that

constrains the search by classifying certain of its moves as forbidden (i.e.,

"tabu") and that frees the search to provide "strategic forgetting."

The incorporation of memory functions of different time spans to intensify

the search within the regions of the solution space containing promising

solutions or diversify the search towards less explored regions of the solution

space.

The emphasis of responsive exploration in TS derives from the supposi-

tion that a bad strategic choice can yield more information than a good random

choice. A bad choice can provide useful clues about how the search strategy may

profitably be changed; a purposeful design can be more adept at uncovering the

imprint of structure in elite solutions. The memory used in TS is both explicit
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and attributive. Explicit memory records complete solutions, typically consisting

of elite solutions visited during the search. The search can be expanded around

the memorized elite solutions. Alternatively, TS uses attributive memory for guid-

ing purposes. This type of memory records information about solution attributes

that change in moving from one solution to another. For example, in production

scheduling, the indices of jobs may be used as attributes to encourage or inhibit

assignment of certain jobs to certain positions, hence the method follows certain

search directions.

To understand the TS metaheuristic, first consider a general combinatorial

optimization problem of the form

Minimize c(x)

subject to x E X,

where X is a discrete set of feasible solutions. Traditional local search approaches

start from an initial solution x0 E X. Every feasible solution x' E X in some

neighborhood of x0, N(xo), is obtained through slight perturbations in x0 and

evaluated as c(x'). A perturbation or move is an atomic change that transforms

x0 to x'. If there does not exist a solution x' e N(xo) better than x0 then the

procedure stops. Otherwise, such x' E N(xo) is designated as the new x0 and the

procedure iterates similarly.

One obvious drawback of this procedure is that it generates a monotone

sequence of improving solutions, until a local optimum (a solution better or no

worse than each of its neighbors) is identified. In a sense, the procedure gets

stuck in local optima. TS in its most basic form is a local search method with

an additional wrinkle that avoids getting stuck in local optima: In each iteration,

TS chooses the best move regardless of whether or not it improves the current



solution. If the move is nonimproving (and the current solution is at least as good

as its parent), then the search process has encountered a local optimum and thus

begins the process of escape from it immediately. In addition, TS is characterized

by the following key components.

Tabu List: After an iteration in which a nonimproving move is accepted,

the neighborhood of the new solution contains the previous solution (from

which it is generated) that can now be obtained by an improving move. If

that move is accepted, the search will be cycling back and forth between

these two solutions. Tabu List stores information that is used to avoid gen-

erating solutions visited recently. A move is considered tabu and is discarded

if it is recorded in the tabu list, or in other words, if its tabu tenure has not

passed. Tabu tenure is the number of iterations for which the move stays

tabu. It is equal to the size of the tabu list that is updated in a cyclic fash-

ion, removing the last move recorded before recording a new move as tabu.

Depending on the design, tabu tenure may be fixed (fixed tabu list size) or

may change (variable tabu list size) during the search process in order to

further influence the search. Tabu list is a shortterm (recencybased) and

attributive type of memory structure.

Aspiration Criterion: As only limited information is recorded in the tabu

list, it is possible that the search process will discard some moves that would

generate good solutions. To counteract this potentially negative effect, TS

introduces aspiration criterion to override the tabu status of a move. The

simplest and most widely used form of aspiration criterion is to override the

tabu status of a move if it produces a better solution than the best solution

found so far in the search process.
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Candidate List: In each iteration of the search, TS selects the best non

tabu move among the ones that generate neighbors of the current solution.

If the move that is selected is an improving move, then the new solution

has the potential of being a local optimum (after the next iteration). These

potential local optima are recorded in a list called the Candidate List.

Index List: If a solution indeed becomes a local optimum (if it is as good

as the solutions in the previous and the next iterations, i.e., if it is as good as

its parent and its child solutions) it is recorded in an Index List. Candidate

and Index lists are explicit memory structures that are used to control the

search so that neighborhoods of already explored local optima are not visited

again, to monitor when elite solutions are identified, and to identify patterns

that are common in the elite solutions.

Note that the neighborhood of a solution x, N(x), is dynamic since it is

defined by the move operator that transforms x to x' E N(x) and some of the

moves remain tabu for a certain number of iterations.

In addition to the components presented above, the following features fur-

ther define the scope of TS.

Initial Solution: As emphasized previously, an initial solution is required

to trigger the search. It can be chosen arbitrarily or generated using a

favored systematic approach that identifies a potentially good solution.

Neighborhood Function: To move from one solution to another, a neigh-

borhood function that defines the set of new solutions within some neighbor-

hood of a given solution must be designed. Since TS provides a means for

traversing the solution space in a clever and economical way, simple moves





does not exhibit any of the common patterns of the elite solutions found

so far. Most often, long-term memory components based on maximal and

minimal frequencies are used for intensification and diversification purposes,

respectively.

Long-Term Memory Function Based on Maximal Frequency

(LTM-Max): The move or pattern that is found most frequently in

the elite solutions is used as a means for intensification. In produc-

tion scheduling, for instance, the number of times each job is assigned

to each position in the elite sequences may be counted for a certain

number of iterations and recorded in a job-position frequency matrix.

Then, the job-position pair corresponding to the maximal entry in the

matrix can be fixed in the initial solution and the search can restart

and progress accordingly. Similarly, a new initial solution can be con-

structed by assigning jobs to positions, starting with the assignment

corresponding to the highest frequency, then continuing with the as-

signment corresponding to the second highest frequency, and so on.

Long-Term Memory Function Based on Minimal Frequency

(LTM-Min): In contrast to LTM-Max, the least frequently encoun-

tered move or pattern may be identified and advantageously used

to diversify the search. In the production scheduling example, the

job-position pair corresponding to the minimal entry in the matrix can

be fixed throughout the search. Alternatively, based on minimal fre-

quencies, the frequency matrix can be used to construct a new starting

solution as different as possible from the solutions generated through-

out the previous history of the search process.
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Stopping Criteria: Since TS will not stop when it encounters a local

optimum, other specific stopping criteria must be employed. Most often,

the search is terminated when

the best solution found so far has not improved for a certain number

of iterations, or

a certain number of local optima has been identified (in the index list).

Finally, it should be pointed out that the values of several parameters re-

lated to the TS components described above need to be determined for the best

results in terms of search efficiency and effectiveness. For instance, preferred tabu

list sizes lie in intervals related to problem type and size. Similarly, the best

values of the parameters such as the limit on the number of iterations without

improvement (used to stop the search) or the number of restarts (for intensifica-

tion/diversification purposes) must be set a priori. Since there is generally not

a theoretical clue on the best value of a parameter, preliminary experiments are

performed to test different values of the parameters and identify the best ones.

5.2. Components of the Proposed Tabu Search Algorithms

Within the context of group scheduling, the application of tabu search

exhibits two levels of search. The first level, called the outside level, involves the

search for a better board group sequence. Given a board group sequence, the

second level, called the inside level, involves the search for a better individual

board type sequence within each group. The final solution is composed of the

best group sequence together with its best board type sequence within each group

that results in the minimum makespan/mean flow time.
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At the outside level an outside tabu search algorithm is applied to move

from one group sequence to another, and at the inside level an inside tabu searriz

algorithm is invoked to move, within each group, from one board type sequence

to another. Once a group sequence is identified during the outside search, the

search process switches to the inside search in order to find the best board type

sequence as well as the resulting makespan/mean flow time of the whole sequence.

When the solution corresponding to the best individual board type sequence is

identified, the search process switches back to the outside level to search for a

newer and better group sequence. As a consequence, the entire search proce

switches back and forth between the inside and outside levels to finally identify

the best solution for the problem.

The next subsections address several issues related to the inside and outside

tabu search algorithms.

5.2.1. Initial Solution

The next chapter presents a simple procedure, procedure Minsetup, that

identifies quality lower bounds on the makespan and the mean flow time for the

twomachine problem. The procedure converts the problem to one with sequence

independent setup times by determining possible minimum setup times for each

board group. Then, for each measure of performance, a complete sequence com-

posed of a sequence of board groups as well as a sequence of individual board

types within each group is constructed. The sequences identified as described are

used as the initial sequences to trigger the tabu search algorithms. For three

machine problems, the same algorithms are used to identify initial sequences by

disregarding the last machine and considering the first two machines only.
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5.2.2. Neighborhood Function

The notation introduced in the previous chapter is still followed in this

chapter. For instance, N denotes the number of board groups and n9 the number

of individual board types within each group, while a denotes a given solution (se-

quence) which is composed of a board group sequence and a sequence of individual

board types within each group. Two different neighborhoods of such a feasible

solution are defined as follows.

NG(a)={a' a' is a neighbor sequence obtained from a. The neighbors

are obtained by performing pairwise exchanges of any two adjacent groups

(i.e., exchange groups g and g + 1 for g = 1, . . . , N 1) including the cyclic

exchange that is performed by exchanging the first and the last groups. The

sequence of individual board types within each group remains the same.}

To illustrate, consider the representative example presented on page 34 and

the sequence a = G1(C11) G2(G21 G22) G3(G31 C32). Then,

NC(a) = {G2(G21 C22) C1 (C11) C3(C31 C32),

C1 (C11) C3(C31 C32) C2(C21 C22),

G3(G31 G32) G2(G21 C22)

NB(a)={a' a' is a neighbor sequence obtained from a. The neighbors

are obtained by keeping the same group sequence but performing pairwise

exchanges of any two adjacent board types in the groups (i.e., exchange

board types b and b + 1 in group g for b 1, . . . , n9 1 and g = 1,.. . , N)

including the cyclic exchange in each group that is performed by exchanging

the first and last board types.}
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For example, if cr = C1(G11) C2(C21 C22) C3(G31 C32), then

NB(a) = {G1 (C11) C2 (C22 C21) G3(G31 C32),

C1(C11) C2(C21 G22) G3(C32 G31)}.

5.2.3. Evaluation of the Solutions

Each solution encountered during the course of the search must be evalu-

ated. Figure 5.1 presents a pseudo code of an algorithm that computes the the

makespan or the mean flow time value of a given sequence cr.

5.2.4. Tabu List

The outside tabu search employs pairwise exchange moves to swap any two

groups in, say sequence a, to generate its neighbors in NC(a). After an iteration,

one needs to label the best move that swaps a group in position p and a group in

position p' as tabu. To do this, a tabu list whose elements are the best moves (or

the attributes of the moves; in our case the positions p and p') is defined. If the

tabu list is full, the oldest entry is deleted before a new move is recorded as tabu.

It should be noted here that, in the actual implementation, instead of

defining a list and updating it in a circular fashion, a tabu tenure matrix is defined

with the entries representing the iteration number until which the moves will stay

tabu. Remember that a move will stay tabu for a number of iterations that is

equal to the tabu tenure (which is equal to the size of the tabu list). For instance,

if the search is in iteration 7 and the tabu list size is 4, the move will keep its tabu

status until the end of iteration 7 + 4 = 11. In the actual implementation phase,

updating a tabu tenure matrix is more efficient than updating a tabu list.
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algorithm computeobjectivevalue
Inputs: a: A sequence of board groups and board types within groups.

N: Number of board groups.

n9: Number of board types within group g, g = 1,... , N.
in: Number of machines.

rtg,b,k: Run time of board type b of group g on machine k, g = 1,. .. , N;
b=1,...,ng;k=1,...,m.

FS: Set of indices of feeders on which group g requires a component
on machine k, 9= 0, ... , N; k= 1,... , in.

CSk: The component required of group g on machine k on feeder f,

STk: Setup time per feeder on machine k, k = 1,... , m.
Output: Objective value of the sequence a.
Let Finish[k] be the completion time of the current board on machine k, k 1, . . . , in.

TFT 0 Initialize total flow time to C
for k +- 1 to m do

Finish[k] - 0 r' Initialize the finish times to C
S,k =computesetup--times(a, N, k, FS, CS, STk) t See page 39

end for
for g - 1 to N do

for k 1 to m do Finish[k] Finish[k] + Sa,k[(g)] Add setup time
for b 1 to fl(9) do

Finish{1] +- Firiish[1] + rt(g),(b),1 Add run time
for k 2 to m do

Finish[k] max{Finish[k 1], Finish[k}} + rt(9),(b),k
end for
TFT TFT + Finish[mJ Update total flow time

end for
end for
if the objective is minimizing the total flow time then

return TFT Or return TFT/ n for the mean flow time
else If minimizing the makespan

return Finish[m] Total completion time on the last machine
end if

Figure 5.1. Algorithm for Computing the Objective Value of a Given Sequence
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A similar tabu list (or tabu tenure matrix) is designated for the inside

tabu search as well, but this time we keep track of the two board types that are

exchanged along with the board group they belong to.

5.2.5. LongTerm Memory

A frequencybased longterm memory (LTM) component is employed in

both outside and inside tabu search algorithms. In outside tabu search, an LTM

matrix keeps track of the number of times each group is assigned to each position

in the best group sequences identified in each iteration. Every time the best

neighbor of a group sequence is identified, the LTM matrix is updated. In inside

tabu search, a similar LTM matrix is utilized for each group in order to keep track

of the frequency of board typeposition assignments.

5.2.6. Aspiration Criterion

In both inside and outside searches, the chosen aspiration criterion over-

rides the tabu status of a move if the resulting solution is better than the best

solution found so far.

5.3. Algorithmic Steps of the Proposed Tabu Search Algorithms

After describing the necessary components of tabu search algorithms, the

flowcharts of the outside and inside tabu search algorithms are presented and

the algorithmic steps involved in them are described still following the notation

introduced in the previous chapter.
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5.3.1. Outside Tabu Search

Figure 5.2 given on the next page presents the flowchart of the outside

tabu search algorithm.

Step 1. Initialization: Identify an initial solution, o, composed of a board

group sequence and a sequence of board types within each group as described

in section 5.2.1. Perform inside tabu search on oi- with an effort to identify

the best sequence of individual board types within each group. Let and a

denote the best solution found so far and the current solution, respectively,

and set a = a = cr0. Let OCL and OIL denote outside candidate and index

lists, respectively, and admit the current solution to them, i.e., set OCL =

OIL = {a}. Construct an empty outside longterm memory (OLTM) matrix

of size NxN, where N is the number of board groups. For each group g

assigned to position p in a, set OLTM[g, p]=1. Let OTT denote the number

of iterations without improvement in the best solution during the outside

search, and set OTT = 0. Let obj(a) denote the objective value of a and

set the outside aspiration level OAL equal to obj(a). Construct OTL as an

empty outside tabu list. Based on preliminary experimentation, the size of

fixed OTL is [N/2j.

Step 2. Neighborhood: Generate the neighbors of the current solution a as

NG(a). Discard any solution in NG(a) that is in OCL. Perform inside tabu

search to evaluate each solution in NG(a).
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Step 3. Select Best Move: Select the best solution (and the move that created

it) in NG(a). If the move is not tabu, i.e., if it is not in OTL, apply the

move to a (designate the best neighbor as the new a). If the move is in

OTL, check whether the solution satisfies aspiration criterion. Recall that

an aspiration criteria that overrides the tabu status of a move if the resulting

solution is better than the best solution found so far was chosen. That is,

if obj(best neighbor in NG(a)) < obj(a) apply the move to a. If the

move does not satisfy aspiration criteria, select the next best neighbor and

continue similarly. Let the accepted move be the one that swaps the groups

in positions p and p'.

Step 4. Update Necessary Components: Admit (p, p') to OTL. Increment

OLTM[g, p] by 1 for each group g assigned to position in a. If a is better

than its parent, then it has the potential to become a local optimum, hence

append it to OCL. If a actually is found to be better than its child in the

next iteration, it is indeed a local optimum, hence it will be admitted to

OIL. If a is better than the best solution found so far, then set a* = a,

OAL = obj(a), and OTT = 0, otherwise increment OTT by 1.

At this point, if a variable OTL list size is being used, it is adjusted as

follows.

If the best solution has not been updated for the last Fi/2 iterations

and if it is the first time that OTL size, J OTL ' is to be changed or was

decreased the last time, increase OTL size to 1.5JOTLI (see the next

step for explanation of Set OTT = 0.



Similarly, if the best solution has not been updated for the last Fi5/2

iterations and IOTL was increased the last time, decrease OTL size to

OTLI/2.

Step 5. Stopping Criteria: Stop if either of the following holds.

. If the best solution has not been updated for the last OIT iterations,

i.e., if OTT = Preliminary experiments suggest that OIT= LN/2].

If the number of local optima in OIL is equal to OIL = 1N2/21.

Stop the search if any one of the two stopping criteria is met. If not, go

back to Step 2.

Step 6. Restart: When at least one of the stopping criteria is met, necessary

adjustments are made to intensify or diversify the search. The OLTM matrix

is used to identify a new starting solution and restart the process. However,

based on the preliminary experiments, the number of restarts is limited

to 2 (start with the very first initial solution and restart two more times

after constructing new initial solutions). If the process restarted two times

previously, stop the overall search and report the best solution, otherwise

continue as follows.

For intensification purposes, keeping the same sequence of board types

within each group as in the best solution found so far, construct a new

sequence of board groups using OLTMMax. To construct such a new

sequence from scratch, identify the maximal entry in the OLTM matrix

corresponding to the assignment of group g to position j5. Fix group g

at position , remove g and from further consideration and continue

in the same fashion identifying the maximal entry and assigning groups



to positions until all the groups are assigned. Keep the same sequence

of board types within groups as in the best solution found so far.

For diversification purposes, follow exactly the same approach as in

intensification, but this time identify entries in the OLTM matrix with

the minimal value (i.e., use OLTM.-Min).

Finally, designate a as the new solution just constructed and initialize OTL,

OTT, and OAL. Admit a to OCL and OIL. Go back to Step 2.

5.3.2. Inside Tabu Search

Figure 5.3 presented on the next page exhibits the flowchart of the inside

tabu search algorithm, which is similar to the outside tabu search algorithm.

However, there are differences as described in the sequel.

Step 1. Initialization: An initial solution a0 is provided by the outside tabu

search algorithm. Evaluate the objective value of a0, obj(ao), as explained

in section 5.2.3. Let a* and a denote the best solution found so far and

the current solution, respectively, and set a' = a = a0. Let ICL and IlL

denote inside candidate and index lists, respectively, and admit the current

solution to them, i.e., set ICL = IlL = {a}. For each group g, g = 1,.. . , N,

construct an empty inside longterm memory matrix (ILTM9) of size ThgXflg

where n9 is the number of board types within group g. For each board type b

of group g assigned to position in a, set ILTM9[b,p]=1. Let ITT denote the

number of iterations without improvement in the best solution during the

inside search and set ITT = 0. Set the inside aspiration level IAL equal to
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Figure 5.3. The Flowchart of Inside Tabu Search

Step 2. Neighborhood: Generate the neighbors of the current solution cr as

NB(u). Discard any solution in NB(o-) that is in ICL and evaluate each

solution as explained in section 5.2.3.



Step 3. Select Best Move: Select the best solution (and the corresponding

move) in NB(a). If the move is not tabu, i.e., if it is not in ITL, apply

the move to a (designate the best neighbor as the new a). If the move is

in ITL, check whether the solution satisfies the aspiration criterion, i.e., if

obj(best neighbor in NB(a)) < obj(a). If the aspiration criterion is not

satisfied, select the next best neighbor and its move and continue similarly.

Let the selected move be the one that swaps board types in positions p and p'

in group g.

Step 4. Update Necessary Components: Admit (g,p,p') to OTL. Incre-

ment ILTM9 {b, by 1 for each board type b of group g assigned to position i

in a. If a is better than its parent, then append it to ICL since it has the

potential to become a local optimum. If a is actually found to be better

than its child in the next iteration, it is indeed a local optimum, hence it

will be admitted to IlL. If a is better than the best solution found so far,

then set a* = a, IAL = obj(a), and ITT = 0, else increment ITT by 1.

At this point, if a variable ITL size is being used, it is adjusted as follows.

If ITT = ItI/2, i.e., if the best solution has not been updated for the

last Tll/2 iterations, and if it is the first time that ITL size, IITLI, is to

be changed or was decreased the last time, increase ITLI to 1.51 ITLI

(see the next step for explanation of iIi). Set ITT = 0.

Similarly, if the best solution has not been updated for the last IIT/2

iterations and IITLI was increased the last time, decrease IITLI to

IITLI/2.



Step 5. Stopping Criteria: A similar stoping criteria is employed as in the

outside tabu search. Stop if either of the following holds.

. If the best solution has not been updated for the last ITT iterations, i.e.,

Nif ITT = lIT. Preliminary experiments suggest that ITT [g ng/Nj.

. If the number of local optima admitted to IlL is equal to IlL where

IlL = [nmax n9/Nj.

If both of the two stoping criteria are not met go back to Step 2, otherwise

continue with the next step.

Step 6. Restart: Similar to the approach used in the outside tabu search, the

ILTMg matrices (for g = 1,.. . , N) are used to identify a new starting solu-

tion to restart the process. However, based on the preliminary experiments,

the number of restarts is limited to 2 (start with the very first initial solu-

tion and restart two more times after constructing new initial solutions). If

the process restarted two times previously, stop the inside tabu search and

switch back to the outside search, otherwise continue as follows.

For intensification, construct a new sequence of board groups as well

as a sequence of board types within groups using ILTMgMax. To

construct such a new sequence, identify the maximal entry in ILTMg

matrix corresponding assignment of board type b in group g to po-

sition 3. Fix board type b in group g at position , remove board

b in group g and from further consideration and continue similarly

identifying the maximal entry and assigning board types to positions.



. For diversification purposes, follow exactly the same approach as in

intensification, but this time identify entries in ILTM9 with the minimal

value (i.e., use ILTMg_Min).

Finally, designate ci as the new solution just constructed and initialize ITL,

lIT, and JAL. Admit a to ICL and IlL. Go back to Step 2.

5.4. Various Tabu Search Algorithms

Several tabu search algorithms are developed to solve our scheduling prob-

lems as presented in Table 5.1.

Table 5.1. Features of the Proposed Tabu Search Algorithms

TS Outside Tabu Search Features Inside Tabu Search Features

Heuristic FTLIVTLJLTM_Max LTM-Min FTLJVTLJLTM_Max]LTM_Max

TS1_____
TS2'.1
TS3 s,/

TS4 /

TS5

TS6

Each of the proposed algorithms incorporates a different combination of

various features of the tabu search concept. In Table 5.1, FTL stands for short

term memory with fixed tabu list size, VTL for short term memory with variable

tabu list size, and LTM-Max (LTM-Min) for long-term memory based on maximal



(minimal) frequency. Note that using LTM-Max means that the algorithm applies

intensification, while using LTM-Min results in diversification. TS5, for instance,

uses short term memory with variable tabu list size and long-term memory based

on maximal frequency (intensification) in both outside and inside levels.

Note also that each of the features has two possible values (exists or not)

and FTL and VTL cannot be applied at the same time in the same level. Hence,

there are 64 possible combinations. We have considered only 6 of the combina-

tions, which are the most powerful as they are utilizing advanced features in both

outside and inside levels, and the effect of intensification (or diversification) is

strengthened when it is used simultaneously in both levels. It is not typical using

intensification in one level and diversification in the other.

5.5. Demonstration of TS1 for Minimizing the Mean Flow Time

For minimizing the mean flow time, TS1 is demonstrated on the represen-

tative example problem presented previously in section 3.1.

Table 5.2. Values of the Parameters of TS1 for the Example Problem

Outside Tabu Search Inside Tabu Search

Parameter Value Parameter' Value

OTL size 1 ITL size 1

5T 1 1

5TL 5 ilL 3

Table 5.2 presents the values of the relevant parameters of the outside

and inside tabu search algorithms calculated according to the equations given in



section 5.3. Figure 5.4 depicts the tabu structure that shows the available moves

and their status (tabu or not) in an iteration of the outside tabu search.

Swap

1

The move that swaps the groups in positions T 2 3
2 and 3 is tabu in the current iteration

Figure 5.4. Tabu Data Structure for Attributes of Exchange (Swap) Moves

Iteration 0 of the Outside Tabu Search:

Section 6.3.2 on page 100 proposes a method that identifies a lower bound

on the mean flow time and a sequence of board groups and board types within

each group. The best sequence identified there is G2(G22 G21) G1(C11)

C31) with a lower bound of 3292 seconds. This sequence is used as the

initial solution to trigger the search. However, inside tabu search algorithm is

applied to this sequence with an effort to identify better board type sequences

within groups, while keeping the same sequence of board groups.

Figure 5.5 summarizes the iterations involved in the inside tabu search

when applied to the initial solution where MFT denotes the mean flow time. In

iteration 0 of the inside tabu search, the initial solution is inserted as the first

entry into the ICL and IlL, and TAL is set to MFT of the initial solution which

is 4192.8. In iteration 1, the neighborhood of the initial solution is generated

using NB(.) and each neighbor is evaluated. The best neighbor is the sequence

C21) C1(C11) G3(G31 C32) with a MFT of 4195.4. Since this

solution has an inferior MFT compared to its parent, it is not admitted to ICL.

At this point, since the number of iterations without improvement reaches lIT = 1,
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the inside tabu search terminates. In this very small example, the best solution

encountered during the inside tabu search is the initial solution.

Iteration 0
Initial Sequence MFT ICL IlL IAL

G2(G22-G21 )-Gi (G11 )-G3(G3rG31) 4192.8 G2(G22-G2 ).G1(G1 ).G3(G32-G31) G2(G21-G21 )-G1 (G11 )-63(G32-G31) 4192.8

Iteration 1
Neighbors MFT ICL IlL IAL

G2(G21 -G22)-G1 (Gii )-G3(G32-G31)J 4228.4
G2(G22-G21 -G1 (G11 )-G3(G32-G31) 62(G22-G21)-G1 (G11 )-G3(632-G31) 4192.8G2(Gn-Gzi )-G1 (G1 1)-G3(G31 G32) 4195.4

Figure 5.5. Summary of Inside Search in TS1 Applied to the Initial Solution

Now, the search process switches back to the outside level. Figure 5.6

shows a snapshot of the outside tabu search at the end of iteration 0. The best

solution just returned by the inside search is inserted into OCL and OIL, and

OAL is set to 4192.8. Since there is only one solution in the outside index list,

IOILI = 1.

Initial Solution: 1G2(G22.G21)-Gi(Gii).G3(G32.G31)l MFT = 4192.8

OCL: G2(G22-G2, )-G1 (G11 )-G3(G32-G31)

OIL: G2(G22-G21 )-G1 (G11 )-G3(G32-G31)

OAL = 4192.8

Figure 5.6. Summary of Iteration 0 of Outside Tabu Search in TS1

Iteration 1 of the Outside Tabu Search:

Figure 5.7 below shows a snapshot of the various components of the outside

tabu search algorithm at the end of iteration 1. The initial (current) solution in

iteration 1 is the best solution identified in iteration 0. The neighbors of the

initial solution are generated using NG(.) and inside search is applied to each of
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the neighbors in the similar way as illustrated in Figure 5.5. The best of the three

neighbors is the sequence G1(G11) G2(G22 C21) C3(C31 C32) with a MFT

of 4120. This solution is inserted in OCL since it is better than its parent, OAL

is updated as 4120, and the number of iterations without improvement, OIT, is

set to 0 since this solution is better than the best solution found so far. The move

that resulted in this sequence is now tabu. The outside tabu search proceeds since

OIT=0<1=OITandIOILI=1<3=OIL.

Current Solution: G2(G22-G21 )-G1 (G11 MFT = 4192.8

Neighborhood of Current Solution:

Swap____________________________

T 1 2 G1(G11)-G2(G22-G21)-G3(G32-G31) MFT = 4120.0

2 3
J

G2(G22-G21 )-G3(G32-G31 )-G1 (G11) MFT = 4321.4

1 3J G3(G32-G31)-G1(G11)-G2(G22-G21) MFT = 5332.2

OCL G2(G22-G21)-G1(G11)-G3(G32-G31)
G1 (G11 )-G2(G22-G21 )-G3(G32-G31)

OIL: G2(G22-G21 )-Gi (G11 )G3(G3z-G3i)}

OAL = 4120.0

Figure 5.7. Summary of Iteration 1 of Outside Tabu Search in TS1

Iteration 2 of the Outside Tabu Search:

Figure 5.8 shows a snapshot of the various components of the outside tabu

search algorithm at the end of iteration 2. The initial (current) solution in itera-

tion 2 is the best solution identified in iteration 1. Note that the move that swaps

the groups in positions 1 and 2 now tabu. The best of the three neighbors is the

sequence this move created. However, aspiration criterion is not met (the MFT of

the corresponding sequence is not better than current OAL which is 4120). There-

fore, the next best sequence, which is G1(G11) G3(G32 C31) G2(G22 C21)



with a MFT of 5023.6, is selected. Since this solution is inferior compared to the

best solution found so far, OIT is incremented to 1 and the outside tabu search

terminates since OIT= 1 = Observe that the best solution obtained in it-

eration 1 now becomes a local optimum since it is better than its parent and its

child; it is admitted to OIL.

Current Solution: G (G11 )-G2(G22-G21 )-G3(G32-G31 ) MIT = 4120.0

Neighborhood of Current Solution:

Swap____________________________
1 2 G2(G22-G21)-G1(G11)-G3(G32-G31) MIT = 4192.8

1 2 3 G1(G11)-G3(G32-G31)-G2(G22-G21) MIT = 5023.6

1 3 G3(G32-G31)-G2(G22-G21)-G1(G11) MIT = 5081.0

OCL G2(G22-G21 )-G1 (G11 )-G3(G32-G31)

G1(G11)-G2(G22-G21)-G3(G32-G31)

OIL: (G22-G21 )-G1 (G11 )-G3(G32-G31)

G1 (G11 )-G2(G22-G21 )-G3(G32-G31)

OAL = 4120.0

Figure 5.8. Summary of Iteration 2 of Outside Tabu Search in TS1

Finally, Figure 5.9, presented on the next page, summarizes the overall

tabu search algorithm. The example problem used to demonstrate the proposed

tabu search algorithm establishes the effectiveness of the algorithm. For a group

scheduling problem with N groups, there are N! different group sequences. Co-

incidentally, though, by the end of iteration 2, all of the 3! = 6 possible group

sequences are identified primarily because the size of the example problem is very

small. However, the search, based upon appropriate parameter values for this ex-

ample problem, did not lead to explicitly investigating every possible board type

sequence within each group sequence (for this small size problem instance, this



G2-G1-G3

(G22-G21), (G11), (G32-G31)

4192.8

G1-62-G3 G2-G3-G1

(G11), (G22-G21), (G32-G31) (G22-G21), (G32-G31), (G11)
4120.0 4321.4

G1-G3-G2 G3-62-G1
(G11), (G32-G31), (G22-G21) (G32-G31), (G22-G21), (G11)

5023.6 5081.0

G3-G1.G2

(G32-G31), (G11), (G22-G21)

5332.2

Figure 5.9. Overall Summary of TS1 Applied to the Example Problem

can be explained, in part, by the effectiveness of the initial solution generation

mechanism). MILP1 is used to identify the actual optimal solution of this small

size problem. The best solution reported by the tabu search algorithm is indeed

same as the actual optimal solution. Although based on a single instance, this

establishes the premise that the proposed tabu search algorithms are highly effec-

tive. In order to comprehensively test the performance of the various algorithms,

an extensive experimental study is performed in chapter 8.
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6. PROCEDURE MINSETUP

In this chapter, we propose methods that generate lower bounds on the

mean flow time and the makespan for the two-machine carryover sequence-

dependent setup times group-scheduling problem. We present a procedure, which

we call "procedure Minsetup," as a precursor for identifying effective lower bounds

on the makespan and the mean flow time.

Table 3.3 on page 36 in section 3.1, showing the feeder configuration for

machine 1 (HSPM) for the representative problem with three board groups, will

be used to demonstrate how a lower bound on the total number of feeder changes

for each board group can be obtained.

With three groups C1, C2, and C3 to be processed, and R being the ref-

erence/initial group, there are six possible group sequences: R G1 C2 C3,

R-C1-C3-C2, R-C2-C1-C3, R-C2---C3-C1, R-G3-C1-G2, and
R C3 C2 G1. If the focus is on C1 and feeder 3, the best possible scenario

would require no setup change (as component 101-10 is on feeder 3 of R, in the

best scenario, C1 is scheduled at the first position, right after R; hence no setup

is required for C1 on feeder 3). Likewise, if the focus is on C1 and feeder 14,

the best possible scenario would require no setup change (as component 101-03

is on feeder 14 of C2, in the best scenario, C1 is scheduled right after C2; hence

no setup is required for C1 on feeder 14). On the other hand, if the focus is on

feeder 5, the best possible scenario would require one setup change irrespective

of the position held by C1 as component 101-08 is not on feeder 5 of R, C2, or

C3. Using the same analogy for each feeder on which C1 requires a component,

the total minimum number of feeder changes/setups required for C1 is evaluated

to be 5 (0+1+1+0+0-F1+1+O+1), irrespective of the position held by C1. Simi-
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larly, the total minimum number of feeder changes required for C2 and G3 can be

evaluated as 6 (1+1+O+1+O+O+O+1+O+1+O+1) and 6 (1+0+1+1+0+1+1+1),

respectively. On machine 2 (MFPM), the total minimum number of feeder changes

required for G1, C2, and C3 are 1, 3, and 3, respectively.

For clarity, following the notation introduced in the previous chapters,

Figure 6.1 presents the pseudocode of procedure Minsetup to compute the mini-

mum setup time for each board group on a given machine.

procedure Minsetup

Inputs: k: The index of the machine.
FS: Set of indices of feeders on which group g requires a component

on machine k, 0, . .. , N.

Ck: The component required of group g on feeder f of machine k,

Output: Minsetup[g}: The minimum number of setups for group g, g = 1,. .. , N.

for g - 1 to N do
Minsetup [gJ i- IFS

I
' Initialize number of feeder setups of group g

for all f FS do
forg'OtoN andg$g' do

if I FS(and Ck = Cgk ther
Minsetup[g} Minsetup[g] 1

break for ioop
end if

end for
end for

end for

For all feeders required of group g
compare group g with other groups

If the same component
then no setup on that feeder

r and continue with the next feeder

Figure 6.1. Pseudo Code of Procedure Minsetup

The algorithm initially assumes that a feeder setup is needed for each

component required of the current board group, resulting in a total number of

feeder setups equal to the number of components required of the current board
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group. Then, the total number of feeder setups is decreased by 1 for every feeder

on which another board group requires the same component. This is repeated for

all board groups.

6.1. Lower Bound on the Makespan

Procedure Minsetup described above for determining the minimum num-

ber of setup changes required of each board group on machine 1 and machine

2 has enabled converting a notoriously hard, twomachine sequencedependent

groupscheduling problem with carryover setups into a twomachine sequence

independent groupscheduling problem with no carryovers. The provision for

performing anticipatory setups on machine 2 is yet maintained in the latter (con-

verted) problem structure. Yoshida and Hitomi [122] had proposed a polyno-

mial time algorithm to determine the optimal (minimum) makespan for the two

machine groupscheduling problem with sequence-independent anticipatory se-

tups. As the converted problem belongs to this class, the same algorithm can be

applied to determine the optimal makespan for the converted problem, which is a

lower bound on the makespan of the original problem. This property is stated as

Theorem 6.1.1. Then, we present the algorithm that identifies a lower bound on

the makespan for the original problem.

Theorem 6.1.1. The algorithm by Yoshida and Hitomi /122], when applied with

the minimum setup times obtained as described in procedure Minsetup above, pro-

vides a lower bound on the makespan for the original problem with carryover se-

quence dependency.

Proof Let a5 and f(a) be the optimal (board group and board type) sequence

and the optimal makespan, respectively, for the original problem with carryover



sequence dependency. Also let f'(a) be the makespan obtained for the sequence

s using the minimum setup times computed by procedure Minsetup (instead of

the actual carryover sequence-dependent setup times). Clearly,

f'(u) <f(a) (6.1.1)

Let u and f'(a) be the optimal (board group and board type) sequence and

the makespan obtained, respectively, by applying the algorithm due to Yoshida

and Hitomi [122] with the minimum setup times from the procedure Minsetup.

Since the algorithm due to Yoshida and Hitomi [122] guaranties an optimal se-

quence for the converted problem,

f'(as) <f'(as) (6.1.2)

From inequalities (6.1.1) and (6.1.2), it follows that f'(a9) f(a), i.e.,
f'() is a lower bound on the makespan of the original problem with carryover

sequence dependency.

The algorithm due to Yoshida and Hitomi [122] presented in Figure 6.2 ap-

plied to the converted problem determines a sequence of groups and jobs within

groups, which minimizes the makespan of the two-machine group-scheduling

problem with sequence-independent anticipatory setup times. Remember that

flg stands for the number of board types within board group g. Also let,

Sg,k = Minimum setup time from the procedure Minsetup of group g on

machine k, g= 1,... , N; k= 1, 2.

rt9,(b),k = Run time of the rank ordered board type b in group g on machine k,

g=1,...,N;b=1,...,ng;k=1,2.
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Algorithm 5.1 Minimization of the Makespan

1. Use Johnson's rule [69] (see Appendix A) to determine an optimal job (board
type) sequence within each group.

2. Use the following approach to determine an optimal group sequence.

2.1. For each group (g = 1,. . . , N) under the job (board type) sequence deter-
mined in step 1, calculate the following values;

r r-1
Ag = Sg,1 S9,2 + max rt9,(b),11rm9

b=1 b=1

,. fly fly

max rt9,(b),2 rtg,(b),1}lr<n9
b=r b=r+1

2.2. Find the minimum value among the A9's and the B9's. Break ties arbitrarily.
Let the minimum value correspond to group g'.

2.3. If the minimum value is equal to A9, place g' at the first available position.
If the minimum value is equal to B9, place g' at the last available position.

2.4. Remove the assigned group, g', from further consideration. If there are no
more groups to consider then stop, otherwise go back to step 2.2.

Figure 6.2. Minimization of the Makespan of the Converted Problem

6.2. Lower Bound on the Mean Flow Time

The two-machine sequence-independent setup times group-scheduling

problem with the objective of minimizing the mean flow time is .IVP-hard since a

special case of this problem, the two-machine flowshop scheduling problem with

the objective of minimizing the mean flow time, is shown to be AlP-hard [45].

Therefore, as opposed to the lower bound on the makespan, the lower bound on the

mean flow time cannot be evaluated by a polynomial time algorithm maintaining

the original two-machine structure of the problem (unless P AlP). However,



Ham et al. [58] propose a polynomial time algorithm guaranteeing an optimal

mean flow time to the single-machine group-scheduling problem with sequence-

independent setup times. We take advantage of this fact to evaluate a lower bound

on the mean flow time for the original two-machine problem with carryover se-

quence dependency by constructing two separate single-machine mean flow time

minimization problems. When machine 1 is considered, the minimum setup times

of groups and run times of jobs (board types) on machine 2 are disregarded, and

an optimal (job and group) sequence on machine 1 is identified. Similarly, when

machine 2 is considered, the minimum setup times of groups and run times of jobs

on machine 1 are disregarded, and an optimal (job and group) sequence on ma-

chine 2 is identified. Such minimum mean flow time values evaluated separately

for each machine are appropriately revised to finally evaluate a lower bound on

the mean flow time of the original problem. Prior to formally stating this pro-

cedure, we provide the algorithm by Ham et al [58J for completion. Notice that,

as a single-machine problem is now considered, the subscript k is dropped in the

steps below. Also let

Tg = The total run time of board group g, i.e., Tg = Ttg,b, g 1,... , N.

The application of the algorithm presented in Figure 6.3 below, for ordering

the jobs in each group and the groups themselves, minimizes the mean flow time of

the single-machine group-scheduling problem with sequence-independent setup

times (Ham et aL [58]).
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Algorithm 5.2 Minimization of the Mean Flow Time

1. Sequence the jobs within each group according to the shortest run time rule. In
other words, sequence the jobs within each group so that

rtg(1) rt9() : rt9(9)

2. Sequence the groups so that

[(S(l) + T(i))/n(i)] + T(2))/n(2)] <".< [s + T(N))/n(N)]

Figure 6.3. Minimization of the Mean Flow Time of the Converted Problem

Preliminaries

Let aFT and f'(a1.FT) be the (board group and board type) sequence

and its mean flow time, respectively, obtained on machine 1 by applying steps 1

and 2 above with the minimum setup times from procedure Minset'up. Similarly,

let LFT and f'(LFT) be the (board group and board type) sequence and its

mean flow time, respectively, obtained on machine 2 by applying steps 1 and 2

above with the minimum setup times from procedure Minsetup.

Now, let r1 = max {o, mm9 {S9,1 + minb{rt9,b,1}} s(1),2}. Note that

the setup operation for the first board group on the second machine cannot start

before time instant r1 in any sequence. Also let r2 denote the minimum of the run

times of all of the individual board types on machine 2, i.e., r2 = min9,b{rt962}.

When only machine 1 is considered (i.e., machine 2 disregarded), let the

completion time of the last board type of the last board group on machine 1 be

right shifted by r2. Suppose that the mean flow time f'(aFT) is reevaluated as

f(obFT) with this rightshifted completion time only for the last board type of

the last board group. Similarly, when machine 2 is the only machine considered

(i.e., machine 1 disregarded), let the start time of the first board type of the first



board group on machine 2 be right shifted by r1. Suppose that the mean flow

time f'(aLFT) is reevaluated as f(aLFT) with this rightshift (ri) added to

delay the start time of every board type in every group on machine 2. Finally, let

- fc'( I \ p1 2JR rnlJR'°MFT)' JR'PMFT

Theorem 6.2.1. f is a lower bound on the mean flow time for the original

problem with carryover sequence dependency.

Proof. Let c and f(a) be an optimal (board group and board type) sequence

and the optimal mean flow time, respectively, for the the original problem with

carryover sequence dependency. Also let f'(a) be the mean flow time obtained

for the sequence o using the minimum setup times provided by procedure Mm-

setup (instead of the actual carryover sequencedependent setup times). Clearly,

f('7s) (6.2.1)

When machine 1 is under consideration, the completion time of the last board

type of the last board group on machine 2 will at least be equal to the completion

time of the last board type of the last board group on machine 1 right shifted by

r2. Likewise, when machine 2 is considered, the start time of every board type in

every group on machine 2 will at least be equal to the original start time delayed

by r1.

Clearly, the mean flow time obtained for the job and group sequence with

the minimum setup times provided by procedure Minsetup, f'(a), must at least
be equal to the largest of f(crFT) and f(FT). That is,

max {f(aLIFT)
, f(aFT)} = f f'(a) (6.2.2)

It follows from inequalities (6.2.1) and (6.2.2) that f < f(a), i.e., f
is a lower bound on the mean flow time of the original problem with carryover

sequence dependency. D



6.3. Application of the Procedure Minsetup Based Lower Bounding
Methods

This section demonstrates the procedure Minsetup based lower bounding

methods on the representative example problem presented in section 3.1. The

setup time for each board group and run time of each board type on both ma-

chines for the converted sequence-independent group-scheduling problem are pre-

sented in Table 6.1 below. As previously illustrated in section 3.1, the sequence-

independent setup times are evaluated using procedure Minsetup, based on the

data presented in Tables 3.3 and 3.4, and using the average setup time per feeder

on both machines exhibited in Table 3.2.

Table 6.1. Setup and Run Times for the Sequence-Independent Problem

Board Group C1 G2 C3

Board Type (job) C11 C21_]_c22 c31 c32

Run Time on machine 1 (sec.) 318 319 141 1096 1083

Run Time on machine 2 (sec.) 20 41 3 488 355

Setup time on machine 1 (sec.) 900 1080 1080

Setup time on machine 2 (sec.) 220 660 660

6.3.1. Evaluation of the Lower Bound on the Makespan

The application of Step 1 of Algorithm 5.1 to the example problem re-

suits in the following board type sequence within each board group: C1 : G11;

C2 : C21 C22; and C3 : C31 C32. The application of Step 2 of Algorithm 5.1
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groups: C1 : C11; C2 : G22 C21; and C3 : C32 G31. The application of Step 2

of Algorithm 5.2 results in the following evaluations:

For C1: (S1 + Ti)/ni = (900 + 318)/i = 1218 sec.

For C2 : (52 + T2)/n2 (1080 + 460)/2 = 770 sec.

For C3 : (53 + T3)/n3 = (1080 + 2179)/2 = 1629.5 sec.

Thus, the group sequence is identified to be C2 C1 C3 and the complete

sequence comprised of both the board groups and the board types within each

group is C2 (G22 C21) C1 (G11) C3 (C32 C31). The completion times for board

types C22, C21, C11, C32, and C31 are evaluated as 1221, 1540, 2758, 4921, and

6017, respectively (see Figure 6.5). In addition, r2 = min{20, 41,3,488, 355} = 3.

Thus, the completion time of C31 (the last board type of the last board group) is

revised as 6017 + 3 = 6020. Therefore, when only machine 1 is considered, the

revised mean flow time can be evaluated as (i221+1540+2758+492i+6020)/5 =

3292 seconds.

1221 1

Figure 6.5. Completion Times of the Board Types on Machine 1

r2

It
602d

A similar approach when used for machine 2, would lead to identifying

the sequence G1(G11) C2(C22 C21) C3(G32 C31) with the corresponding

completion times evaluated as 240, 903, 944, 1959, and 2447. Additionally,

= max {o, min{900 + 318, 1080 + 141, 1080 + 1083} 220} 998.

As this right shift (r1) must be applied to the completion times of every

board type in each group, the revised completion times for board types C11, C22,
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C21, C32, C31 in the above sequence can be evaluated as 1238, 1901, 1942, 2957,

and 3445, respectively, as shown in Figure 6.6. Observe that as it is now machine 2

and the setup on it can be performed in anticipation of the arriving board group,

the evaluation of r1 excludes the setup time (220 sec.) required of the first group

(which is G1) in the above sequence. This also impacts the completion time of the

rest of the board types. Hence, when only machine 2 is considered, the revised

mean flow time can be evaluated as (1238 + 1901 + 1942 + 2957 + 3445)/5 =

2296.6 seconds. Finally therefore, the best lower bound on the mean flow time for

the original problem is max{3292, 2296.6} = 3292 seconds.

G11 G22G21 G32 G3,

Machine 2 r 660 341 660 355 488

1238 1901 1942 2957 3445

Figure 6.6. Completion Times of the Board Types on Machine 2

The lower bounds identified above are, on the average, close to the actual

optimal solutions. For the problem with the objective of minimizing the mean

flow time, we perform a computational experiment to quantify the performance

of a basic tabu search algorithm with respect to the procedure Minsetup based

lower bounds (Logendran et al. [83]). Generally, the lower bounds identified are

close to the actual optimal solutions. However, there are individual instances for

which the percentage deviation of the tabu search solutions with respect to the

lower bounds are not as small, even though the tabu search algorithms identify

the actual optimal solutions. For the example problem, the optimal mean flow

time is 4120. Its percentage deviation from the lower bound 3292 is 25.15%, which

is not acceptable even by industry standards. Additionally, the lower bounding
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methods described in this chapter are applicable to two-machine problems. There-

fore, the next chapter presents a branch-and-price algorithm, which is capable of

identifying tighter lower bounds for both two- and three-machine problems.
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7. BRANCH & PRICE ALGORITHM

7.1. Introduction

Column generation is a pricing scheme for largescale linear programs

(LPs). Instead of pricing nonbasic variables by enumeration (as performed in

the simplex method), in a column generation approach the most negative reduced

cost is identified by solving an optimization problem called the subproblem. Sets

of columns are left out of the LP problems because there are too many columns

to handle efficiently and most of them will have their associated variable equal to

zero in an optimal solution anyway. A subproblem is solved to try to identify new

columns to be added to the LP problem.

One of the earliest uses of column generation was by Ford and Fulker-

son [41] when they suggested to deal only implicitly with the variables of a multi

commodity flow problem. Dantzig and Wolfe [32] pioneered this fundamental idea,

developing a general strategy to extend a linear program columnwise as needed in

the solution process, which is now known as the DantzigWolfe Decomposition.

First, this approach is discussed to provide some general background on column

generation algorithms.

Consider a general LP of the form

Minimize cx

subject to Ax = b (7.1.1)

Dx<d

x>0

whose constraints are partitioned into a class of global constraints (Ax = b) and

a class of specific constraints referred to as a subsystem (Dx d) where A is an
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m x n matrix and D is an 1 x n matrix (and the vector of decision variables x,

and the vectors c, b, and d are of appropriate sizes). This formulation is called as

the original or compact formulation.

There are two kinds of situations where the decomposition approach is

naturally used. One is when the problem is easy to solve over the subsystem

(i.e., Dx < d are nice constraints because they model a wellknown polyhedron,

for instance, of a network flow problem), but constraints Ax = b complicate

the problem. The second and most important one is when the subsystem is

decomposable, i.e., the subsystem Dx d has a block diagonal structure. The

global constraints Ax = b are then called linking or coupling constraints since the

blocks would be independent without the presence of them.

Now, let x1, x2,.. . , x' denote the extreme points of the polyhedron X =

{x E R : Dx d} assuming that X is bounded and nonempty. Any feasible

point x X can be written as a convex combination of the extreme points of X

as x where A 1 and 0 for j 1,2,... ,p. Applying this

variable transformation in problem (7.1.1) results in the following master problem.

Minimize

subject to (Ax)A = b (7.1.2)

= 1

)O j=1,2,...,p

In general, solving the master problem directly is totally impractical be-

cause of the enormous number of columns in the formulation. To overcome this

difficulty, the master problem is solved using column generation. In short, the
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idea of column generation is to work with just a subset of the columns, result-

ing in a restricted master problem, and to generate missing columns if and when

needed. In a given iteration of the column generation algorithm, one first solves

the restricted master problem. Let c be the vector of optimal dual variables asso-

ciated with the first m rows of master problem (7.1.2) and (S be the optimal dual

variable associated with the last row, which is usually referred to as the convexity

constraint. Then, one can price out new columns by solving the s'ubproblem

Minimize (c cA)x S

subject to Dx < d

x>O

The optimal solution x" to the subproblem prices out favorably if
(c - aA)x* 6 < 0 and defines a new column that is added to the master prob-

lem, which is solved again. When the subproblem fails to identify a favorable

column, the solution to the restricted master problem is optimal to the master

problem (7.1.2) over all possible col'umns. It is worth noting that not only the

optimal solution, but any solution § to the subproblem prices out favorably if

(c irA) S < 0. Therefore, rather than solving the subproblem to optimality, it

is possible to employ an approximation algorithm to solve the subproblem in or-

der to identify new columns with negative reduced costs. The column generation

algorithm described above can be generalized to handle multiple subproblems and

unbounded convex sets.

Solving the integer problems successfully is based on working with easier

problems, called relaxations, to obtain bounds approximating the true optimal

value. These bounds are used to carry out an implicit enumeration of all feasible

solutions. This method is called branch-and-bound. Conventional branch-and-
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bound method uses LP-relaxatiort of the integer programming formulation to

provide bounds. LP-relaxation is obtained by relaxing the integrality restrictions

on the variables.

Although the decomposition principle was developed for the (continuous)

linear programming, it is commonly applied in integer programming. Barnhart et

al. [11] and Vanderbeck [127] present several reasons for using formulations with a

huge number of variables. First, quality of the bound provided by the relaxation

is critical for the efficiency of the branch-and-bound method. A compact for-

mulation of an integer problem generally has a weak LP-relaxation. Frequently,

the relaxation can be tightened by a reformulation that involves a huge number

of variables. This property is especially important for our purpose of identifying

tight lower bounds on the makespan/mean flow time in order to quantify the per-

formance of the proposed tabu search algorithms. Second, a compact formulation

of an integer problem may have a symmetric structure that causes branch-and-

bound to perform poorly because the problem barely changes after branching.

A reformulation with a huge number of variables can eliminate this symmetry.

Third, column generation provides a decomposition of the problem into a mas-

ter and subproblem(s). This decomposition may have a natural interpretation in

the contextual setting for the incorporation of additional important constraints.

Finally, a formulation with a huge number of variables may be the only choice.

The integration of column generation within branch-and-bound is called

integer programming column generation or branch-and-price (B&P). At a first

glance, embedding column generation into branch-and-bound may seem straight-

forward, but there are fundamental difficulties. For example, conventional branch-

ing on variables may not be effective because fixing variables can destroy the



structure of the pricing subproblem. Also, solving the LPs to optimality may not

be efficient, in which case different rules will apply for managing the B&P tree.

The decomposition in integer programming involves reformulation of the

initial compact integer program as an integer program with many integer variables.

In other words, when decomposition is applied to an integer program, an integer

master problem with a large number of columns is obtained. The LP-relaxation

of the master is then solved using column generation. The subproblem is also an

integer program. Once an optimal solution to the LP-relaxation of the master

problem is identified by column generation, one needs to perform branching on the

fractional variables of the master problem. In this context, applying a standard

branching rule will not guarantee an optimal solution. After branching, it may

be the case that there exists a feasible solution that would price out favorably

but this solution is not present in the restricted master problem as a result of the

branching decisions. Therefore, in order to find an optimal solution, one must

generate new columns after branching. However, suppose that the conventional

branching rule of variable dichotomy is used on a variable with a fractional value

corresponding to, say, ) for some j. In the column generation phase it is possible

and highly likely that the optimal solution to the subproblem will be the solution

represented by ). Then, it becomes necessary to generate the column with the

second best objective value. At depth 1 of the B&P tree, one may need to generate

the column with the 1th best solution to the subproblem. Furthermore, even if

the 1th best solution could be found efficiently, a standard branching rule would

not be very effective. Since the master problem has a large number of variables,

the B&P tree would be highly unbalanced.

In order to prevent columns that have been eliminated by branching from

being regenerated, a branching rule that is compatible with the pricing subproblem
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must be chosen. By compatible, we mean that we must be able to modify the

subproblem so that columns that are infeasible because of the branching decisions

are not generated and the subproblem still remains tractable.

The reader is referred to Vanderbeck [128], Vanderbeck and Wolsey [129],

and Barnhart et al. [11] for a detailed description of a generic B&P framework

including ways to perform branching and some relevant implementation issues.

B&P has been successfully applied to several archetypical combinatorial op-

timization problems including but not limited to cutting stock problems (Vander-

beck [127]), vehicle routing problems (Desrochers et al. [34], Desrosiers et al. [35]),

crew scheduling problems (Vance et al. [123]), the generalized assignment prob-

lem (Savelsbergh [105]), and graph coloring (Mehrotra and Trick [94]). General

reviews on the subject include Soumis [111] and Wilhelm [120].

Column generation and B&P has recently been successfully applied to a

variety of scheduling problems, as well. Most of these applications address single

machine or parallelmachine scheduling problems. Van den Akker et al. [125]

propose a set covering formulation for the singlemachine unrestrictive common

due date problem. They report that the LPrelaxation of their formulation with

asymmetric weights yields integer solutions in all randomly generated problem

instances. In another research effort, Van den Akker et al. [126] develop a column

generation framework for the timeindexed formulations of machine scheduling

problems. They specifically apply it to the singlemachine weighted completion

time problem. For a parallelmachine scheduling problem with the objective of

minimizing the total weighted earliness and tardiness, Chen and Powell [26] pro-

pose a B&P algorithm. They formulate a set partitioning master problem and

single-machine subproblems. The subproblems are solved via a dynamic program-

ming algorithm guaranteeing optimal solutions. Van den Akker [124] address a
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parallel-machine total weighted completion time problem. They formulate the

problem as a set covering problem with an exponential number of binary vari-

ables, and show that subproblems are solvable in pseudo-polynomial time using

a dynamic programming algorithm. In order to construct an initial master prob-

lem, they use a randomized solution generator. They run the generator up to 5000

times and collect the best 10 solutions. Chen and Powell [25], Lee and Chen [74],

and Chen and Lee [24] also employ column generation algorithms for different

parallel-machine scheduling problems.

Bülbül et al. [22] present a decomposition based heuristic approach to a

flowshop scheduling problem with the objective of minimizing the sum of tardiness,

earliness, and intermediate inventory holding costs. They solve the LP-relaxation

of the master problem only approximately using a column generation algorithm.

To the best of our knowledge, their paper is the only attempt in published litera-

ture to apply column generation to a flowshop scheduling problem.

When decomposition principle is applied to parallel-machine scheduling

problems, the subproblems are generally identical. On the other hand, similar to

what is experienced by Bülbül et al. [22], the subproblems are quite different from

each other in the decomposition of our flowshop group-scheduling problems.

The remainder of this chapter presents a Dantzig-Wolfe decomposition

approach for the group-scheduling problems investigated in this dissertation. It

has been shown that separate single-machine subproblems can be constructed to

generate new columns when needed during the course of the B&P algorithm. Ways

to obtain tight lower bounds are shown and alternative approaches for solving

the column generation subproblems are discussed. In addition, branching rules,

compatible with the column generation method, are developed and incorporated
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in the subproblems in an efficient way as well. Finally, important implementation

details related to the proposed B&P algorithm are discussed.

7.2. A Branch & Price Algorithm

As noted before, a common approach to solve complex scheduling problems

is to decompose the original problem into a set of independent subproblems, which

are relatively easy to solve, by relaxing some of the constraints. Therefore, an

important issue in developing an effective decomposition method is finding a good

set of coupling constraints to relax. The relaxed problem needs to be relatively

easy to solve, but it should reasonably approximate the original problem so that

tight lower bounds are possible. Typically, there is a tradeoff between these two

goals; relaxed problems that are relatively easier imply looser lower bounds, and

that provide tighter lower bounds are generally harder to solve.

Note that constraint set (4.1.7) in MILP1 presented on page 42 in sec-

tion 4.1 is the only constraint set that includes variables associated with more

than one machine. Each of the other constraints include variables associated with

one of the machines only. Essentially, constraint set (4.1.7) links the machines in

the sense that a board type starts operation on a machine only after it is completed

on the previous machine. Thus, if this constraint set is relaxed (i.e., dualized as a

constraint set in the master problem), separate single-machine subproblems can

be constructed as illustrated in the sequel.

We formulate the multi-machine carryover sequence-dependent setup

times group-scheduling problem as an integer programming problem with an ex-

ponential number of variables that represent feasible schedules on each machine.

There is an infinite number of such feasible schedules on each individual machine.
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However, if the run times and setup times are all integral and there is an upper

bound on the makespan/mean flow time, we can assume that the number of pos-

sible schedules is finite but exponential. Let the number of all feasible schedules

on machine k be denoted by Tk. Each of these schedules is characterized by a set

of completion times and the sequence of board types in the schedule. This chap-

ter still utilizes the notation introduced in chapter 3 to present the mathematical

programming formulations. Additionally, we introduce the following notation.

t = 1,... , Tk feasible schedules on machine k, k = 1, .. . , m.

= 1, if schedule t is selected on machine k, and 0 otherwise, k = 1, ... , m;

t=1,...,Tk.
= 1, if board type b of group g is in position j on machine k in schedule t,

Ootherwise,g=1,...,N;j=1,...,J;k=1,...,m;t==1,...,T.

= The completion time of the board type assigned to slot j on machine k

in schedule t, 1,... , J; 1,... , m; t= 1, ... , Tk.

Observe that are decision variables, which we refer to as the master

variables, while and are parameters. Following this notation, the integer

programming master problem (IMP) can be presented as follows.

IMP:

Tm J
ZMP = Mm it 'urn

-'j,mi I
t=1 j=1

subject to

Tk N ng Tk_1
I ki(c rtg,b,kxbj)A C_1 0

t=1 g=1 b=i 1=1

k=2,...,m; j=1,...,J (7.2.1)
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Tk

k=1,...,m (7.2.2)

e {O, 1} k = 1,...,m; t 1,. ..,Tk (7.2.3)

The objective is to select the one schedule with the smallest sum of flow

times on the last machine. Constraint set (7.2.1) corresponds to constraint set

(4.1.7) in MILP1. It makes sure that the schedules selected on the machines

ensure that the operation for a board type starts on a machine only after that

board type is completed on the previous machine. The set (7.2.2) of convexity

constraints makes sure that we select only one schedule on each machine. Finally,

(7.2.3) are the integrality (binary) restrictions on the variables.

IMP is an integer program with an exponential number of binary variables.

We would like to solve its LPrelaxation using column generation. Therefore, the

integrality restrictions on the binary variables are relaxed, by replacing (7.2.3) in

IMP with A > 0, for k 1,.. . , m and t 1,.. . , Tk. Below, we present LMP as

the LPrelaxation of the integer master problem with the objective of minimizing

the total flow time. The variables within parentheses before the constraint sets

denote the corresponding dual variables.

Still, it is impractical to identify all of the schedules and append them

in the linear programming master problem LMP initially. Hence, we start with

only T, <<Tk of those schedules on each machine, resulting in a restricted linear

programming master problem, which is denoted by RLMP.



LMP:

4MP = Mm

t=1 j=1

subject to

Tk N ng Tk_1

(a,k) (c,ic >Ttg,b,kXg'bj)At 0
t=1 g=1 b=1 t1

k=2,...,m; j=1,...,J
Tk

(6k) )=1

k=1,...,m; t=1,...,Tk (7.2.6)
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(7.2.4)

(7.2.5)

In order to construct the subproblems that are capable of identifying new

schedules with the most negative reduced cost on each machine, the dual of LMP

(DLMP) is presented next.

ZLMP = Mc 8

subject to

t=1,...,T1

I(c rt g,b,kt )ci,k C,ka,k+1 + 8k <0
j=1 g=1 b=1 j1

k=2,...,m-1; t=1,...,Tk

(C,m rtg,b,m1j)ai,m + m t 1, ,Tm
j=1 g=1 b=1 j=1

j=1,...,J; k=1,...,m

6k unrestricted

(7.2.7)

(7.2.8)

(7.2.9)

(7.2.10)

(7.2.11)
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Recall from duality in linear programming that the reduced cost of a primal

variable corresponds to the infeasibility in the associated dual constraint. Also

observe that constraint set (7.2.7) is associated only with the master variables

defined for machine 1, i.e., and A for t 1, . . . , T, as well as it includes

completion time variables defined for machine 1 only. Therefore, the following

subproblem needs to be solved in order to identify the schedule with the smallest

reduced cost on machine 1.

J

SP(1): Zp(i) = Mm

j=1

subject to

(4.1.2) (4.1.5)

(4.1.6), (4.1.8) (4.1.16) for machine 1 only.

Similarly, to identify schedules with the smallest reduced costs on machines

2 through m 1, one needs to solve SP(k) for k = 2,. . . , m 1, respectively.

SP(k): ZP(k) = Mm ((j,k+1 + (j,krtg,b,k)xg,b,j)

j=1 g=1 b=1

subject to

TFT (7.2.12)

(4.1.2) (4.1.5)

(4.1.6), (4.1.8) (4.1.16) for machine k only.

Finally, the subproblem on the last machine has the following form.
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J N flg

SP(m): 4P(m) = Mm (i cj,m)Cj,m + (aj,mrtg,b,m)xg,b,i)
j=1 g=1 b=1

subject to

TFT (7.2.13)

(4.1.2) (4.1.5)

(4.1.6), (4.1.8) (4.1.16) for machine m only.

The constraint sets of a subproblem describe a sequence of board groups

and board types within the board groups, and evaluate the completion time of

each board type so as to minimize the objective function of the subproblem. We

actually let the constraints in MILP1 corresponding to a machine migrate to the

subproblem corresponding to that machine. However, observe that (7.2.12) and

(7.2.13) are additionally introduced in the subproblem formulations correspond-

ing to machines 2 through m. The reason for introducing these constraints is to

ensure a bounded solution to these subproblems. The completion time variables

are defined to be nonnegative and from DLMP it is clear that the dual vari-

ables are nonnegative. Therefore, all the objective function coefficients of

the completion time variables in SP(1) are nonnegative. To minimize the ob-

jective function of SP(1), all the completion times will be forced to be as small

as possible, ensuring a bounded optimal objective function value without further

precaution. On the other hand, consider SP(k) for k = 2,. . . , m. At least one of

the objective function coefficients of the completion time variables may turn out

to be negative. Then, since the subproblems are minimization problems, the com-

pletion times with negative coefficients can be increased to infinity pushing the

objective function value to negative infinity. Therefore, as a precaution to prevent
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unbounded solutions to these subproblems, total flow time is bounded from above.

Any solution feasible to the original problem provides an upper bound on the total

flow time. If such a solution with total flow time TFT is readily available, we can

simply consider schedules that are guaranteed to have a total flow time less than

or equal to TFT. Apart from ensuring bounded solutions to the subproblems, one

advantage of this approach is that it speeds up the column generation algorithm

since we restrict the domain of the completion times of the feasible schedules.

Note that new constraint sets (7.2.12) and (7.2.13) are already valid for MILP1

and MILP2, and could be included in them. The issue of finding a potentially

good initial solution, which also plays an important role in constructing an initial

restricted master problem, is discussed later in section 7.7.1.

The simplest form of the column generation algorithm to solve LMP at each

node of the B&P tree is presented in Figure 7.1. In order to find an optimal solu-

tion to LMP, optimal dual variable values are obtained by solving the restricted

LP master problem RLMP. The dual variable values are appended in the sub-

problem objectives and the subproblems are solved to identify new columns with

negative reduced costs. New columns, if identified, are added to RLMP. This

procedure is repeated iteratively until the subproblems fail to identify columns

with negative reduced costs. At that moment, the optimal solution to RLMP is

the optimal solution to LMP over all possible columns.

In the case of minimizing the makespan, a similar decomposition approach

is possible and can be described as follows. The objective function of the integer

master problem IMP and of its LPrelaxation (LMP) are changed to minimizing

the completion time of the last board type over all possible schedules on the last

machine, i.e., they are changed to minimizing As a result of this

change, in DLMP, only the righthand side of the constraint set corresponding to
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Construct an initial feasible RLMP

I Solve RLMP

Optimal dual variable values

Construct and solve subproblems

Optimal reduced costs

/ Are ___________
there negative

N columns? H Append them
reduced cost into RLMP

No

Eiop 9

Figure 7.1. The Basic Column Generation Algorithm

the last machine is effected; the righthand side of constraint set (7.2.9) changes to

Crm. Consequently, the objective function of the subproblem for the last machine,

SP(m), becomes minimizing

J-1 J N n9

(1 0j,m)C.j,m Oj,rnCj,rn + > (0j,mTtg,b,m)Xg,b,j

j=1 j=1 g=1 b=1

while all the remaining subproblems remain unchanged. Unbounded solutions to

the subproblems are prevented by introducing MS as an upper bound on the

makespan. For minimizing the makespan, complete formulations of the integer

and LP master problems and the subproblems are presented in Appendix B.
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7.3. Lower Bounds

Remember that the primary interest here is in identifying tight lower

bounds on the total (mean) flow time/makespan in order to quantify the per-

formance of our tabu search algorithms. The most important reason in choosing

a column generation algorithm is the fact that the LP-relaxation of a master

problem composed of a large number of columns is tighter than that of a compact

formulation. In column generation, lower bounds can be computed not only when

the optimality of the LP-relaxation of the master problem is verified, but also in

any iteration in which the subproblems are solved to optimality.

Linear programming duality theory tells us that the reduced cost of a

primal variable is equal to the infea.sibility in the corresponding dual constraint.

Therefore, we can compute a lower bound on the optimal objective value of the

LP-relaxation of the master problem by constructing a dual feasible solution. In

proposition 7.3.1 below, we show how to properly adjust the optimal dual variable

values of the restricted LP master problem (RLMP) in any iteration to construct

a dual feasible solution (to the unrestricted dual problem DLMP). Then, using

this dual feasible solution, a lower bound is developed on the optimal objective

value, ZMP, of the original integer problem.

Proposition 7.3.1. Given optimal dual variables {ck, 8} of RLMP in the cur-

rent iteration, {ck, 8 + Zp(k) } is a feasible solution to DLMP (j 1,... , J and

k=1,...,m).

Proof. Remember that the optimal objective value of subproblem SP(k), Zp(k),

is the infeasibility in the dual constraint (of DLMP) corresponding to machine k.

Consider SP(1) and the corresponding constraint set (7.2.7) in DLMP. Adding

Zp(1) to the left-hand side of constraint set (7.2.7) removes the infeasibility
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in (7.2.7). Similarly, adding ZP(k) to the left-hand side of constraint set (7.2.8)

for k = 1,.. . , m 1 removes the infeasibility in (7.2.8), while adding Zp(m) to

the left-hand side of the constraint set (7.2.9) removes the infea.sibility in (7.2.9).

For the optimal dual variables {k' ö} of RLMP in the current iteration, adding

ZP(k) to ck translates into adding 4P(k) to the left-hand side of the corresponding

constraint set in DLMP. Thus {a,k, + zsP(k)} is feasible to DLMP.

Recall again from linear programming duality theory that when the primal

problem is a minimization problem, the objective value of any feasible solution to

the dual problem is a lower bound on the optimal objective value of the primal

problem. Since {ck, + zp(k)} is a feasible solution to DLMP (from proposi-

tion 7.3.1), its objective value in DLMP is a lower bound on the objective value

of LMP, and hence a lower bound on the objective value of the original integer

problem. To put it in mathematical terms,

m m m
+ Zçp) = + Zp <ZLMP < Zp. (7.3.1)

Therefore, 8 + >I= ZP(k) is a lower bound on the optimal objective

value of IMP when the subproblems are solved to optimality.

Most of the time in the literature, the lower bounds are given as a function

of the optimal objective value of RLMP. From the fundamental theorem of duality

(see Bazaraa et al. [18]) it is known that the optimal objective values of primal

and dual problems are equal. Therefore, at any iteration of column generation,

the optimal objective value of RLMP and its dual (call it DRLMP) are equal, i.e.,

m
* ç*_ *
ZDRLMP ZRLMP .

k=1
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holds. Combining (7.3.1) and (7.3.2) gives

LMP + Zp Zp <Zjp. (7.3.3)

In summary, in any iteration of column generation, the sum of the optimal

objective value of the restricted LP master problem and the optimal objective

values of the subproblems is a lower bound on the optimal objective value of the

original problem.

In addition, note that the optimal makespan and the total flow time to the

original problem are both integral since all the setup and run times are integral.

Hence, the lower bound obtained above can be improved a bit further by rounding

it up to the nearest integer as

m m

[
Jc
+ ZSp(k)1 = F4LMP + > Z9p(/) Zp. (7.3.4)

Observe that the left hand side of the above inequality has the largest value

when the subproblems are solved to optimality. However, if the subproblems are

not solved to optimality but a lower bound on the optimal subproblem objective

function value, say sP(k) is obtained, then one can replace ZP(k) with SP(k) and

still have a valid lower bound on zMp:

m m
[ZLMp + ZSp(k)1 [zLMP + ZSp(k)1 <Z;MP (7.3.5)

7.4. Branching

The solution to LPrelaxation of the restricted master problem obtained

by column generation is not necessarily integral. Once an optimal solution to

LMP is identified by column generation, one needs to perform branching on the
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fractional master variables. As discussed previously in section 7.1, if a standard

branching rule is applied, it may be the case that there exists a feasible solution

that would price out favorably but this solution is not present in LMP as a result

of the branching decisions. In order to prevent columns that have been eliminated

by branching from being regenerated, one must choose a branching rule so that

columns that are infeasible because of the branching decisions are not generated.

In addition, the branching rule should validly partition the solution space. As

noted before, applying a standard branching rule would not be appropriate.

The remedy is to switch back to the original variables (of MILP1) from the

master variables. Once the optimal master variable values are obtained, one can

compute the values of the original variables as

Tk

= Vg, b 1,... ,ng, Vk (7.4.1)

Then, we determine the most fractional Xg,b,j variable, say as corre-

sponding to machine k', and branch on j variable on machine k'. To do this,

we need to make sure that the master variables )' for which = 1 are on

one branch and the master variables )' for which 0 are on the other

branch. In mathematical terms, let 8 be the set of schedule indices on machine

k' for which = 1 and 5C the set of schedule indices on machine k' for which

Xg,b,j = 0. That is,

8= {- t k't Xgbj = 1, t = 1,...,Tk'}

8c={tltB}={tJit'=0, t=1,...,Tk'}.

Then, on the left branch, we have to include only the master variables for

which ig,b,j = 1, i.e., we must either add

= 1
tEB
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or let the master variables for which = 0 to 0 as

)'=O, VtEff

Similarly, on the right branch, we have to include only the master variables for

which §9,b,j = 0, i.e., we must either add

A' = 1
tEBC

or let the master variables for which ig,b,j = 1 to 0 as

)r=o, VteB.

After branching, we must make sure that the subproblems at a child node

do not generate schedules that do not obey branching restrictions on that child

node. Since we are branching on on machine k', we simply need to make

sure that the subproblem for machine k', SP(k'), does indeed generate schedules

for which ±g,b,j = 1 on the left child node. To ensure this, we simply set §g,b,j = 1

in SP(k'). Similarly, SP(k') should generate schedules for which iIgbj = 0 on the

right child node. To do this, we simply set
1g,b,j 0 in SP(k').

Note that, at a node deep down the tree, there may not be columns corre-

sponding to different sequences of board groups and board types within groups.

In that case, the branching scheme described above cannot be applied. However,

for that node, one can still branch on the completion time variables Ci,k'. Let

j' be the minimum index for which the completion time variables are different

among the columns corresponding to machine k'. Also let Cy,k' be the median of

the completion time values in the columns corresponding to machine k'. Then,

simply place the columns for which C3',k' on the left branch and place

the columns for which Cj',k' > C',k' on the right branch. In the subproblems, the
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only modification needed is to add the constraint Cy,k' on the left node,

and to add the constraint Ci',k/ > C',k' on the right node.

7.5. Solving Column Generation Subproblems

Observe in Figure 7.1 that in order to solve the linear programming master

problem LMP, the subproblems presented above should be optimized at each

iteration of column generation in order to identify columns with the most negative

reduced costs. Therefore, if a column with a negative reduced cost exists, the

column generation will always identify it. This guarantees that an optimal solution

to LMP will be found.

However, as noted in section 7.1, not only the column with the most nega-

tive reduced cost, but also any column with a negative reduced cost is a candidate

to improve RLMP during the course of column generation. Therefore, instead of

solving the subproblems to optimality, alternative strategies can be developed.

A heuristic algorithm can be used to approximately solve the subproblems

to identify new Columns with negative reduced costs, especially if they are corn-

putationally too expensive to solve. In that case, one approach is to stop as soon

as a negative reduced cost column is identified. This obviously will reduce the

computation time per iteration but the overall effect may not be attractive since

the number of iterations will probably increase. Another approach is to select all

negative reduced cost columns that the heuristic identifies and append them all

into RLMP. This approach will require more time per iteration and may decrease

the total number of iterations. But since more columns are added to RLMP in

each iteration, RLMP grows rapidly and may become harder to solve.
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When the subproblems are solved approximately, an optimal solution can-

not be guaranteed since there may exist negative reduced cost columns but the

heuristic is not able to identify them. Therefore, a two-phase approach must be

employed. At the first phase, a fast heuristic is used to solve the subproblems

approximately as long as it identifies a negative reduced cost column. In case

the heuristic fails to identify such a column, an exact algorithm that solves the

subproblems to optimality is invoked to prove optimality or to generate a column

with a negative reduced cost. Apart from proving optimality, this stage is also

crucial since the lower bounds developed in section 7.3 are valid only when exact

optimization is applied.

Our subproblems are single-machine problems with different objective

functions. They may require quite some time to solve to optimality. Consider

SP(1) for instance. The term -äk is a constant in its objective function. There-

fore, SP(1) looks like a single-machine group-scheduling problem with carryover

sequence-dependent setup time times with the objective of minimizing the total

weighted flow time where a is the weight of the th job. The single-machine

(non-carryover) sequence-dependent setups problem with the objective of mini-

mizing the total flow time (which is represented by ii s9,9' C using the com-

mon notation used in the literature to represent scheduling problems) is shown

to be JVP-hard [101]. Clearly, SP (1) is a generalization of 1 C3 and is

fl/P-hard. Likewise, SP(k) for k = 2, . . , rn 1 are special cases of SP(1). Note

that with a,k = 0 they look like SP(1). Finally, with 0j,m = o, SP(m) reduces to

the single-machine carryover sequence-dependent setup times group-scheduling

problem with the objective of minimizing the total flow time, which is a generaliza-

tion of 1 sg,gIJ > C3. In summary, our subproblems are all .AfP-hard. Therefore,

a two-phase approach is employed as shown in Figure 7.2.
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Figure 7.2. The TwoPhase Column Generation Algorithm

We are utilizing our tabu search heuristics but with only shortterm mem-

ory and fixed tabulist size (i.e., TS1) to solve the subproblems approximately.

To avoid confusion, we call the tabu search heuristic that is used to solve sub-

problems by TSCG (tabu search column generator). Note that TSCG is different

from the tabu search heuristics proposed for the original problem in chapter 5. In

an iteration of column generation, we first use TSCG to solve the subproblems.

If negative reduced cost columns are identified by TSCG, we append them into
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RLMP and continue with the next iteration. In case TSCG fails to identify a

column with negative reduced cost, we switch to exact optimization to solve the

subproblems.

Remember that in tabu search, we are searching for an optimal/near op-

timal sequence of board groups and board types within each group. Each time

the tabu search algorithm encounters a sequence, it should be evaluated. When

solving the original problem with tabu search as in chapter 4, the makespan and

the mean flow time of a sequence of board groups and board types are evaluated

using algorithm compute-objective-value presented in Figure 5.1 on page 74.

A similar algorithm evaluates the objective value of SP(1) for a given se-

quence. Recall from section 7.2 that in SP(1) boards are always scheduled without

any idle time on machine 1 so that the completion times are as small as possible.

Therefore, for a given sequence of board groups and board types within groups, one

can evaluate SP(1) objective easily using algorithm 6.5.1 presented in Figure 7.3.

In order to solve the remaining subproblems using tabu search, however, a

convenient method is needed to evaluate the objective values of a given sequence.

Since some of the objective function coefficients of the subproblems may be nega-

tive, for a given sequence, we need to optimally schedule each board type. In other

words, we need to timetable individual board types to insert optimal idle times

on the machines (equivalently waiting times for board types) so as to minimize

the subproblem objective function. Kanet and Sridharan [72] present a detailed

discussion and review of timetabling.

For a given sequence of board groups and board types within each group we

actually know the values of the variables Xg,b,j that determine the given sequence.

We only need to evaluate the completion times of the board types. For fixed values

of Xg,b,j for the given sequence, we let the formulation evaluate the completion time



Algorithm 6.5.1 SP(1) objective for a given sequence a

Inputs: a: A sequence of board groups and board types within groups
rtg,b,1: Run Time of board type b of board group g, Vg, b = 1,. .. , n9.

S0,1 [(g)I: Setup time for the 9th group on machine 1 in sequence a, Vg.

(From algorithm compute-objective--value given on page 3.2)
c,2: Optimal dual variable values from RLMP, Vj.

Output: zsp(l): SP(1) objective value for a.

time - 0
ZSp(l) 4-
for g *- 1 to N do

time +- time + S0,i[(g)]
for b 1 to fl(g) do

time +- time +
ZSp(1) 4- Z5p(1) + a,2 time

end for
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current time on machine 1
r subtract 8

add setup time

add run time
r where j = b + >jI fl(gF)

Figure 7.3. Algorithm for Evaluating SP(1) Objective for a Given Sequence

variables which are denoted by C3,k for the 1th board type on machine k. We can

let the formulation evaluate the carryover sequence-dependent setup times as well,

but it is more efficient to simply feed the setup times in the formulation since it

is easy to compute them for a given sequence.

In summary, we need to solve the mathematical programming timetabling

problem TT(k) in order to evaluate, for a given sequence a, the objective value of

SP(k) for k = 2, .. . , m 1. Note that S0,k[g] is the amount of carryover sequence-

dependent setup time required of board group g in sequence a on machine k, and

Xg,b,j is now a parameter of the form
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1, if board type b of group g is at slot (position) j in sequence a
Xg,b,j =

0, otherwise.

Also let

1, if a setup is required at position j in sequence a
yj=

0, otherwise.

TT(k): (for k=2,...,m-1)

ZT(k) = Mm (a,k+1 a,k)C,k + (a,krt9,b,k);,b, (7.5.1)
j=1 j=1 g=1 b=1

subject to

N ng N n9
Ci,k Ci_1,k + S[gJ Xg,b,jYj + Vj, Co,k = 0 (7.5.2)

g=1 b=rl g=1 b1

Ci,k TFT (7.5.3)

C3,k integer Vj (7.5.4)

The objective function (7.5.1) corresponds to the objective of SP(k) for

k = 2, .. . , m 1. Note that the last two terms are constants. Constraint set

(7.5.2) evaluates the optimal completion times of the board types in sequence a

on machine k.

Similarly, in order to evaluate the objective value of a given sequence a on

the last machine, we need to solve TT(m) presented below.
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TT(m):

J J N fly

= Mm (1 cj,m)Cj,yn + (j,mTtg,b,rn)g,b,j (7.5.5)
j=1 j=1 g=1 b=1

subject to
N fly N fly

Cj,m Cj_i,m + Scr,m[g}g,o,jVj + rtg,b,mxg,b,j Vj, CO3m= 0
g=1 b=1 g1 brrl

(7.5.6)

Cj,m TFT (7.5.7)

Cj,m integer Vj (7.5.8)

Observe again that the objective function (7.5.5) corresponds to the ob-

jective of SP(m). Again, the last two terms in (7.5.5) are constants. Constraint

set (7.5.6) evaluates the optimal completion times of the board types in sequence

a on the last machine.

The two formulations given above are very small mathematical programs

programs, which can be solved extremely efficiently.

Of course, we have to incorporate the branching decisions in our tabu

search algorithm so that the columns identified by it obey those decisions. If a

solution, which is identified during the course of the tabu search algorithm at a

node of the B&P tree, violates at least one of the branching decisions associated

with that node, then that solution is discarded.

7.6. Stabilized Column Generation

Column generation is known to be prone to convergence difficulties. Even

when solving instances of the same size, the number of iterationscan vary by one or
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two orders of magnitude. This can be a serious obstacle when implementing a B&P

algorithm. While usually a near optimal solution is approached considerably fast,

only little progress per iteration is made as the algorithm closes to identifying the

optimum solution. Also, it may be relatively time consuming to prove optimality

of a degenerate optimal solution. In a matter of speaking, the solution process

exhibits a long tail, hence this phenomenon is called the tailing-off effect. In

order to alleviate this problem, du Merle et al. [38] propose a dual stabilization

technique, which is based on a simple observation: the columns that will be

part of the final solution are only generated in the very last iterations, when the

dual variables are already close to their optimal values. They also observed that

dual variables may oscillate erratically in the first iterations, leading to "extreme

columns" that have no chance of being in the final solution.

Our approach to stabilize and accelerate the column generation algorithm

is similar to the one proposed by du Merle et al. [38] and based on imposing

bounds on the dual variable values by introducing artificial variables to the master

problem. In our case, the benefit of introducing artificial variables is two fold:

First, the dual variables are initially "bounded" in some interval, so that the

dual variables smoothly converge to their optimal values. Second, the way we

bound the dual variables has a very important impact on the objective function

coefficients of the subproblems. We constrain the dual variables in such a way

that the subproblems become bounded even without the constraint sets 7.2.12

and 7.2.13 which enforce an upper bound on the total flow time. We show in

the sequel that when the subproblems are bounded, they become much easier to

solve.

Consider introducing Wj,k for j = 1, . .. , J and k = 1,... , m as the artificial

variables to constraint set 7.2.1 in the IMP as follows.
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IMPA:

Tm J J
ZMPA = Mm çit m + Wj,m'-j,mi t

t=1 j=1 3=1

subject to

Tk N n9 Tk_1

(a3,k) (c j2 > rtg,b,kxbj) ) C_1) + Wj,k W3,k_1 0
t=1 g=1 b=1 t1

k=2,...,m; j=1,...,J (7.6.1)

(8k) A=1 k=1,...,m (7.6.2)

Wj,kO k=1,...,m; j=1,...,J (7.6.3)

{0, 1} k = 1, . . . , m; t = 1, . . . , Tk (7.6.4)

The LPrelaxation of the IMPA is obtained as usual by relaxing the inte-

grality restrictions on the master variables:

LMPA:

Tm J J
ZMPA = Mm çit \)m + Wj,m'j,m) t

t=1 j=1 j=1

subject to

Tk N n9 Tk.1

(ci,k) (cj rtg,b,kxbj)) C1)t' + Wj,k W3,k_1 0
t=1 g=1 b=1 trl

k = 2,.. . , m; j = 1, .. . , J (7.6.5)

(ak) A=i k=1,...,m (7.6.6)

Wj,kO k=1,...,m; j=1,...,J (7.6.7)

k=1,...,m; t=1,...,Tk (7.6.8)

Then, the dual of LMPA is given as follows.
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DLMPA:

ZDLMPA = Max

subject to

C,1,2+61 0 t=1,...,T1 (7.6.9)

(c rt9,b,kxg' b) ci,k Cka,k+1 + k 0
j=1 g=1 b=1 j=1

k=2,...,m-1; t==1,...,Tk (7.6.10)

iI(u1m _E rtg,b,m j)ai,m+öm t 1,...,Tm (7.6.11)
j=1 g=1 b=1 j=1

j,k+1 j,k 0 j = 1,.. . , J; k = 2,. .. , m 1 (7.6.12)

1 = 1,...,J (7.6.13)

j,kO j=1,...,J; k=2,...,m (7.6.14)

8k unrestricted k 1,. . . , m (7.6.15)

Note that the first three constraint sets are the same in DLMP and DLMPA

but constraint sets 7.6.12 and 7.6.13 in DLMPA, with 7.6.14, now imply that

1a,,m ?j,m-1 "a,2 0 j1,...,J (7.6.16)

Similar to the twophase approach in the simplex algorithm, solving LMP

using the artificial variables requires a twostage approach. First, artificial vari-

ables are added to LMP (to form LMPA) and new columns with negative reduced

costs are generated until the subproblems fail to do so. However, at that moment,

there is no guarantee that all the artificial variable values will be zero. Therefore,

in the second stage, the constraints imposed on the dual variables in the form

of 7.6.16 is gradually relaxed by slightly increasing the objective function coeffi-
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cient of Wj,m for j = 1,... , J in LMPA by a small amount L 0. The column

generation algorithm is terminated when all the artificial variable values are zero

and new columns with negative reduced costs cannot be identified. Generally,

the objective function coefficient of Wj,m for j = 1, . . . , J needs to be increased a

number of times in order to set all the artificial variables to zero.

Now, we can discuss the impact of adding the artificial variables to the

master problem formulation. Recall from section 7.5 that upper bounds on the

makespan/total flow time are introduced in SP(k) for k = 2, . . . , m to ensure that

these subproblems are bounded since they can otherwise be unbounded because

the objective function coefficients for some of the completion time variables may

be negative. Due to the erratic fluctuation of the dual variable values, this is

almost always the case in the first iterations. However, with the introduction

of the artificial variables, we make sure that these subproblems are bounded.

Observe that, constraint set 7.6.12 makes sure that all the coefficients of the

completion time variables in SP(k) for k = 2,... , m 1 are now nonnegative.

Similarly, constraint set 7.6.13 ensures that all the objective function coefficients

of the completion time variables in SP(m) are nonnegative. The proposition given

below identifies an important property of the optimal solutions of the subproblems

when the subproblems are bounded (bounded because of the nonnegativity of the

objective function coefficients of the completion time variables).

Proposition 7.6.1. When the subproblem SP(k) for k = 1, . .. , m is bounded

(when all the objective function coefficients of the completion time variables are

nonnegative), the board types within each group follow the shortest processing time

(SPT) order in an optimal solution to SP(k).

Proof The proof is presented in Appendix C.
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Proposition 7.6.1 is very important when solving the subproblems because

since the optimal sequence of the individual board types within each board group

is known, the subproblems need only identify the optimal sequence of the board

groups. Therefore, when solving the subproblems with TSCG, there is no need

for the inside search to identify the best board type sequence within each group.

In addition, when the subproblems are not bounded, a timetabling LP problem

needs to be solved to evaluate each solution encountered during the course of

TSCG. However, when a subproblem is bounded, a sequence can be evaluated for

that subproblem with an algorithm that is similar to the one presented for SP(1)

in Figure 7.3, which further speeds up the process.

Accordingly, the subproblems are modified to make sure that the board

types within each group follow the SPT order. In SP(k) for k = 1, . . . , m, the

individual board types within each group are reindexed so that

b 4 Ttg,b,k rt9,b',k g = 1,... , N; b, b' = 1,... , n9.

The constraint sets 4.1.2-4.1.5 can be replaced in the subproblems with

j=1,...,Jn9+1 (7.6.17)

Jn9+1
Xg,i,j = 1 g = 1,.. . , N (7.6.18)

Xg,i,j Xg,b,j+b_1 j = 1,..., J flg + 1; b = 2,... ,n9 (7.6.19)

Constraint sets 7.6.17 and 7.6.18 assign the first board type within a group

to one of the available positions. Remember that the board types within each

group are re-indexed in the SPT order and the first board type (b = 1) of group g

can be assigned to position (J n9 + 1) at the latest. Then, constraint set 7.6.19
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makes sure that the remaining board types are assigned to the r, 1 consecutive

positions. It has been experienced that with these modifications, the subproblems

can solved up to 50 times faster.

In summary, artificial variables are introduced to the master problem ftr-

mulation and the column generation algorithm continues until new columns with

negative reduced costs cannot be identified. During this stage, the subproblems

are much easier to solve since the board types within each group follow the SPT

order. However, if all the artificial variable values are not equal to zero, the ob-

jective function coefficients of the nonzero artificial variables are increased by a

small amount and the column generation algorithm continues. This is repeated

until all the artificial variables are set to zero. During this stage, however, some

of the subproblem can become unbounded (bounded with an upper bound on the

makespan/total flow time) and become much harder to solve.

On the other hand, proposition 7.6.2 presented below shows that IMPA is

a relaxation of the original problem. This means that even without some of the

artificial variable values set to zero, we have a valid lower bound. In this case, if

the lower bound found so far is close enough to the solution identified by the TS

heuristics, we do not have to worry about setting the artificial variable values to

zero.

Proposition 7.6.2. The optimal solution of IMPA is a lower bound on the opti-

mal solution of the original problem (i.e., ZIMPA zMILP1).

Proof The proof is presented in Appendix C.

The same stabilization method applies to the case when minimizing the

makespan as well. Contrastingly, by introducing artificial variables, we can ensure

the subproblems SP(k), k = 1,.. . , m 1 are bounded but we cannot ensure that



137

the subproblem SP(m) is bounded. However, solving the subproblem SP(m)

can generally be avoided as described in section 7.7.4 in the sequel. For the

LMPA and DLMPA formulations in the case of minimizing the makespan, refer

to Appendix B.

7.7. Implementation Details

The performance of a B&P algorithm can be improved by judicious im-

plementation choices. This section discusses several implementation issues such

as constructing an initial feasible restricted LP master problem and column man-

agement strategy.

7.7.1. Initial Restricted LP Master Problem

To start the column generation algorithm, an initial restricted LP problem

has to be provided. The initial RLMP must be feasible to ensure that proper dual

information is passed to the pricing subproblems.

One approach to construct an initial feasible RLMP is to generate columns

using a column generator such as a randomized heuristic. For instance, Van den

Akker et al. [124] randomly generate up to 5000 feasible columns and select the

best 10 columns to include in the initial RLMP. Yet another approach to construct

an initial RLMP involves first assigning values to dual variables so that they are

dual feasible, and then constructing subproblems using these dual variable values,

and solving them to generate columns to be included in the initial RLMP.

The former approach is followed here to construct an initial restricted mas-

ter problem. Remember that the tabu search algorithms designed for the original
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problem identify a set of local optima (in the outside index list, OIL). The com-

pletion times of the board types in these solutions are evaluated on each machine

to construct columns on each machine, and the columns are appended into the

initial RLMP. In addition, the upper bound on the total flow time in the subprob-

lems, TFT, is set to the total flow time of the best solution identified by the tabu

search heuristic for the original problem.

7.7.2. Adding Columns

As noted before, a twophase approach is employed to solve the subprob-

lems. First, TSCG (tabu search column generator) is run to solve each sub-

problem. TSCG goes after the column with the most negative reduced cost, but

during the course of the search it may identify many columns with negative re-

duced costs. Preliminary experiments indicated that adding all of such columns

results in a rapidly growing RLMP, making it harder to solve at each iteration of

column generation. Although the number of iterations seem to decrease in gen-

eral, the total computation time increases. Therefore, for each machine, only the

best column that TSCG identifies is selected and appended into RLMP.

It is known that columns satisfying certain conditions can be removed

from the master problem. It has been tested whether removing columns from

the master problem improves the computation time or not. It is found that the

master problem does not grow too much and removing columns does not make a

significant difference. Therefore, all the columns are kept in the master problem.
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7.7.3. Search Strategy and Termination Criteria

Since the primary interest is in identifying tight lower bounds, we use

breadth-first search (also referred to as the width search).

The column generation algorithm at any node is terminated when the

subproblems fail to identify new columns with negative reduced costs.

The overall B&P algorithm is terminated if an optimal integer solution is

identified or if the percentage deviation of the best solution identified by tabu

search for the original problem with respect to the best lower bound in B&P is

less than or equal to 5% for large size instances and 3% for small size instances.

7.7.4. Special Cases When Solving the Subproblems

We have observed five important cases in which we need not solve some of

the subproblems (neither approximately nor optimally).

Case 1: =0 for j= 1,... , J.

Observe that when all a3,2 = 0, SP(1) objective function becomes mini-

mizing and the constraint set 7.2.7 in DLMP (7.6.9 in DLMPA) implies that

SI 0. Therefore, SP(1) cannot identify a new column with negative reduced cost.

Hence, SP(1) can be skipped since it cannot identify any column with negative

reduced cost.

Case 2: a3,k-0forj--1,...,J and k=2,...,m-1.

In this case, the objective function of SP(k) for k = 2,... , m 1 becomes

8k and the constraint set 7.2.8 in DLMP (7.6.10 in DLMPA) implies that 5k 0.

Hence, SP(k) can be skipped.
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Case 3: cx,k+1 =constantforj= 1,...,Jand k=2,...,m-1.
In this case, the objective of SP(k), k = 2, .. , m 1 becomes, minimizing

iJ N n9
j=i >1g=i Ib=i i,k(rtg,b,m)xg,b,i ök. The first term is nothing but the sum of

the run times of the board types on machine k multiplied by (which is the

same value for all j = 1, .. . , J). From the constraint set 7.2.8 in DLMP (7.6.10 in

DLMPA), it is clear that aj,krtg,b,kxg,b,j ök 0. Hence, SP(k)

can be skipped since it cannot identify any column with negative reduced cost.

Case 4: aj,m = 1 for j 1,.. . , J.
çj -N (rtb)xbi öm.SP(m) objective becomes minimizing j-1 g=i

The first term is nothing but the sum of the run times of the board types on

machine m. From the constraint set 7.2.9 in DLMP (7.6.11 in DLMPA), it is
J N n9clear that E3=1 Eg=i Ib=1 Ttg,b,mXg,b,j 0. Hence, SP(m) can be skipped

since it cannot identify any column with negative reduced cost.

In summary, the ability of the B&P algorithm in identifying tight lower

bounds is primarily because of (1) the effectiveness of the approximation algo-

rithms developed for solving the subproblems, (2) the identification of certain

cases for which some of the subproblems can be skipped without solving, and (3)

the impact of the proposed stabilization methods.
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8. COMPUTATIONAL EXPERIMENTS

In this chapter, computational experiments are performed in order to de-

termine the best one among the six proposed tabu search algorithms (i.e., TS1,

TS2, TS3, TS4, TS5 and TS6) and asses the quality of the solutions identified by

the tabu search algorithms. The quality of a solution identified by a heuristic to a

problem instance can be best quantified by its (percentage) deviation from the ac-

tual optimal solution to that problem instance. However, as discussed previously,

the problems investigated in this dissertation are AlPhard in the strong sense,

which imply that exact optimization methods such as the branch-andbound

technique that guarantee identifying the actual optimal solution would require an

excessive amount of time and memory, especially for large size problem instances.

This is the very reason that we propose tabu search algorithms for solving the

scheduling problems effectively in a timely manner. While small size problem

instances can be solved optimally with branchandbound technique reasonably

quickly, it is impractical to solve large size instances optimally. This fact, which

is intuitively clear, is proven in our experiments as well; we could not solve large

size instances, and even some of the small and medium size instances optimally, as

we shall present later in detail. Therefore, we quantify the performance of a tabu

search algorithm with respect to the best lower bound identified on the optimal

solution as
TSvalue LB

LB
100% (8.0.1)

where TSvalue is the best solution value identified by the tabu search algorithm

and LB is the best lower on the optimal solution value.

In order to test the performance of the proposed tabu search heuristics,

small and medium to large size problem instances are generated randomly. Recall
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from chapter 1 that we are interested in two and threemachine fiowshop PCB

assembly systems. The twomachine assembly system was presented in Figure 3.1.

In the three-machine assembly system, a HSPM is followed by two MFPMs. In

addition, as mentioned in chapter 1, there are typically two types of PCB man-

ufacturers in industry: A type 1 manufacturer focuses on producing board types

that are similar and in high volume during the production period, as in bulk orders

for PCBs used in cellular phones and personal computers (highmix lowvolume).

A type 2 manufacturer, on the other hand, focuses on producing board types that

are somewhat dissimilar and in low volume during the production period, as in

PCBs used in medical equipment and the like (lowmix highvolume). We are

curious about the quality of the solutions identified by the proposed tabu search

heuristics for scheduling problems experienced by both types of manufacturers.

Hence, both types of problems are investigated by generating random problem

instances descriptive of each, on both two and three-machine assembly systems.

In a flowshop manufacturing line, a change in the magnitude of setup

times on different machines may effect the performance of a heuristic as well as

that of a method that identifies lower bounds. In our flowshop assembly lines,

characteristically, the number of components assembled on the boards by HSPM

is more than that of MFPM. Recall that the setup time required of a board group

is the average setup time to change a single component on the machine multiplied

by the total number of feeder/component changes required by that board group.

Therefore, the setup times on HSPM is generally much higher compared to the

setup times on MFPM. It is worth analyzing how a reduction in the magnitude of

the setup times on HSPM (relative to MFPM) affects the performance of the tabu

search algorithms. The magnitudes of setup times on a machine can be reduced

or increased by reducing or increasing the average setup time per feeder on that
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machine. The average setup time per feeder values could be modified to consider

a low and high value on both types of machines (HSPM and MFPM). Consider

an example presented in Figure 8.1, where two levels of average setup time per

feeder are considered for each type of machine.

Average Setup Time
per Feeder on HSPM

30

180

Average Setup Time per
Feeder on MFPM

45 220

Combination I CombinatIon 2
(30,45) (180,45)

Combination 3 CombInation 4
(30,220) (180,220)

Figure 8.1. An Example with Two Factors Affecting the Setup Times

In the example problem presented in chapter 3, the average setup time per

feeder values are 180 seconds and 220 seconds on HSPM and MFPM, respectively.

This corresponds to combination 4 in Figure 8.1. For this combination, although

the average setup time per feeder on MFPM is greater than that on HSPM, the

setup time required of each board group on HSPM is generally greater than that

on MFPM. As explained before, this is because the number of components placed

on the boards by HSPM is greater than the number of components placed by

MFPM, resulting in more feeder setups per board group on HSPM'. In summary,

even with combination 4, the setup times on HSPM are greater than the setup

times on MFPM. Besides combination 4, we are interested in combinations for

which the setup times on HSPM are smaller than the setup times on MFPM. Now,

consider combination 2 in which the average setup time per feeder on HSPM is

'Observe that there are 20 feeders on HSPM while there are 10 feeders on MFPM.
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still 180 seconds, but that on MFPM is reduced to 45 seconds. Since the setup

times on HSPM were already greater than the setup times on MFPM, reducing

the average setup time per feeder on MFPM results in even greater setup times

on HSPM than on MFPM. Therefore, this combination does not really have the

desired effect. Similarly, combination 1 imitates combination 4, only with reduced

average setup time per feeder on both types of machines. Combination 3, however,

reduces the average setup time per feeder on HSPM relative to that on MFPM.

In this combination, the setup times on HSPM will generally be smaller than the

setup times on MFPM, which creates the desired effect. Therefore, there is no

compelling reason to consider all four combinations suggested above. Considering

combinations 3 and 4 is enough to get the desired effect, which is obtained by

two different values of the average setup time per feeder on HSPM, while using

the same value on MFPM. In a threemachine assembly line, a reduction in the

average setup time per feeder on HSPM will also result in smaller setup times

than that on the two following MFPMs, which also is a case of interest to analyze

the change in the performance of the proposed tabu search heuristics.

To have a better understanding of the proposed tabu search algorithms

and lower bounding methods, problems experimented with are divided into two

different sizes. These different sizes define a clear distinction for computational

complexity of problems under study. For both types of manufacturers and both

two and three-machine assembly systems, the problem instances with 3 to 8

board groups are referred to as small and medium size instances, while instances

with 9 to 14 board groups are referred to as large size instances. This distinction

is made mostly because of the ability of MILP3 to solve problems with different

sizes. MILP3 could not be used to solve problems with more than 8 board groups

due to lack of enough computation memory. This does not imply that all small
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and medium size problems can be solved optimally with MILP1 or MILP3 since

(1) MILP1 solves a problem instance much slower compared to MILP3, and (2)

as the number of board types within each group increases, even MILP3 cannot be

solved in reasonable amounts of time.

Another research question of interest is the performance of the proposed

lower bounding methods with respect to the actual optimal values. The quality

of a lower bound is quantified as its percentage deviation from the actual optimal

value, as

LB OPTI
. 100% (8.0.2)OPT

where OPT is the actual optimal solution value and x is the absolute value of x.

However, the analysis is restricted to the problems for which the actual optimal

solutions can be identified. For such problems, the performance of the proposed

tabu search heuristics are also investigated by quantifying the quality of heuristic

solutions with respect to the actual optimal solutions.

In summary, for minimizing the mean (total) flow time and the makespan,

the primary objectives of this chapter are as follows.

1. To determine whether the six tabu search algorithms are statistically differ-

ent in the quality of the solutions they identify. If they are not the same, to

determine which of the six tabu search algorithms is (are) the best.

2. To quantify the performance of the tabu search algorithms with respect to

the proposed lower bounds.

3. To quantify the performance of the proposed tabu search heuristics with

respect to the actual optimal solutions (for the problems for which the actual

optimal solution can be identified).
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4. To quantify the performance of the proposed lower bounding methods with

respect to the actual optimal solutions (for the problems for which the actual

optimal solution can be identified).

In addition, the following objectives, which involve assessing the robustness

of the proposed tabu search heuristics, are to be addressed by the computational

experiments.

5. To assess the effect of the number of machines, size of the problems, and

problems for the two different types of electronics manufacturers on the

performance of the proposed tabu search heuristics.

6. To determine the effect of reducing the magnitudes of setup times on HSPM

(relative to MFPM) on the performance of the proposed tabu search heuris-

tics.

8.1. Data Generation

The data involving a particular instance of the problem is characterized by

the following parameters:

Type of the manufacturer (type 1 or type 2)

Number of machines

Number of board groups and board types in each group

Number of units of each board type to produce in a production period

Number of components belonging to each board type, the feeder locations

of these components, and the number of common components between at

least two board types, especially if the board types are in the same group
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. Time required to assemble each component on a board type

Setup time required to change components on the feeders

The number of machines is either 2 or 3, while the number of groups is an

input to the problem generator. For type 2 manufacturers, as the volume is low

and board types are dissimilar, it is customary to assign a board type to form its

own group, and if some similarities existed no more than two board types might be

assigned to some board groups. Contrastingly, as similarities are plentiful among

the different boards considered for production in the first category (type 1), group

technology principles can be conveniently applied to identify board groups that

may in fact have more than two board types in each group. Note that the primary

focus is to quantify the effectiveness of the proposed heuristics measured by the

percentage deviation from the proposed lower bound, as it applies to each type of

problems. As such, the problem instances generated in the first type involve board

groups with three or more board types, while the second involves board groups

with one or two board types. To make the first type of instances manageable,

we impose a limit on the maximum number of board types in a group to 5, thus

resulting in groups with three, four, or five board types. For both type 1 and

type 2 problems, the way the number of board types within each group, number

of units of each board type to produce, componentfeeder assignments, and run

times of board types are generated can be described as follows.

The run time for a unit of a board type is the total time required to

assemble all of its components. Since both machines have feeders as component

holders and the assembly process is automated, we assume that the time to locate

a particular component on the board held on a machine is constant in a board

type, and it is the same for all board types in the same group. However, the time



148

required to assemble the same component is different for board types in different

board groups.

The number of board types in each group is determined randomly depend-

ing on whether the instance belongs to the first or the second type. For each

group of a type 1 instance, a random number, p, is selected from U[0, 1]. Then

the number of board types is set to 3, 4, or 5 if p < 1/3, 1/3 p < 2/3, or p 2/3,

respectively. But at most [N/3] groups are allowed to have the same number of

board types. For example, if there were seven groups, it would be unrealistic to

assign three board types each to more than three groups. For type 2 instances, a

random number, p, is generated from U[0, 1], and the number of board types of

one is assumed if p < 0.70, and two if p 0.70, as there are more dissimilarities

among the boards in this type than type 1. The number of units of each board

type is randomly generated as an integer from U[3, 151. We assume there is a

pooi of 125 components (indexed 101-1 through 101-125). The first 75 of these

components are assembled on HSPM, and the last 50 components on MFPM. For

each component in each group, a random run time (assembly time) is generated

from U[5, 20]. The number of components in each board type is also generated

randomly from U[5, 12] for HSPM, and from U[1, 5] for MFPM. The justification

is that HSPM has more feeders than MFPM (20 versus 10), and therefore, more

components would be assembled on HSPM.

The assignment of components to individual board types required a lot

more thought for generating random problem instances that would emulate the

characteristics of real problems in industry. We begin with a randomly selected

group, and find the minimum number of components required by the board types

in that group. Since board types in a group should have a substantial number

of components in common, the number of components common among the board
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types is assumed to be 80% of this minimum. For instance, if there are three board

types with 7, 10, and 8 components, [7 x 80%1 6 components will be common

to all three board types. Each of these 6 components are selected randomly

from U[1, 75] for HSPM, and from U[76, 125] for MFPM as described before. The

component is then assigned to a feeder selected randomly from U[1, 20] on HSPM,

and from U[1, 10] on MFPM. As a feeder can only have one component for a board

type, if it is identified to hold a particular component, it is marked to indicate

that it will not be allowed to hold a different component for the same board type

at a later time. Similarly, a particular component for a board type can only be

located on one feeder. Thus, if a component is selected for a board type, it cannot

be selected for the same board type at a later time. However, this component

can be assigned to another board type of another group on the same or different

feeder.

Once a component and a feeder are identified for the current group, one of

the remaining groups as well as a board type in that group are randomly selected.

A random number, p, is then selected from U[0, 1] and ifp < 0.2, the component

under consideration is also assigned to the same feeder for this board type. The

same procedure is repeated for the other board types and other groups in a random

order. The reason is that some of the components on feeders can be same among

the board types in different groups. After such common components are assigned

to board types in each group, the number of components is updated to find the

additional number of components required by each board type (since now some

of the components are already assigned to other board types also). Again, in a

random order of groups and board types in each group, components that are not

already assigned to a board type are generated randomly and assigned to feeders

selected randomly. Once a component is assigned to a feeder for a board type, the



150

same component is considered for other board types in the same group, as well

as for board types in other groups. For example, if there are three board types

in a group only two of these board types may have common components on the

same feeders. Also, a component of a board type can be the same component

of another board type in a different group. At this point, a board type in the

same group is identified randomly. A random number, p, is selected from U[0,1],

and if p < 0.5 the component is also assigned to the same feeder for this board

type. The same procedure is then repeated for the other board types in the same

group. In doing so, we ensure that a component is not assigned to all of the board

types in the same group, as such common component assignments have already

been performed as noted above. Similarly, one of the other groups is randomly

selected, and a board type, whose selection of the number of components is yet

not fulfilled, is identified randomly. A random number, p, is selected from U[0, 1],

and if p < 0.2, the component is also assigned to the same feeder for this board

type. The same procedure is repeated for the other board types.

Following the completion of component assignments, the run times of board

types are evaluated. The run time for a board type is simply the total placement

time of its components multiplied by the number of units of that board type to be

produced in the production period. The setup time to change a component on

a feeder is assumed constant, and is equal to the average setup time per feeder.

Note that, different average setup time per feeder values are used when testing

the robustness of the proposed tabu search heuristics against different magnitudes

of setup times on the machines.
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8.2. Design of Experiment

A common issue in operations research is performing computational exper-

iments in order to compare several algorithms to determine which performs best

and what factors affect the performance. The essential role of statistical exper-

imental design, along with general guidelines for computational experiments to

compare different algorithms has been discussed by Barr et al. [12], Coffin and

Saltzman [27], Greenberg [46], and Hooker [64, 65]. However, there does not seem

to be a generally accepted approach in the operations research community to the

design and analysis of such computational experiments; only a handful of papers

in the literature rigorously use formal methods (Saltzman [27]).

Lin and Rardin [79] use a traditional factorial design in which the response

variable is influenced by two factors, namely the algorithm type and the problem

type. A number of problems are generated randomly for each combination of algo-

rithm and problem type, where the problem type is specified by setting parameters

in the problem generator. The authors recommend blocking on problem for com-

paring different algorithms. Since the problem instances are generated randomly,

the instances themselves can cause significant variation in the performance of the

algorithms. Therefore, each problem instance is regarded as a "block" and solved

by all of the algorithms, removing one source of variability that may obscure the

relative performance of the algorithms.

To compare central processing unit (CPU) times of three network reopti-

mization algorithms and determine the effects of several factors on the CPU times,

Amini and Barr [7] employ blocking on problem in the context of a split-plot ex-

perimental design. The underlying principle in a split-plot design is that whole

plots, to which levels of one or more factors are applied, are divided into subplots
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or split-plots each treated by levels of one or more additional factors (see Mont-

gomery et al. [95] for details). Such an experimental design reduces the number of

observations required and provides more precise information on the subplot factors

than on the whole plot factors. Hence, it is the general practice to assign the fac-

tors of most interest to the subplots. In Amini and Barr [7], whole plot factors are

the problem class and problem size, while subplot factors are the type of change

made to a problem before reoptimization, percentage of the change applied, and

the type of the algorithm. Amini and Racer [8], Logendran and Subur [88], and

Nance and Moose [96] also employ split-plot designs for comparing alternative

algorithms.

To meet the research objectives discussed previously, a split-plot experi-

mental design is employed in this dissertation as well. The response is the percent-

age deviation from the proposed lower bounds and there are five design factors

considered in the experiment. These factors and their levels are presented in

Table 8.1, where ASTH stands for average etup time per feeder on HSPM.

Table 8.1. Factors/Treatments and their Levels in the Design of Experiment

Factor Name Levels

Problem Type (PT) Type 1, Type 2 (i = 1,2)

Problem Size (PS) Small/Medium, Large (j = 1, 2)

Number of Machines (NM) 2, 3 (k = 1, 2)

Avg. setup time per feeder on HSPM (ASTH) 30, 180 (p = 1, 2)

Tabu search heuristic (TS)
TS1, TS2, TS3, TS4, TS5, TS6

(q=1,...,6)
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From this point forward, a problem data refers to a feeder-component con-

figuration required of all board types and board groups on all machines and the

run times of all board types on all machines. Given a problem type, problem size,

and number of machines, a problem data is generated by the problem generator

described in the previous section. A problem data is treated with the combinations

of the average setup time per feeder on HSPM (ASTH) factor and the tabu search

heuristic factor. Consequently, combinations of problem type, problem size, and

number of machines constitute eight whole plots, within which combinations of

ASTH and TS heuristics form the subplots, as depicted in Figure 8.2.

Whoe
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Type 1 Type 1 Type 1 Type 1 Type 2 Type 2 Type 2 Type 2
Small/Medium Small/Medium Large Large Small/Medium Small/Medium Large Large

2 3 2 3 2 3 2 3
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Figure 8.2. A Split-Plot Design with Five Design Factors

For each of the combinations of the whole plot factors, four problem data

are generated randomly, each with a different number of board groups. For in-

stance, when experimenting with small/medium size problem instances, four prob-

lem data with, for example, 3, 5, 6, and 8 board groups are generated. The

same applies to large size problem instances as well. Consequently, 4 x 4 = 16

small/medium and 16 large size instances constitute a total of 32 problem data

generated for all of the 2 = 8 combinations of the whole plot factors. All 2x 6 = 12
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combinations of ASTH and TS heuristic factors are applied to the same problem

data and the experiment is performed for minimizing the makespan and the mean

(total) flow time, resulting in a total of 32 x 12 x 2 = 768 computer runs.

The mathematical programming formulations MILP1 and MILP3, as well

as the proposed B&P algorithm are also applied to each problem data for the

two levels of ASTH. MILP1 is included since the proposed B&P algorithm is

based on it, while MILP3 is included since it is the fastest among the three MILP

formulations. Since the behavior of MILP2 is anticipated to be similar to that of

MILP1, MILP2 is omitted in this experiment to reduce the experimental effort.

As described previously in section 4.4, MILP3 cannot be applied to large size

instances because of limited computational memory. Therefore, for small/medium

instances, 16 (problem data) x 2 (levels of ASTH) x 3 (MILP1, MILP3, B&P)

= 96 additional computer runs are performed. Similarly, for large size instances,

16 (problem data) x 2 (levels of ASTH) x 2 (MILP1, B&P) = 64 additional

computer runs are performed. As a result, there are a total of 320 computer runs

(160 per measure of performance) involving the solution of MILP1, MILP3, and

the B&P algorithm. To keep this experiment manageable, the computation time

is limited to five hours, which is also appropriate for real industry settings, when

solving the problems with MILP1, MILP3, or the B&P algorithm.

The conventional approach used in the literature is comparing different

heuristic or exact algorithms with respect to solution values and/or computation

times. An experimental design with several factors such as different problem types

and problem sizes makes sense in identifying the algorithms that outperform the

others under all circumstances. However, it does not make much sense to try to

determine whether certain factors significantly affect the solution values or corn-

putation times. In Arnini and Barr [7], for example, all the factors (problem type,
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problem size, type of change, and percentage of change) and their interactions

are found to be significant. But, it is intuitively clear even before the conduct

of the experiment that the problem size factor, for instance, will affect the com-

putation time significantly. Indeed, in Amini and Barr [7], all the factors and

their interactions turn out to be statistically significant, and the authors compare

the reoptimization algorithms for each combination of the factors in their design

separately.

The response tested in this dissertation is the percentage deviation of the

solution values identified by the TS heuristics from the proposed lower bounds.

It is most likely that the percentage deviation will increase as the problem size

increases. However, it is not immediately clear how different magnitudes of setup

times on the machines would effect the percentage deviation. In addition, the

primary objective here is to quantify the performance of the TS heuristics. The

goal is to put a yardstick on the performance across all circumstances considered

in this dissertation. By doing so, the practitioner in the industry setting can be

confident that the quality of the solution identified by the TS heuristic is quite

close to the actual optimal solutions, i.e., the heuristic solution is only e% off

the actual optimal solution where c is to be estimated by the analysis of the

experimental results.

The statistical model used to relate the percentage deviation to the factors

and sources of error encapsulated by the splitplot design is as follows on the next

page. The indices used in the model are defined as follows.

i = levels of problem type factor, i = 1, 2,

j = levels of problem size factor, j = 1, 2,

k = levels of number of machines factor, k = 1,2,
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1 = index for the problem data, I = 1,. , 4,

p = levels of ASTH factor, p = 1, 2,

q = levels of tabu search heuristic factor, q = 1,.. , 6,

Yijklpq 1L+PTi+PSj+NMk

+ (PTxPS') + (PTxNM)k + (PSxNM)3k + (PTxPSxNM)k

+ D1(k) + ASTH + TSq + (ASTHXTS)pq

+ (PTxASTH)2 + (PSxASTH)3 + (NMxASTH)k

+ (PTXTS)iq + (PSXTS)jq + (NMXTS)kq

+ (PT)<ASTHXTS)ipq + (PSXASTH XTS) jpq + (NMXASTHXTS)jpq

+ (PTxPSxASTH)23 + (PTxNMxASTH)k + (PSxNMxASTH)3k

+ (PTXPSXTS)ijq + (PTXNMXTS)ikq + (PSXNMXTS)jkq

+ (PTXPSXASTH XTS)ijq + (PTXNMXASTHXTS)ikq

+ ( PSXNMXASTHXTS)jkq + (PTxPSxNMxASTH)23k

+ (PTXPSxNMxTS)3kz + (PTXPSXNMXASTHXTS)ijkpq

+ (ASTHxD)l(3k) + (TSXD)ql(ijk) + Epql(ijic)

where

= the percentage deviation from the lower bound, i = 1, 2; j = 1, 2;

k = 1,2; 1 = 1,... ,4; p = 1,2; q = 1,2,

p = the mean percentage deviation,

PT2 = the main effect of problem type, i = 1, 2,

PS3 = the main effect of problem size, j = 1, 2,

NMk = the main effect of number of machines, k = 1, 2,
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D1(k) = the effect of problem data per problem type i, problem size j,

andnumberofmachinesk,l=1,...,6;i=1,2;j=1,2;k=1,2,

ASTH = the main effect of average setup time per feeder on HSPM, p =1,2,

TSq = the main effect of tabu search heuristic, q = 1,.. . , 6,

Epql(ijk) = error term, i=1,2; j=d,2; k=1,2; 1=1,... ,4; p=l,2; q=1, ...,6.

The remaining terms in the model are two to fivefactor interactions.

Since the problem data is generated randomly, Dl(k) are random effects, while

the remaining effects are fixed. Hence, this is a mixed model with both random

and fixed effects. The term D1(3k) constitutes the whole plot error; the main effects

and interactions of the whole plot factors are tested against it. The interaction

term (D x ASTH x TS)pql(jjk) is pooled with Epql(ijk) to form the subplot error.

The experiments are performed in the following order. (1) A combination

of the whole plot factor levels (problem type, problem size, and number of ma-

chines) is randomly selected. (2) Four problem data are generated consistent with

the combination of the whole plot factor levels chosen in step 1. (3) All twelve

combinations of the levels of the subplot factors (ASTH and TS heuristic) are

applied to each of the four problem data in a random order.

8.3. Computing Platform and Software

All the experiments are run on a Dell®PowerEdge 2650 server with 4 GB

of memory and dual Inte1XeonTM processors operating at 2.4 GHz.

The six tabu search algorithms are implemented with C program-

ming language using the Microsoft®Visual Studio.NET Framework 1.1 version

1.1.4322 SP1.
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The mathematical programming models are solved with the optimiza-

tion software ILOGCPLEXTM using ILOG Concert TechnologyTM [661. The

B&P algorithms are implemented with C++ programming language using

ILOG MAESTROTM 1.0 [67], which is a branch-and-price--and--cut and short-

est path optimization library, along with Concert Technology.

The analyses of experiments are performed with STATGRAPHICS

PLUS [112] and The SASSystem for Windows [104] statistical packages.

8.4. Results and Discussion

8.4.1. Tabu Search versus Actual Optimal Solutions

One of the objectives of the computational experiments is to quantify the

performance of the tabu search heuristics with respect to the actual optimal solu-

tions. The attempts made to identify the actual optimal solutions with CPLEX

using the proposed mathematical programming formulations were successful only

for two-machine small/medium size problems of type 2. As shall be presented

later, in all other combinations of the whole plot factors, there were instances

that could not be solved optimally with CPLEX within the imposed time limit of

five hours. Hence, the analysis here is restricted to two-machine small/medium

size problems of type 2 and the statistical inferences apply to such problems only.

Note that, for this combination of the whole plot factors, the experimental model

given in the previous section reduces to a randomized complete block design with

two factors, ASTH and TS, and the details of the corresponding statistical model

and the methods of analysis can be found in Montgomery [95].

The optimal solutions are obtained by solving MILP3 with CPLEX since

MILP3 could be solved faster than the other two MILP formulations proposed in
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chapter 4. Twelve problem data are generated and solved, for each level of ASTH,

by all of the six TS heuristics and MILP3. The details of the experimental results

are presented in Tables D.1 through D.5 in Appendix D.1. Consistent with the

guidelines suggested by the aforementioned papers, the best/optimal solutions

values and execution times, as well as the initial solution values and the times

the TS heuristics and CPLEX first identify the best solutions they report are

recorded.

Table 8.2 exhibits the average percentage deviations of the TS heuristic

solutions from the optimal solutions for the two levels of ASTH. Each row repre-

sents the average percentage deviation for three problems. An entry with a (.) sign

indicates that the TS heuristic identified the actual optimal solution to all three

problems. Observing the detailed results presented in Tables D.2 through D.5

in Appendix D, it can be concluded that the TS heuristics performed extremely

well. For minimizing the total flow time at least one of the TS heuristics identi-

fied the actual optimal solution for all 24 problems. Similarly, for minimizing the

makespan, at least one of the proposed TS heuristics identified the actual optimal

solution for 21 out of 24 problems and the solutions identified for the remaining

three instances by the TS heuristics are quite close to the actual optimal solutions.

8.4.1.1. Minimizing the Total Flow Time

The analysis of variance (ANOVA) method is used to determine whether

the effects of the two factors on the percentage deviation of the TS solutions from

the actual optimal solutions are statistically significant or not. ANOVA requires

certain assumptions to be satisfied. The normality of the percentage deviation

assumption seems to be satisfied. However, the assumption of equal variances
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Table 8.2. Average Percentage Deviations of TS Solutions from the Optimal
Solutions

t1UrIumt::

I

t Each cell is the average over three problems. A (.) sign indicates that the
TS heuristic identified the actual optimal solution to all three problems.

seems to be violated and suggests a logtransformation (base 10) of the percentage

deviation. The response, which is the percentage deviation of the TS solutions

from the actual optimal solutions, is denoted by PD. The transformed response is

logio(PD+1), which for simplicity is denoted by logPD. The normal probability

plots and the plots of residuals versus the factor levels after the logtransformation

are also presented in Appendix D.1.

The results of AN OVA are presented in Table 8.3 for minimizing the total

flow time. The effect of ASTH to logPD is statistically significant. Although

suggestive (pvalue is 0.0583), the effect of TS heuristic is not significant at a

significance level of 0.05 (the observations are consistent with the null hypothesis

that the TS heuristic factor does not effect logPD). After all, majority of the

problems for both levels of ASTH are solved optimally with the majority of the TS

heuristics. Similarly, the interaction of ASTH and TS heuristic is not significant.
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Table 8.3. ANOVA Results for TS versus Optimal (Total Flow Time)

Source
Sum of

Squares

Degrees of

Freedom

Mean

Square
F-value p-value

Block (Problem) 0.700 11 0.065

ASTH 0.083 1 0.083 8.15 0.0051

TS 0.110 5 0.022 2.20 0.0583

ASTH x TS 0.014 5 0.003 0.27 0.9287

Residual 1.24 121 0.010

Corrected Total 2.15 143

For minimizing the total flow time, 95% confidence intervals for the

median2 PD and mean logPD when ASTH=30 and ASTH= 180 are presented

in Table 8.4. When ASTH=30 seconds, it can be concluded with 95% confidence

that the TS solutions are no different than the actual optimal solutions for the

two-machine small/medium problems of type 2, since the percentage deviation of

0% is captured in the confidence interval. When ASTH= 180 seconds, the median

percentage deviation of the TS heuristic solutions from the actual optimal is only

0.164%. It is observed that the median PD increases slightly when the average

setup time per feeder is increased from 30 seconds to 180 seconds. A 95% confi-

dence interval, reported by Tukey's studentized range test [95], for the difference

of the mean logPD when ASTH=30 and the mean logPD when ASTH= 180 is

[0.015, 0.081].

a log-transformation is applied to a response variable x and (logio(x)) is an es-
timate of the mean of logio(x), then 10(b00(x)) is interpreted as an estimate of the
median of x.
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Table 8.4. Confidence Intervals for the Two Levels of ASTH (Total Flow Time)

Levels i4Median 95% CI for Mean 95% CI for

ASTH PD Median PD logPD Mean logPD

180 0.164 [0.101, 0.230] 0.066 [0.042, 0.090]

30 0.042 [-0.013, 0.099] 0.018 [-0.006, 0.041]

Since the TS heuristics are not statistically different, it is concluded that

using fixed/variable tabu list sizes or long term memory components based on

LTMmax/LTM--min does not make a statistically significant difference in the

percentage deviation of the solution values identified by the TS heuristics from

the actual optimal solution values. However, incorporating variable tabu list sizes

and/or long term memory components has a direct effect on the execution time of

the TS heuristics. For example, the total time for a TS heuristic that uses a long

term memory component with two more restarts is obviously more than that of a

TS heuristic that does not use any long term memory components (no restarts).

Table 8.5 presents the average execution time (TT) of the TS heuristics as well as

the average time required by each of the TS heuristics to first identify the solution

they eventually reported as the best one they found (TTB). Both figures are in

seconds. The simplest TS heuristic is TS1 and uses fixed tabu list size and no

long term memory components. Consequently, the TTB and TT values for TS1

are the smallest. TS2, on the other hand, uses variable tabu list size and no long

term memory components. Observe that its total execution time, TT, is greater
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than that of TS1. This is because the number of iterations without improvement3

is reset to zero each time the tabu list size is increased or decreased, in order to

give the heuristic more chance to identify better solutions with the modified tabu

list size. As a result TS2 does not stop as quickly as TS1. Similarly, T55 and TS6

use variable tabu list sizes but with long term memory components. Although

TS3, TS4, TS5, and TS6 all use long term memory components, TS5 and T56 use

variable tabu list sizes (as opposed to fixed tabu list sizes used by TS3 and T54).

Consequently their total execution times are greater than that of TS3 or TS4.

Table 8.5. Average Execution Times of the TS Heuristics (Total Flow Time)

[
IlAverage TTBt Average TT

TS1 0.012 0.023

TS3 0.023 0.079

TS4 0.061 0.209

TS2 0.075 0.535

TS5 0.075 0.558

TS6 0.090 0.569

t Time to best (TTB), in seconds.
Total time (TT), in seconds.

In summary, since the ANOVA did not reveal any differences between the

TS heuristics, it cannot be concluded using fixed or variable tabu list sizes makes

a difference or not. Similarly, it cannot be concluded using long term memory

components with LTMmax or LTMmin improve the percentage deviation or

not. Although, all six TS heuristics are statistically the same with respect to the

3The search stops when the number of iterations without improvement reaches a certain
predefined value.
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percentage deviations of their solution values from the actual optimal solution

values, TS2 seems to be the best choice among the six TS heuristics since it has

the minimal median percentage deviation and its execution time is smaller than

all the others (except for TS1 which has a highest median percentage deviation).

TS1 claims superiority over all the other TS heuristics in terms of TTB and TT

values. However, it has the worst median percentage deviation.

It is worth comparing the times required of the TS heuristics and the

times required of CPLEX to solve MILP3. Since CPLEX uses branchandbound

technique to solve the problems, even if it identifies the optimal solution, it spends

most of its time for trying and proving the optimality of that solution. Therefore,

it would not make much sense to compare the total execution time of CPLEX

with the total execution times of the TS heuristics since the TS heuristics do

not spend time to prove the optimality of the solutions they identify. However,

from a practical point of view, if the question is to use CPLEX or the proposed

TS heuristics to identify a good solution reasonably quickly, then it would make

sense to compare TTB values for the TS heuristics and for CPLEX. In Table D.1 in

Appendix D.1, the TTB values of CPLEX increase exponentially with the number

of board groups in the problem and are much higher than the TTB values of any

of the TS heuristics. For twomachine small/medium problems of type 2, the

solutions identified by the TS heuristics are quite close to the actual optimal

solutions and are identified extremely quickly.

8.4. 1.2. Minimizing the Makespan

For minimizing the makespan, the data required a logtransformation, as

well. Table 8.6 presents the results of ANOVA. The effect of TS heuristic is
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statistically significant, while at a significance level of 0.05, the effect of ASTH is

not, although it is suggestive (p-value is 0.083). The interaction of the two factors

is not significant either.

Table 8.6. ANOVA Results for TS versus Optimal (Makespan)

Source
Sum of

Squares

Degrees of

Freedom

Mean

Square
F-value p-value

Block (Problem) 1.004 11 0.091

ASTH 0.052 1 0.052 3.05 0.0833

TS 0.444 5 0.089 5.16 0.0003

ASTH x TS 0.039 5 0.008 0.45 0.8092

Residual 2.084 121 0.017

Corrected Total 3.624 143

As the levels of the TS heuristic are found to be significantly different, a

second attempt is made to identify which of the TS heuristics are different than

others. Table 8.7 presents the median PD and mean logPD values and associ-

ated 95% confidence intervals for each TS heuristic. As depicted in Figure 8.3,

Thkey's studentized range test identified (based on logPD) that TS2-TS6 are not

statistically different from each other. TS1 is statistically the same with TS3 but

significantly different from the remaining TS heuristics as marked in Table 8.7.

Note that the median percentage deviation for the TS heuristics are quite small

(even the upper limits of the confidence intervals are all less than 0.8%), indicating

that the TS heuristics solutions are highly close to the actual optimal solutions.

Since TS1, which is the simplest TS heuristic, only incorporates a fixed

tabu list size and TS3 incorporates a fixed tabu list size with LTM-max, there is

not an evidence that incorporating LTM-max makes a difference for fixed tabu
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Table 8.7. Confidence Intervals for Different TS Heuristics and Homogenous
Groups (Makespan)

TS Avg.

TTBt
Av

TTt
Median

PD

95% CI for

Median PD

Homogenous

Groups

Mean

LogPD

95% CI for

Mean logPD

TS4 0.038 0.089 0.138 [0.007, 0.285] 0.056 [0.003, 0.109]

TS2 0.027 0.061 0.156 [0.023, 0.306] 0.063 [0.010, 0.116]

TS5 0.027 0.169 0.156 [0.023, 0.306] 0.063 [0.010, 0.116]

TS6 0.026 0.170 0.156 [0.023, 0.306] 0.063 [0.010, 0.116]

TS3 0.008 0.061 0.417 [0.253, 0.600] 0.151 [0.098, 0.204]

TS1 0.007 0.022 0.577 [0.396, 0.782] 0.199 [0.145, 0.251]

Average total time to best (TTB) and total time (TT), in seconds, over all 24 runs.
TS heuristics with a . mark in the same column are statistically not different.
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Figure 8.3. Simultaneous 95% Confidence Intervals Comparing Different TS
Heuristics (Makespan)

list size heuristics. TS1 seems to be the worst among the six TS heuristics in

terms of the percentage deviation of its solution values from the actual optimal

solution values. TS3, although statistically not different from TS1, performed

slightly better than TS1. However, since TS1 is statistically different from TS2,
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TS4, TS5, and TS6 there is strong evidence that using the variable tabu list sizes

only or long term memory components (especially LTMmin) with variable tabu

list sizes improve the solutions identified by a TS heuristic.

Table 8.7 also presents the average execution time (TT) of the TS heuristics

as well as the average time required by each of the TS heuristics to first identify the

solution they eventually reported as the best one they found (TTB). Both figures

are in seconds. Observe that TS4 has the minimal median percentage deviation,

while it takes the longest for TS4 to identify the best solution compared to the

other TS heuristics. This is primarily because TS4 incorporates long term memory

with minimal frequency (LTMmin). This helps identify better solutions in the

restarts after constructing new initial solutions, but obviously increases the time

that the best solution was first identified (TTB) and the total execution time (TT).

Also note that TS6, which incorporates variable tabu list sizes with LTMmin,

has the longest TT. The reason for this is using a variable tabu list sizes increases

the execution time since after reducing or increasing the tabu list size, the number

of iterations without improvement is reset to 0 to give the heuristic more chance

to identify better solutions with the modified tabu list size. Consequently, it takes

longer for TS6 to stop the search.

In summary, for minimizing the makespan for the twomachine

small/medium problems of type 2, TS2TS6 are identified to be statistically the

same in the percentage deviations of their solution values from the actual optimal

solution values. However, TS4 seems to be the best choice since its solution values

have the minimal median percentage deviation (see Table 8.7) and its execution

time is quite reasonable compared to that of TS2, TS3, TS5, and TS6.



8.4.2. Lower Bounds versus Actual Optimal Solutions

Another objective of the computational experiments is to quantify the

performance of the proposed lower bounds with respect to the actual optimal

solutions. As in the previous section, since the actual optimal solutions can only

be identified for small size problems in a timely manner, the analysis here is

restricted to twomachine small/medium size problems of type 2 and the statistical

inferences apply to such problems only. The results are presented in Tables D.6

and D.7 in Appendix D.2 in detail. Table 8.8 exhibits the average percentage

deviations of the proposed lower bounds from the optimal solutions for the two

levels of ASTH.

Table 8.8. Average Percentage Deviations of the Lower Bounds from the Optimal
Solutions

ASTH I Nj]Total Flow Time II Makespan

180 3 0.00 1.24

5 1.32 0.99

0.54 0.37

8 1.31 1.07

30 3]] 1.84 0.27

3.22 0.83

2.24 0.35

8]] 1.99 1.32

Each cell is the average over three problems.

Each row in Table 8.8 presents the average percentage deviation for three

problems. Observing these results, it can be concluded that the lower bounds are

quite close to the actual optimal solution values.



8..2.1. Minimizing the Total Flow Time

The observations for the case of minimizing the total flow time satisfy the

assumptions of ANOVA. The plots used for model adequacy checking are also

presented in Appendix D.2. Table 8.9 below presents the results of ANOVA.

Table 8.9. ANOVA Results for Lower Bound versus Optimal (Total Flow Time)

Sum of Degrees of Mean
Source Fvalue pvalue

Squares Freedom Square

Block (Problem) 11.92 11 1.08

ASTH 8.32 1 8.32 6.64 0.026

Residual 13.79 11 1.25

Corrected Total 34.03 23

The effect of ASTH is significant on the percentage deviation of the lower

bounds from the actual optimal solution values. The mean percentage deviation

of the lower bounds from the actual optimal solutions for ASTH=30 is 2.13% and

the corresponding 95% confidence interval is [1.42%, 2.84%]. For ASTH=180, the

mean percentage deviation is 0.95% and the corresponding 95% confidence interval

is [0.24%, 1.66%]. Therefore, for twomachine small/medium size problems oftype

2, the lower bounds are quite close to the actual optimal solution values.

8.4L2.2. Minimizing the Makespan

The observations for the case of minimizing makespan also satisfy the as-

sumptions of ANOVA. The plots used for model adequacy checking are also pre-

sented in Appendix D. The results of ANOVA are presented in Table 8.10 below.
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Table 8.10. ANOVA Results for Lower Bound versus Optimal (Makespan)

Sum of Degrees of Mean
Source F-value p-value

Squares Freedom Square

Block (Problem) 10.77 11 0.98

ASTH 0.30 1 0.30 0.47 0.505

Residual 6.99 11 0.64

Corrected Total 18.08 23

In the case of minimizing the makespan, the effect of ASTH on the per-

centage deviation of the lower bounds from the actual optimal solution values is

not statistically significant. Over both levels of ASTH, the mean percentage de-

viation of the lower bounds from the actual optimal solutions is only 0.80% with

the corresponding 95% confidence interval computed as [0.43%, 1.17%]. It is con-

cluded that the lower bounds are extremely close to the actual optimal solutions

for two-machine small/medium size problems of type 2.

84.2.3. Comparison with the Procedure Minsetup Based Lower Bounds

In this section, the lower bounds obtained from the B&P algorithm are

compared with the lower bounds based on procedure Minsetup, again for two-

machine small/medium size problems of type 2. Appendix D.2 also presents the

lower bounds based on procedure Minsetup. Figure 8.4 presents the lower bounds

from the two methods on the same graph for minimizing the total flow time with

each of the two levels of ASTH. Similarly, Figure 8.5 compares the lower bounds

from both methods for minimizing the makespan with each of the two levels of

ASTH.

L
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high. B&P algorithm, on the other hand, makes use of the actual setup times

with carryover.

In addition, the difference between the Minsetup based lower bounds and

B&P based lower bounds is higher for minimizing the total (mean) flow time than

for minimizing the makespan. This is most likely because of the fact that, for

minimizing the total (mean) flow time, the value of the lower bound depends

highly on the minimum run times and minimum setup times (refer to page 97

for the definitions of r1 and r2). As a result, as the number of board groups and

board types increase, the lower bounds from procedure Minsetup degrade rapidly

and the difference between the two types of lower bounds increase.

This behavior is anticipated to be similar for other types of problems tested

in the experiments. Therefore, procedure Minsetup based lower bounds are not

considered in the analyses that follow in the remainder of this chapter.

8.4.3. Tabu Search versus Lower Bounds

The most important objective of the computational experiments is to quan-

tify the performance of the TS heuristics with respect to the proposed lower

bounds. This section presents the results of the splitplot experimental design

described previously. The detailed results including the SAS codes used to ana-

lyze the results are presented in Appendix D.3. In the sequel, rigorous statistical

analyses are carried out in order to identify significant differences, if any, among

the proposed TS heuristics in terms of the percentage deviations of the solution

values from the proposed lower bounds and among the factors that affect the per-

centage deviation, and in order to estimate the percentage deviation of the TS

solutions from the proposed lower bounds.
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8.4.3.1. Minimizing the Total Flow Time

Table 8.11 summarizes the percentage deviations of the six TS solutions for

minimizing the total flow time for each combination of the experimental factors.

Table 8.12, on the other hand, summarizes the percentage deviations of the six

TS solutions for minimizing the total flow time for each level of the experimental

factors.

Table 8.11. Average Percentage Deviations of TS Solutions from the Lower
Bounds for Each Combination of the Experimental Factors (Total Flow Time)

ASTHI NM Sizes Type TS1 TS2_[_TS3 TS4_]_TS5_}_TS6

180 2 S/M 1 1.40 1.06 1.22 1.06 1.06 1.06

2 0.76 0.37 0.76 0.76 0.37 0.37

L 1 9.99 8.47 8.98 8.47 8.47 8.47

2 8.22 7.10 7.55 7.13 7.10 7.10

3 S/M 1 4.60 3.87 4.17 3.87 3.87 3.87

2 1.63 0.72 0.72 0.72 0.72 0.72

L 1 11.97 10.28 11.09 10.30 10.28 10.28

2 8.62 6.33 6.99 6.91 6.33 6.33

30 2 S/M 1 2.90 2.64 2.90 2.64 2.64 2.64

2 2.19 2.19 2.19 2.19 2.19 2.19

L 1 6.66 6.43 6.49 6.40 6.40 6.40

2 5.19 3.22 4.31 3.25 3.22 3.22

3 S/M 1 2.99 2.83 2.75 2.00 2.64 2.10

2 1.91 1.73 1.80 1.73 1.73 1.73

L 1 7.61 6.89 7.33 6.88 6.87 6.87

2 5.07 3.95 4.00 3.95 3.95 3.95

Overall Average 5.15 4.25 4.58 4.27 4.24 4.20

f NM: The number of machines
S/M: small/medium size, L: large size
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Table 8.12. Average Percentage Deviations of TS Solutions for Each Level of
the Experimental Factors (Total Flow Time)

Factor Level TS1 TS2_]_TS3 TS4 TS5_[_TS6 Overall

180 5.90 4.78 5.18 4.90 4.78 4.78 5.05
ASTH

30 4.32 3.71 3.97 3.63 3.71 3.64 3.83

2 4.67 3.94 4.30 3.99 3.93 3.93 4.13
m

3 5.55 4.57 4.86 4.55 4.57 4.48 4.75

S/M 2.30 1.90 2.06 1.87 1.90 1.84 1.98
Sizet

L 7.92 6.59 7.09 6.66 6.58 6.58 6.90

1 6.02 5.30 5.62 5.20 5.29 5.21 5.43
Type

2 4.20 4.19 3.54 3.33 3.20 3.20 3.45

m: The number of machines
S/Mr small/medium size, L: large size

The following observations are made regarding the summary of the results.

Although the overall average percentage deviations of all six TS heuristics are

close to each other, TS heuristics incorporating variable tabu list size (TS2, TS5,

and TS6) and TS4, which uses fixed tabu list size and long term memory with

diversification, seem to consistently dominate TS1 and TS3. The simplest TS

heuristic, TS1, has the worst average percentage deviation as expected. There is

a clear distinction between the percentage deviations of small/medium and large

size problems. As anticipated, the percentage deviations increase as the size of the

problems increase. The type of a problem also seems to have a profound effect on

the percentage deviation; the average percentage deviation of the type 1 problems

is higher than that of the type 2 problems. This is also anticipated since type 2

problems only have one or two individual board types per board group, while in

type 1 problems there are three to five individual board types per board group.

Therefore, the size of a type 1 problem is larger than that of a type 2 problem,
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even if the number of board types are the same in both problems. The average

percentage deviation of the TS solutions from the lower bounds is only slightly

higher for three-machine problems than for the two-machine problems. The effect

of the average setup time per feeder, ASTH, factor also seems to be significant.

The percentage deviations increase as ASTH is increased from 30 seconds to 180

seconds. This may be because of the fact that the range of the completion times

of the new columns to be generated during the column generation/B&P algorithm

depends on the magnitudes of the setup and run times on the machines, and the

number of columns need to be generated increase as the range of the completion

times increase. Most importantly, though, the LP-relaxation of MILP1 is much

tighter when ASTH is 30 seconds than it is 180 seconds for both minimizing the

total flow time and the makespan. Since the proposed lower bounds are as good

as the LP-relaxation values of MILP1, they are much better when ASTH is 30

seconds (refer to Figure 8.8 on page 203 for a detailed explanation on this subject).

Rigorous statistical analyses are performed to test the validity of these

observations. Since all the assumptions of ANOVA seem to be satisfied (refer

to Appendix D.3 for model adequacy checking), the analysis is carried out with

ANOVA to determine which of the experimental factors are statistically significant

and which are not. Table 8.13 presents the results of ANOVA.

As expected, the main effect of the problem type (PT) and problem size

(PT) factors are found to be significant. The main effect of the number of ma-

chines factor (NM) and all the other interactions of the whole plot factors are not

statistically significant. In the subplot level, the main effects of the subplot fac-

tors ASTH and TS are both significant. Also, the interaction terms PS x ASTH

PS x TS, and PT x PS x TS are found to be significant.
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Table 8.13. ANOVA Results for Tabu Search versus Lower Bounds (Total Flow
Time)

Source
Sum of
Squares

Degrees of
Freedom

Mean
Square F-value p-value

Whole Plot
PT 388.111 1 388.111 10.12 0.0040
PS 2332.630 1 2332.630 60.85 <0.0001
NM 37.419 1 37.419 0.98 0.3330
PTxPS 46.977 1 46.977 1.23 0.2793
PTxNM 44.356 1 44.356 1.16 0.2928
PSxNM 0.138 1 0.138 0.00 0.9527
PTxPSxNM 0.564 1 0.564 0.01 0.9045
D(PTxPSxNM) 920.035 24 38.335
Subplot
ASTH 138.132 1 138.132 4.58 0.0427
TS 45.224 5 9.045 53.70 <0.0001
ASTHxTS 1.797 5 0.359 2.24 0.0547
PSxASTH 336.170 1 336.170 11.15 0.0027
PTxASTH 5.595 1 5.595 0.19 0.6705
NMxASTH 26.026 1 26.026 0.86 0.3622
PTxTS 0.535 5 0.107 0.64 0.6729
PSxTS 12.538 5 2.508 14.84 <0.0001
NMxTS 1.313 5 0.263 1.56 0.1771
PTxPSxASTH 14.057 1 14.057 0.47 0.5013
PTxNMxASTH 32.977 1 32.977 1.09 0.3061
PSxNMxASTH 16.356 1 16.356 0.54 0.4686
PTxPSxTS 2.627 5 0.525 3.12 0.0111
PTxNMxTS 0.983 5 0.197 1.17 0.3296
PSxNMxTS 0.770 5 0.154 0.91 0.4746
PTxASTHxTS 0.465 5 0.093 0.58 0.7151
PSxASTHxTS 0.324 5 0.065 0.40 0.8456
NMxASTHxTS 1.117 5 0.223 1.39 0.2321
PTxPSxNMxASTH 0.032 1 0.032 0.00 0.9744
PTxPSxNMxTS 0.983 5 0.197 1.17 0.3292
PTxPSxASTHxTS 1.141 5 0.228 1.42 0.2212
PTxNMxASTHxTS 0.738 5 0.148 0.92 0.4704
PSxNMxASTHxTS 1.152 5 0.230 1.44 0.2163
PTxPSxNMxASTHxTS 1.558 5 0.312 1.94 0.0924
ASTHxD(PTxPSxNM) 723.785 24 30.158
TSxD(PTxPSxNM) 20.213 120 0.168
ASTHxTSxE(PTxPSxNM) 19.26 120 0.160
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When comparing more than two means, ANOVA indicates whether the

means are significantly different from each other, but does not indicate which

means actually differ. The significance identified by ANOVA output results in

the need to further conduct analysis to determine which pairs or groups of TS

heuristics are statistically different in terms of the percentage deviations of their

solutions from the lower bounds. Over all the levels of the experimental factors,

Table 8.14 presents the estimates of the percentage deviations of each TS heuristic

with the corresponding 95% confidence intervals and groups of TS heuristics as

identified by Tukey's studentized range test [95]. Any two heuristics in the same

homogenous group cannot be distinguished from each other. As observed, TS1 and

TS3 are statistically the same while TS2TS6 also cannot be distinguished. Note

that, although statistically not different from TS2TS5, the average percentage

deviation of the TS6 solutions is numerically minimal.

Table 8.14. Average Percentage Deviations of TS Solutions and Homogenous
Groups (Total Flow Time)

TS

Heuristic

Mean

PD

95% CI for

Mean PD
Homogenous

Groups

TS6 4.20 [3.54, 4.86] .

TS5 4.24 [3.59, 4.90] .

TS2 4.25 [3.59, 4.91] .

TS4 4.26 [3.60, 4.92]

TS3 4.58 [3.91, 5.22] t
TS1 5.15 [4.49, 5.80]

t TS heuristics with a . mark in the same column are
statistically not different.

Observe in the ANOVA table that two interaction terms, PS x TS and

PT x PS x TS, are found to be significant. Thus, the highest order significant
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interaction term that includes the TS factor is PT x PS x TS. Since the most

important experimental factor of interest is the TS factor, further analysis is per-

formed to identify any differences among the six TS heuristics over the effect slices

of this interaction term. As presented in Table 8.15, the TS heuristics are signifi-

cantly different when large size problems with both types, and small/medium size

problems of type 1 are considered.

Table 8.15. Tests of Slice Effects for Differences Among the Levels of TS (Total
Flow Time)

Effect PS PTt Ndf Ddf 1iJFvalue p-value

Large Type 1 5 120 21.85 <0.0001

Small/Med. Type 1 5 120 7.18 <0.0001PTxPSxTS
Large Type 2 5 120 42.32 <0.0001

Small/Med. Type 2 5 120 0.99 0.4266

t PT: Problem Type, PS: Problem Size (large, small/medium)
Ndf: Numerator degrees of freedom, Ddf: Denominator degrees of freedom

Since significant differences are found, multiple comparisons, using Tukey's

studentized range test, are performed for the combinations of the problem size

(PS) and problem type (PT) factors. Table 8.16 presents the estimates of the

percentage deviations of the TS heuristics for all four combinations of these factors.

The TS heuristics with a '.' mark in the same row are statistically not different.

For example, for large size problems of type 1, TS2-TS6 cannot be statistically

distinguished. TS1 in this case is statistically inferior than the remaining five TS

heuristics. In general, the numerical value of the percentage deviation is smaller

when variable tabu list sizes and long term memory components are used (TS2-

TS6).
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Table 8.16. Percentage Deviations and Homogenous Groups of TS Heuristics
for Different Problem Sizes and Types (Total Flow Time)

PS PT TS1 TS2 TS3 [ TS4 TS5 [ TS6
S

Large Typel
9.18 8.00 8.44 7.99 7.99 7.99

S

Small/Med. Type 1

_____________________ 3.13 2.55 2.76 2.39 2.55 2.41

.

Large Type 2
. .

. .

6.86 5.20 5.70 5.30 5.14 5.14

[mall/Med. Type 2
ft

j

. . r

[1.251.51 _1.25 1.37 1.35 1.25

t TS heuristics with a. mark in the same row are statistically not different.

In summary, TS1, which is the simplest TS heuristic using a fixed tabu list

size and no long-term memory component, and TS3, which uses a fixed tabu list

size and long-term memory based on LTM-max, are consistently dominated by

the other TS heuristics. That is, there is strong evidence that using variable tabu

list size and long-term memory based on LTM-min to diversify the search have a

strong impact on the quality of the solutions obtained by the TS heuristics. The

differences between these two groups of TS heuristics are pronounced more for

large size (and type 1) problems. This is expected since the solution space of the

problem grows exponentially with the size of the problem in terms of the number

of board groups and individual board types within groups. Variable tabu list sizes

provide a more powerful means to scan the solution space for better solutions, as

TS2 is found to be significantly better than TS1. The only difference between the

two heuristics is that TS1 uses fixed tabu list size and TS2 uses variable tabu list



size, and both heuristics do not employ any long term memory component. The

variable tabu list size provides more flexibility for searching the solution space,

while using long term memory based on LTMmin easily shifts the search to the

regions of the solution space that have not been visited before. Therefore, the

chances of finding better solutions increase, especially when variable tabu list

size and long term memory based on LTMmin are employed simultaneously as

in TS6 (TS6 has the minimal percentage deviation value in almost all cases).

Using long term memory based on LTMmax only deepens the search within the

regions visited previously, and as the solution space enlarges, it is likely that better

solutions can be found at other regions of the solution space.

Naturally, incorporation of variable tabu list sizes and/or long term mem-

ory components requires additional computational effort. Therefore, the simplest

TS heuristic, TS1, is computationally the least demanding. TS3, for instance, in-

corporates long term memory based on LTMmax and performs two more restarts

to further search the solution space. Therefore, TS3 requires more computation

time compared to TS1. However, each restart may and most likely take a dif-

ferent amount of time to complete because of the stopping criteria employed. For

instance, the search stops when the best solution cannot be improved for a certain

number of iterations. It is likely that the later restarts take shorter amounts of

time since the best solution found so far keeps improving, reducing the chances

of finding even better solutions later in the search process. In sum, the compu-

tational effort demanded by each TS heuristic differs. Table 8.17 presents the

average computation time of each TS heuristic for each combination of the other

experimental factors. As expected, the computation times are higher for large size

problems. As the number of groups increase, so does the number of possible se-

quences, which are generated, evaluated, and compared by the heuristics. There is
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a clear difference between the computation times for type 1 and type 2 problems.

Since there are more individual board types within groups in type 1 problems,

inside tabu search (that tries to find better sequences of individual board types

within the groups) takes longer for type 1 problems. In general, the computation

time of the heuristics are a little bit higher for threemachine problems than for

twomachine problems. For the same number of board groups and board types

within groups, the number of possible sequences are the same implying that the

heuristics have similar power to search the solution space of both problems. How-

ever, each sequence has to be evaluated over three machines rather than two,

which increases the computation time.

Observe in Table 8.17 that the computation times required of TS2, T55,

and TS6 are higher than that of the other three heuristics. TS2, TS5, and TS6 all

use variable tabu list sizes. Using variable tabu list sizes increases the computation

time since after reducing or increasing the tabu list size, the number of iterations

without improvement is reset to 0 to give the heuristic more chance to identify

better solutions with the modified tabu list size. Consequently, it takes longer

for TS2, TS5, and TS6 to stop the search. Additionally, in contrast with TS2,

heuristics TS5 and TS6 restart the process two more times; hence the difference

in the computation times.

Since, in general, there is not a statistically significant difference in the

percentage deviations of TS2TS6, TS3 seems to be the best choice since it has

the minimal computation time. However, TS3 was significantly inferior than TS2,

TS4, TS5, and TS6 for certain problem structures such as large size problems

of type 2 (refer to Figure 8.16). As observed in the analysis of the experiments,

TS2, TS4, T55, and TS6 cannot be statistically distinguished for any of the

problem structures. Therefore, it is concluded that TS4, with a smaller average
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Table 8.17. Average Computation Times (in seconds) of TS Solutions (Total
Flow Time)

[ASTHI NMf} Sizes Type f_TS1_[_TS2 TS3 TS4 TS5 TS6

180 2 S/M 1 0.14 5.62 1.71 2.73 7.02 6.98

2 0.02 0.55 0.14 0.26 0.84 0.88

L 1 0.66 20.47 8.86 21.75 40.31 41.79

2 0.23 5.16 0.93 2.04 6.43 6.42

3 S/M 1 0.14 6.61 3.43 5.08 8.33 8.80

2 0.06 0.45 0.16 0.23 0.89 0.95

L 1 0.50 18.11 7.61 22.73 31.33 32.02

2 0.28 5.60 1.02 3.34 7.16 7.17

30 2 S/M 1 0.10 4.79 1.06 2.06 6.83 7.20

2 0.04 0.45 0.15 0.25 0.76 0.80

L 1 0.58 23.02 3.47 36.90 54.24 55.04

2 0.13 4.71 0.98 2.41 6.44 6.52

3 S/M 1 0.25 11.81 1.85 5.12 20.55 22.13

2 0.06 0.46 0.21 0.18 0.84 0.85

L 1 0.86 20.19 7.02 19.16 40.94 42.28

2 0.29 5.55 1.70 2.75 7.99 8.26

Overall Average 0.27 f_8.35 2.52 7.94 115.06 15.51

NM: The number of machines
S/M: small/medium size, L: large size

computation time, is the TS heuristic that should be employed for the kinds of

scheduling problems addressed here.

The other most important experimental factor of interest is the ASTH fac-

tor, which significantly affects the percentage deviation of the TS heuristics. Over

all problem structures, the percentage deviations are estimated to be 3.83% and

5.05% when ASTH is 30 and 180 seconds, respectively. In general, the percent-
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age deviation of the TS heuristics seem to increase as ASTH is changed from 30

seconds to 180 seconds.

Observe in the ANOVA table that the only significant interaction term

that includes ASTH is the PS x ASTH. Therefore, additional insight is provided

by the tests performed to identify any differences between the levels of the ASTH

factor on the percentage deviation of the TS heuristics over the effect slices of

this interaction. Table 8.18 presents the estimates of the percentage deviations of

the TS heuristics for the two levels of ASTH separately for each slice (for each

problem size).

Table 8.18. Tests of Slice Effects for Differences Among the Levels of ASTH
(Total Flow Time)

ASTH
PS

Large
5.37 8.45

[Small/Medium

The numerical value of the percentage deviation is smaller when ASTH=30

seconds. As presented in the same table, the differences are significant only when

large size problems are considered. This may be because of the fact that the

range of the completion times of the new columns to be generated by the column

generation/B&P algorithm depends on the magnitudes of the setup and run times

on the machines, and the number of columns need to be generated increase as

the range of the completion times increase. Most importantly, though, the LP-

relaxation of MILP1 is much tighter when ASTH is 30 seconds than it is 180



seconds. For the same problem data, the gap between the optimal solution and the

LP-relaxation lower bound is generally much higher for ASTH=180 seconds than

it is for ASTH=30 seconds. In other words, the LP-relaxation value of MILP1

is much closer to the optimal solution (hence closer to an an upper bound) when

ASTH=30 seconds. This issue is discussed in the next section in detail (refer to

Figure 8.8 on page 203). Since the proposed lower bounds are as good as the

LP-relaxation values of MILP1, they are much better when ASTH is 30 seconds.

Minimizing the Makespan

Table 8.19 summarizes the percentage deviations of the six TS solutions

for minimizing the makespan for each combination of the experimental factors.

Table 8.20, on the other hand, summarize the percentage deviations of the six

TS solutions for minimizing the total flow time for each level of the experimental

factors.

As in the case of minimizing the total flow time, although the overall

average percentage deviations of all six TS heuristics are close to each other, TS

heuristics incorporating variable tabu list size (TS2, TS4, and TS5) and/or long

term memory based on LTM-min (TS4 and TS6), seem to consistently dominate

TS1 and TS3. As anticipated, the percentage deviations seem to increase as the

size of the problems increase. The type of a problem also seems to have a profound

effect on the percentage deviation; the average percentage deviation of the type I

problems is higher than that of the type 2 problems (type 2 problems oniy have one

or two individual board types per board group, while in type 1 problems there

are three to five individual board types per board group). Again, the average

percentage deviation of the TS solutions from the lower bounds is only slightly
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Table 8.19. Average Percentage Deviations of TS Solutions from the Lower
Bounds for Each Combination of the Experimental Factors (Makespan)

ASTHmf} Sized Type TSifTS2 TS3 TS4 TS5_ITS61

180 2 S/M 1 2.27 1.15 1.78 1.04 1.15 1.15

2 2.32 1.10 1.77 1.50 1.10 1.10

L 1 10.26 8.15 8.56 8.41 8.15 8.15

2 12.51 8.14 11.54 9.08 8.14 8.14

3 S/M 1 4.12 3.26 2.96 2.85 3.26 2.60

2 3.02 1.96 2.92 1.96 1.96 1.96

L 1 12.14 11.15 11.62 11.05 11.15 11.04

2 9.23 7.29 8.06 7.29 7.29 7.29

30 2 S/M 1 1.29 0.98 1.29 1.04 0.98 0.98

2 1.04 0.78 1.04 0.59 0.78 0.78

L 1 7.28 7.10 7.20 7.18 7.10 7.10

2 5.99 5.00 5.51 5.00 5.00 5.00

3 S/M 1 3.82 2.61 2.99 2.50 2.61 2.61

2 1.66 1.61 1.66 1.66 1.61 1.61

L 1 9.04 8.89 8.92 8.94 8.89 8.86

2 5.22 5.07 5.12 5.02 5.07 5.07

Overall Average
fi_5.69 4.64_[_5.18_{_4.69 4.64_J_4.59

m: The number of machines
S/M: small/medium size, L: large size

higher for three-machine problems than for the two-machine problems. The effect

of the average setup time per feeder, ASTH, factor also seems to be significant;

the percentage deviations increase as ASTH is increased from 30 seconds to 180

seconds.

Rigorous statistical analyses are performed to identify factors that signif-

icantly affect the percentage deviations. Since all the assumptions of ANOVA



Table 8.20. Average Percentage Deviations of TS Solutions for Each Level of
the Experimental Factors (Makespan)

Factor Level TS1 TS2_}_TS3 T54_[_TS5 TS6 Overall

180 6.98 5.27 6.15 5.40 5.27 5.18 5.71
ASTH

30 4.42 4.00 4.22 3.99 4.00 4.00 4.11

2 5.37 4.05 4.84 4.23 4.05 4.05 4.43
m

3 6.03 5.23 5.53 5.16 5.23 5.13 5.38

S/M 2.44 1.68 2.05 1.64 1.68 1.60 1.85
Sizes

L 8.96 7.60 8.32 7.75 7.60 7.58 7.97

1 6.28 5.41 5.66 5.38 5.41 5.31 5.57
Type

2 5.12 3.87 4.70 4.01 3.87 3.87 4.24

m: The number of machines
S/M: small/medium size, L: large size

seem to be satisfied (refer to Appendix D.3 for model adequacy checking), the

analysis is carried out with ANOVA and the results are presented in Table 8.21

on the next page.

As expected, the main effect of the problem size factor (PS) is found to

be significant. Surprisingly, although suggestive (p-value is 0.0609), the main

effect of the problem type factor (PT) is not significant at a significance level of

0.05. The main effect of the number of machines factor (NM) and all the other

interactions of the whole plot factors are not significant, either. The main effects

of the subplot factors ASTH and TS, and the interaction terms ASTH x TS,

PS x ASTH, PT x PS x TS, PT x ASTH x TS, and PS x ASTH x TS are also

found significant.



Table 8.21. ANOVA Results for Tabu Search versus Lower Bounds (Makespan)

Source
Sum of
Squares

Degrees of
Freedom

Mean
Square F-value p-value

Whole Plot
PT 170.187 1 170.187 3.87 0.0609
PS 3583.515 1 3583.515 81.43 <0.0001
NM 86.431 1 86.431 1.96 0.1739
PTxPS 54.964 1 54.964 1.25 0.2748
PTxNM 106.134 1 106.134 2.41 0.1335
PSxNM 10.501 1 10.501 0.24 0.6296
PTxPSxNM 31.510 1 31.510 0.72 0.4058
D(PTxPSxNM) 1056.203 24 44.008
Subplot
ASTH 246.048 1 246.048 10.97 0.0029
TS 62.945 5 12.589 30.79 <0.0001
ASTHxTS 23.431 5 4.686 12.85 <0.0001
PSxASTH 118.481 1 118.481 5.28 0.0305
PTxASTH 21.113 1 21.113 0.94 0.3415
NMxASTH 0.831 1 0.831 0.04 0.8490
PTxTS 4.288 5 0.858 2.10 0.0704
PSxTS 4.277 5 0.855 2.09 0.0710
NMxTS 4.458 5 0.892 2.18 0.0607
PTxPSxASTH 8.857 1 8.857 0.40 0.5356
PTxNMxASTH 10.534 1 10.534 0.47 0.4996
PSxNMxASTH 0.838 1 0.838 0.04 0.8483
PTxPSxTS 6.041 5 1.208 2.96 0.0149
PTxNMxTS 2.740 5 0.548 1.34 0.2520
PSxNMxTS 5.006 5 1.001 2.45 0.0376
PTxASTHxTS 4.767 5 0.953 2.61 0.0279
PSxASTHxTS 6.030 5 1.206 3.31 0.0078
NMxASTHxTS 2.969 5 0.594 1.63 0.1576
PTxPSxNMxASTH 10.976 1 10.976 0.49 0.4909
PTxPSxNMxT5 2.836 5 0.567 1.39 0.2338
PTxPSxASTHxTS 0.517 5 0.103 0.28 0.9212
PTxNMxASTHxTS 0.679 5 0.136 0.37 0.8666
PSxNMxASTHxTS 1.003 5 0.201 0.55 0.7380
PTxPSxNMxASTHxTS 2.858 5 0.572 1.57 0.1745
ASTHxD(PTxPSxNM) 538.102 24 22.421
TSxD(PT<PSxNM) 49.064 120 0.409
ASTHxTSxE(PTxPSxNM) 43.757 120 0.365
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The significance identified by the ANOVA output results in the need to

further conduct analyses to determine which pairs or groups of TS heuristics are

statistically different in the percentage deviations of their solutions from the lower

bounds. Over all the levels of the experimental factors, Table 8.22 presents the

estimates of the percentage deviations of each TS heuristic with the corresponding

95% confidence intervals and groups of TS heuristics as identified by Tukey's stu-

dentized range test [95]. Any two heuristics in the same homogenous group cannot

be distinguished from each other. As observed, TS1 is statistically different from

all the other TS heuristics. Similarly, TS3 is significantly different from the other

TS heuristics, while TS2, TS4, TS5, and TS6 form another homogenous group.

Note that, the average percentage deviation of the TS6 solutions is numerically

minimal, although the difference is not statistically different from either of T52,

TS4, or TS5.

Table 8.22. Average Percentage Deviations of TS Solutions and Homogenous
Groups (Makespan)

TS

Heuristic

Mean

PD
95% CI for

Mean PD
Homogenous

Groups

TS6 4.58 [3.87, 5.30]

TS5 4.63 [3.92, 5.34] .

TS2 4.63 [3.92, 5.34]

TS4 4.68 [3.97, 5.40] .

TS3 5.17 [4.46, 5.88] .t
TS1 5.69 [4.98, 6.40] .

TS heuristics with a . mark in the same column are statistically
not different.

Observe in the ANOVA table that the highest order significant interaction

terms that include the TS factor are PT x PS x TS, PT x ASTH x TS, and



PS x ASTH xTS. Since the most important experimental factor of interest is

the TS factor, further analysis is performed to identify any differences among the

six TS heuristics over the effect slices of these interaction terms. As presented in

Table 8.23, the TS heuristics are significantly different when ASTH is 180 seconds

with both large and small/medium size problems. Also, the difference is significant

when ASTH is 180 seconds for both type 1 and type 2 problems.

Table 8.23. Tests of Slice Effects for Differences Among the Levels of TS
(Makespan)

Effect PS PT ASTH Ndf Ddf IIF-value p-value

Large Type 1 5 120 4.47 0.0009

Large Type 2 5 120 24.18 <0.0001PSxPTxTS
Small/Med. Type 1 5 120 5.99 <0.0001

Small/Med. Type 2 5 120 3.29 0.0800

Large 30 5 239 0.93 0.4628

Large 180 5 239 38.32 <0.0001
PSxASTHxTS

Small/Med. 30 5 239 1.65 0.1467

Small/Med. 180 5 239 9.09 <0.0001

Type 1 30 5 239 1.45 0.2064

Type 1 180 5 239 12.07 <0.0001PTxASTHxTS
Type 2 30 5 239 1.10 0.3593

Type 2 180 5 239 34.72 <0.0001

t PT: Problem Type, PS: Problem Size (large, small/medium), ASTH: Avg. setup time
per feeder on HSPM
Ndf: Numerator degrees of freedom, Ddf: Denominator degrees of freedom

Since significant differences are found, multiple comparisons, using Tukey's

studentized range test, are performed for the combinations of the problem size

(PS) and problem type (PT) factors. Table 8.24 presents the estimates of the

percentage deviations of the TS heuristics for all four combinations of these factors.
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Table 8.24. Percentage Deviations and Homogenous Groups of TS Heuristics
for Different Levels of PS, PT, and ASTH Factors (Makespan)

PS PT TS1 TS2] TS3 TS4 TS5 TS6

Large Typel S
9.69 8.81 9.06 8.88 8.81 8.78

.

Small/Med. Typel
2.87 2.00 2.25 1.85 1.99 1.83

S

Large Type2
8.23 6.37 7.54 6.59 6.37 6.37

Small/Med. Type2 2.01 1.35 184 1.42 1.35 1.35

PS ASTH1J TS1 TS2_J TS3[ TS4 TS5 [TS61
Large 30 6.87 6.51 6.68 6.52 6.5 6.5

S

Large 30
.

11 8.67 9.92 8.94 8.67 8.65

Small/Med. 180 1.94 1.49 1.73 1.44 1.49 1.49

S

Small/Med. 180
2.93 1.86 2.35 1.83 1.86 1.71

PT ASTi1I T1 2 TS3 [TS4 TS5f']
Type 1 30 5.34 4.89 5.09 4.9 4.89 4.89

S

Typel 180 5 5
7.18 5.92 6.22 5.82 5.92 5.73

Type 2 30 3A7 3.11 3.33 3AJ6 3.12 3.12
S

Type2 180
6.75 4.62 6.05 4.94 4.62 4.62

TS heuristics with a. mark in the same row are statistically not different.
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In Table 8.24, the TS heuristics with a '.' mark in the same row are

statistically not different. For example, for large size problems of type 1, TS2

TS6 cannot be statistically distinguished. In this case, TS1 and TS3 cannot be

distinguished, either. In general, significant differences among the TS heuristi

are observed as the problem size increases. For instance, there are profound

differences for large size and type 1 problems. However, the number of groups in

the problems (i.e., type of the problems) seem to affect the percentage deviation

even for small/medium size problems. This is most likely due to the fact that the

quality of the lower bound from the column generation/B&P algorithm is better

when the number of board types per board group is small, since the subproblerns

in such a case can be solved much quicker. In addition, as the problem size

increases, the number of possible sequences increases and it becomes less likely

to identify better solutions with tabu search if the advanced features such as the

variable tabu list size and/or long term memory components are not used.

In summary, as in the case of minimizing the total flow time, TS1 and TS3

are consistently dominated by the other TS heuristics. This indicates that using

variable tabu list size and longterm memory based on LTMmin to diversify the

search have a strong impact on the quality of the solutions obtained by the TS

heuristics. The differences between the TS heuristics are pronounced more for

large size (and type 1) problems for the same reasons discussed for minimizing

the total flow time.

The average computation time of each TS heuristic for each combination

of the other experimental factors is presented in Table 8.25. As in the case of

minimizing the total flow time, the computation times are higher for large size

problems. As the number of groups increase, so does the number of possible

sequences, which are generated, evaluated, and compared by the heuristics. There
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Table 8.25. Average Computation Times (in seconds) of TS Solutions
(Makespan)

ASTH NMtJ SizeI Type TS1 TS2_]_TS3 TS4 TS5 TS6

180 2 S/M 1 0.14 5.62 1.71 2.73 7.02 6.98

2 0.02 0.55 0.14 0.26 0.84 0.88
L 1 0.66 20.47 8.86 21.75 40.31 41.79

2 0.23 5.16 0.93 2.04 6.43 6.42
3 S/M 1 0.14 6.61 3.43 5.08 8.33 8.80

2 0.06 0.45 0.16 0.23 0.89 0.95
L 1 0.50 18.11 7.61 22.73 31.33 32.02

2 0.28 5.60 1.02 3.34 7.16 7.17

30 2 S/M 1 0.10 4.79 1.06 2.06 6.83 7.20

2 0.04 0.45 0.15 0.25 0.76 0.80

L 1 0.58 23.02 3.47 36.90 54.24 55.04

2 0.13 4.71 0.98 2.41 6.44 6.52

3 S/M 1 0.25 11.81 1.85 5.12 20.55 22.13
2 0.06 0.46 0.21 0.18 0.84 0.85

L 1 0.86 20.19 7.02 19.16 40.94 42.28

2 0.29 5.55 1.70 2.75 7.99 8.26

Overall Average 0.27 8.35 2.52 7.94 [15.06 15.51

NM: The number of machines
S/M: small/medium size, L: 'arge size

is a clear difference between the computation times for type 1 and type 2 problems.

Since there are more individual board types within groups in type 1 problems,

inside tabu search (that tries to find better sequences of individual board types

within the groups) takes longer for type 1 problems. In general, the computation

time of the heuristics are a little bit higher for three-machine problems than

for two-machine problems. For the same number of board groups and board

types within groups, the number of possible sequences are the same implying that
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the heuristics have similar power to search the solution space of both problems.

However, each sequence has to be evaluated over three machines rather than two,

which increases the computation time.

Since, in general, there is not a statistically significant difference in the

percentage deviations of TS2TS6, TS3 seems to be the best choice since it has

the minimal computation time. However, TS3 was significantly inferior than TS2,

TS4, TS5, and TS6 for certain problem structures such as large size problems

of type 2 (refer to Figure 8.24). As observed in the analysis of the experiments,

TS2, T54, TS5, and T56 cannot be statistically distinguished for any of the

problem structures. Therefore, it is concluded that TS4, with a smaller average

computation time, is the TS heuristic that should be employed for the kinds of

scheduling problems addressed here.

The other most important experimental factor of interest is the ASTH fac-

tor, which significantly affects the percentage deviation of the TS heuristics. Over

all problem structures, the percentage deviations are estimated to be 4.10% and

5.70% when ASTH is 30 and 180 seconds, respectively. In general, the percent-

age deviation of the TS heuristics seem to increase as ASTH is changed from 30

seconds to 180 seconds.

Observe in the ANOVA table that the significant interaction terms that

include ASTH are the PS x ASTH, PS x ASTH x TS, and PT x ASTH x TS

terms. The last two terms are not much of an interest since the primary interest

is to identify any differences among the TS heuristics, if possible, over the levels

of the other factors, not the other way around. Therefore, additional insight is

provided by the tests performed to identify any differences between the levels

of the ASTH factor on the percentage deviation of the TS heuristics over the

effect slices of the PS x ASTH interaction. Table 8.26 presents the estimates
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of the percentage deviations of the TS heuristics for the two levels of ASTH

separately for each slice (for each problem size). As presented in the same table,

the differences are significant only when large size problems are considered. As

in the case of minimizing the makespan, this may be because of the fact that

the range of the completion times of the new columns to be generated during

the column generation/BP algorithm depends on the magnitudes of the setup

and run times on the machines, and the number of columns need to be generated

increase as the range of the completion times increase. Most importantly, the

LPrelaxation of MILP1 is much tighter when ASTH is 30 seconds than it is 180

seconds (refer to Figure 8.8 on page 203). Since the proposed lower bounds are as

good as the LPrelaxation values of MILP1, they are much better when ASTH is

30 seconds.

Table 8.26. Tests of Slice Effects for Differences Among the Levels of ASTH
(Makespan)

1ASTH
' JI2!I

S

.Large
6.60 9.31

S
Small/Medium

J

Also observe that the percentage deviations are better for minimizing the

total flow time than for minimizing the makespan, but the difference is very small.

First, the TS heuristics terminate the search when the number of iterations with-

out improvement reaches a predefined limit. When minimizing the makespan,

different but similar sequences of board types may have the same makespan value,
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since, for example, swapping two adjacent board types in the same board group

can still produce the same makespan for the new sequence. Such a change would

immediately change the mean/total flow time of such a sequence. Therefore, in

the case minimizing the makespan, the TS heuristics may actually be producing

different sequences but the best solution found may not be improved much and

the heuristics may terminate earlier, even though the limit on the number of iter-

ations without improvement was determined appropriately. Note that, especially

TS1 has inferior percentage deviations from the lower bounds since it is the sim-

plest TS heuristic. The impacts of variable tabu list sizes and longterm memory

components in the TS heuristics seem to be pronounced more due to the same

reason. Second, recall from the previous chapter that in the case of minimizing

the makespan, the individual board types within board groups do not necessarily

follow the shortest processing rule in an optimal solution to the last subproblem,

SP(m), even when the dual variables are appropriately bounded between 1 and 0.

Hence, SP(m) generally takes longer to solve and, in such cases, the lower bound

could not be improved a lot within the fivehour time limit. However, most of

the time, SP(m) could be skipped and tight lower bounds are obtained. Most

importantly, the LPrelaxation of MILP1 is generally tighter with the objective

of minimizing the makespan than minimizing the total flow time (this issue is

discussed in detail in the next section). Since the proposed lower bounds are as

good as the LPrelaxation value of MILP1, they are better with the objective of

minimizing the makespan. On the average, this alleviates the poor approximation

due to the difficulty in solving the last subproblem and the percentage deviations

for minimizing the total flow time and the makespan are not much different.
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8.4.4. MILP1 and MILP3 Performance

The problems generated for the experiments are attempted to be solved

with MILP1 and MILP3 formulations using state-of-the-art optimization package

CPLEX. All the small/medium and large size problems have been tried to be

solved with MILP1. However, as mentioned earlier, MILP3 cannot be used to

solve large size problems because of limited computing memory. Hence, only

small/medium size problems have been attempted with MILP3. As anticipated,

large size problems, and even some of the small/medium size problems could not

be solved optimally with either of the two formulations within the five-hour limit.

Detailed results regarding the performance of MILP1 and MILP3 on solving the

problems are presented in Appendix D.4.

Tables 8.27 and 8.28 below summarize the number of problems attempted

with MILP1 and MILP3, respectively, the number of problems that could be

solved optimally, the number of problems for which a feasible solution could be

identified but its optimality could not be proven within five hours, and the number

of problems for which no feasible solution could be identified within the five-hour

limit. The percentages of these figures are also presented.

Majority of the small/medium size problems could be solved optimally

for both measures of performance by MILP1 aid MILP3. MILP1 was able to

optimally solve 65.6% of the small/medium size total flow time minimization

problems, and 62.5% of the small/medium size makespan minimization problems.

However, MILP1 was not able to identify even a feasible solution to one-fourth

of such problems. On the other hand, the performance of MILP1 is remarkably

inferior for large size problems. None of the large size problems could be optimally

solved within the five-hour limit for both minimizing the makespan and the total
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Table 8.27. Performance of MILP1 on Solving Small/Medium and Large Size
Problems

Total Flow Time Makespan

Size ASTH Number of Problems Number of Problems
Total) Optimal [Feasible Infeas. Total] Optimal I Feasible I Infeas.

S/Mt
180

30

16

16

11

10

1

2

4

4

16

16

10

10

3

2

3

4

Total 32 21 3 8 32 20 5 7

Percentage 100 65.6 9.4 25.0 100 62.5 15.6 21.9

L
180

30

16

16

0

0

4

6

12

10

16

16

0

0

3

3

13

13

Total 32 0 10 22 32 0 6 26

Percentage 100 0.0 31.3 68.7 100 0.0 18.8 81.3

S/M: small/medium size, L: large size
Infeasible: Number of problems found infeasible within five hours.

flow time. MILP1 could not identify a feasible solution for the majority of the

problems. For minimizing the total flow time, MILP1 identified a feasible solution

to only 31.3% of the problems; the same figure is only 18.8% when the objective

was minimizing the makespan.

Similarly, MILP3 was able to optimally solve 68.8% of the small/medium

size total flow time minimization problems. Contrastingly, though, 93.8% of the

small/medium size makespan minimization problems have been optimally solved

with MILP3. In addition, small/medium problems could be solved quicker with

MILP3 than MILP1. Hence, for solving small/medium problems, MILP3 is a much

better choice than MILP1, since it can solve more of the problems optimally and

it is quicker than MILP1.
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Table 8.28. Performance of MILP3 on Solving Small/Medium Size Problems

ILTotal Flow Time Makespan

Size ASTH Number of Problems Number of Problems

I Optimal I Feasible I Infeas. Total Optimal FeasiblelInfeas.t

S/Mt

_____J{Total

180

30

16

16

11

11

5

5

0

0

16

16

15

15

1

1

0

0

Total 32 22 10 0 32 30 2 0

Percentage 100 68.8 31.3 0.0 100 93.8 6.3J 0.0

t S/M: small/medium size
Infeasible: Number of problems found infeasible within five hours.

The fact that the large size even some of the small/medium size problems

cannot be solved with either of the MILP formulations is the very reason that

TS heuristics are proposed to solve the scheduling problems addressed in this

dissertation effectively and in a timely manner. Since the proposed TS heuristics

provide extremely good quality solutions quickly, they can be used as powerful

and flexible tools to aid in the scheduling decisions in electronics manufacturing

companies.

For each problem for which a feasible solution could be identified (but its

optimality could not be verified), the detailed results in Appendix D.2 also include

the percentage gap (percentage deviation) of the feasible solution value and the

best global lower bound at the end of the five-hour limit. The percentage deviation

reported by CPLEX is quite inferior to the percentage deviation obtained by the

proposed lower bounding methods, although both were allowed to run for the same

amount of time. This also establishes the strength of the proposed B&P algorithms

over CPLEX for solving the types of problems addressed in this dissertation.



Previously in section 4.4, the proposed formulations MILP1, MILP2, and

MILP3 were compared in terms of the number of variables and constraints they

possess, their ability to solve problems of various sizes, and the strength of their

LPrelaxations. As mentioned in that section, both MILP2 and MILP3 try to

assign each board group to a slot, while the individual board types within each

group are scheduled by the constraint sets (4.2.8) and (4.2.9) in MILP2 and (4.3.8)

and (4.3.9) in MILP3. These constraint sets are not binding for an optimal solu-

tion. In general, this loosens the LPrelaxation of the formulations. However, the

fact that a binary variable is defined for each possible group sequence strengthens

the LPrelaxation of MILP3. Hence, the LPrelaxation of MILP3 is in general

much tighter than that of MILP2. MILP1, on the other hand, assigns each in-

dividual board type to a slot while making sure that the board types within the

same group are sequenced contiguously, one after the other. Hence, MILP1 does

not have any nonbinding constraint set to loosen its LPrelaxation. Therefore,

an interesting observation of the experimental results would regard to comparing

the LPrelaxations of MILP1 and MILP3. Since MILP1 and MILP3 are based on

two different modelling frameworks proposed in this dissertation for formulating

groupscheduling problems with different setup time structures such as sequence

independent or sequencedependent setup times with or without carryover, or with

no setups at all, this comparison is worth making to provide a guide for future

research on groupscheduling problems. For small/medium size problems (both

two and threemachine problems and both levels of ASTH), Figures 8.6 and 8.7

compare the LPrelaxations of MILP1 and MILP3 formulations for minimizing

the total flow time and the makespan, respectively.

With the objective of minimizing the total flow time, the LPrelaxation

of one formulation seems to be tighter than that of the other for certain types of







202

180 seconds. This is somewhat intuitive since when the setup times are smaller, the

length of a schedule becomes smaller, reducing any numerical differences between

the integer optimal solution and the LPrelaxation value. The tightness of an

LPrelaxation can be considered as the closeness of the LPrelaxation value to

the actual optimal solution. In other words, one would desire a formulation for

which the percentage deviation of the optimal solution from the LPrelaxation

value is as small as possible. For the problems generated in the experiments,

Figure 8.8 depicts the percentage deviations of the solutions identified by TS6

from the LPrelaxation values of MILP1 for the two levels of the ASTH factor.

Ideally, the percentage deviations would be compared with the actual optimal

solutions. However, the optimal solutions are not available due to the complexity

inherent in the problems. Instead, the solution identified by TS6 are used as an

upper bound. Note that, TS6 is numerically the best TS heuristic and the quality

of its solutions are extremely good as presented in the previous section.

The average percentage deviation for each case is shown as a straight line

in Figure 8.8. Observe that, for minimizing the total flow time, the LPrelaxation

is much tighter when ASTH is 30 seconds, since the percentage deviation with

respect to the LPrelaxation value is lower than when ASTH is 180 seconds

(the average percentage deviation is almost half). The same observation ap-

plies to the case with minimizing the makespan, as well. Also notice that the

LPrelaxation values are closer to the upper bound for minimizing the makespan

than for minimizing the total flow time (the deviations are smaller when minimiz-

ing the makespan). Since the column generation/B&P bound is as good as the

LPrelaxation value, better lower bounds could be obtained when ASTH was 30

seconds. Also the lower bounds were slightly better for minimizing the makespan
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The problem consists of a total of 13 board types. Three of the board types

are grouped together to form a board group, while each of the remaining 10 board

types stands as its own group. Hence, the problem is similar to a large size type 2

problem generated in the computational experiments. The PCB manufacturing

company that provided the data implemented a twomachine assembly system

that is similar to the one presented in Figure 3.1 on page 31. Machine 1 is a Fuji

CP6 highspeed chip shooter (a highspeed placement machine), while Machine 2

is a Fuji 1P3 flexible pick and place machine (a multifunction placement machine).

The average setup time per feeder on both machines is 8 seconds per feeder.

Understandably, the characteristics of these machines are slightly different from

the ones considered previously in this dissertation; hence the difference in the

average setup times per feeder values. However, the two and threemachine

assembly systems considered in this dissertation are typical to PCB assembly

processes. All the algorithms proposed in this dissertation are applicable to any

and all PCB assembly systems, as long as the componentfeeder assignments of

the board types, the run times of each of these board types on each machine

(usually computed as the cumulative time it takes to insert all the components

required of a board on the machine), and the average setup time per feeder on

each machine are provided.

Unfortunately, the company that provided the data could not provide any

information about the makespan/total flow time that would be observed for this

particular data at their production line with the scheduling method currently

in use. Typically, manufacturing companies do not keep track of the completion

times of their products; hence, no performance comparison could be made. Never-

theless, it is important to note that the proposed algorithms can easily be applied
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to different assembly systems, and large size problems encountered in the industry

can be efficiently solved.

Table 8.29 presents the computation times of the six TS heuristics for the

large size real industry problem.

Table 8.29. Computation Times (in seconds) of the TS Heuristics for the Large
Size Real Industry Problem

TS

Heuristic

Total Flow

Time
Makespan

TS1 0.156 0.093

TS2 2.421 0.843

TS3 0.421 0.265

T54 0.703 0.359

TS5 3.281 1.187

TS6 3.621 1.187

For minimizing the total flow time, the column generation/B&P algorithm

identified a lower bound of 48456 in 5 hours. Table 8.30 presents the solutions

identified by each of the six TS heuristics and their percentage deviations from

this lower bound.

As observed, TS2, T54, T55, and TS6 all identified the same sequence of

board groups and board types with a total flow time of 51459. The percentage

deviation of this solution from the lower bound is 6.20%. In the absence of any re-

sults from the company for benchmarking and to illustrate how the total flow time

values can be very different even for similar sequences, the table also includes five

best out of a thousand randomly generated sequences and their total flow times.

The random sequences are, as expected, highly inferior to the sequences identified
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Table 8.30. Different Solutions for the Large Size Real Industry Problem (Total
Flow Time)

Lthod Sequence
[_TFT

1% Dev.

TS 1 C1 1-G 9-05-C1-C 7-C2-G10- (G41-C42-G43)-C8-G6-C3 53291 9.98

TS2 G2-G5-C11-G9-C7-G1-C10- (G41-G42-G43 )-C8-G6-G3 51459 6.20

TS3 G1-G7-G11-G9-G5-G2-G10- (G41-G42-G43)-G8-G6-G3 52918 9.21

TS4 G2-05-G11-C9-G7-C1-C10-(G41-C42-G43)-C8-G6-G3 51459 6.20

TS5 G2-G5-G11-G9-G7-G1-C10-(G41-G42-G43)-G8-G6-G3 51459 6.20

TS6 G2-G5-G11-G9-G7-G1-G10- (G41-G42-G43)-G8-G6-G3 51459 6.20

Random G2-G9-G11-G7-G1-G6-G5-C8-G10-(G43-C41-G42)-G3 55179 13.87

Random C5-G1-C7-G2-G1 1-C9- (C41-G42-C43)-G10-C8-G6-G3 55713 14.98

Random C2-G7-G11-G6-G5-C9-C10-(G43-G41-G42)-G1-G8-C3 57382 18.42

Random G9-C10-G5-G11-C1-G7-C2-(G41-G42-G43)-C8-G6-C3 58111 19.92

Random G1-C6-G5-G7-C11-C2-G9-G8-G10-(C43-C42-G41 )-C3 59045 21.85

by the proposed tabu search heuristics. An experienced practitioner in industry

would be expected to identify better sequences. However, it is not expected that

the quality of the solutions suggested even by an experienced practitioner would

be close to the quality of the TS heuristic solutions.

For minimizing the makespan, the lower bound identified by the column

generation/B&P algorithm is 9350 in 1895 seconds (approximately 32 minutes).

Table 8.31 presents the solutions identified by each of the six TS heuristics and

their percentage deviations from this lower bound.

As observed, TS2, TS4, TS5, and TS6 all identified the sequence of board

groups and board types with a makespan of 9516. The percentage deviation of

this solution from the lower bound is 1.78%. The table also includes five best out

of a thousand randomly generated sequences and their makespan values. Again,
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Table 8.31. Different Solutions for the Large Size Real Industry Problem
(Makespan)

Method Sequence ]Makespan[%_Dev.

TS1 G2-G1-G11-G9-G6-G3- (G43-G42-G41 )-C7-G10-G5-G8 9516 1.78

TS2 G2-G1-G11-C9-C6-G3- (C43-G42-G41 )-C7-G10-G5-G8 9516 1.78

TS3 G2-G1-G11-C9-C6-G3- (G43-G42-C41 )-G7-C10-G5-G8 9516 1.78

TS4 G2-G1-G11-G9-G6-G3-(G43-G42-G41 )-G7-C10-05-G8 9516 1.78

T55 G2-GrG11-Gg-G6-G3- (G43-G42-G41 )-G7-G10-05-G8 9516 1.78

TS6 G2-G1-C11-G9-G6-G3- (G43-G42-C41 )-G7-G10-G5-C8 9516 1.78

Random G2-G9-G3-G8-G6-G11-G7-G10-G5-G1-(G42-G41-G43) 9604 2.72

Random G2-G5-G6-(G42-G43-G41)-G9-G3-G10-G11-G8-C7-G1 9657 3.28

Random G1-G7-C9-G11-C2- (G42-G41-G43)-C6-G3-G5-G8-G10 9669 3.41

Random G2-G11-G3-G1-C7-G8-G5-G6-G9-G10-(G41-G42-G43) 9672 3.44

Random G2-G3-05-G1-G7-G10-C8- (G43-C41-C42)-G6-G9-G11 9683 3.56

the random sequences are, as expected, highly inferior to the sequences identified

by the proposed tabu search heuristics. Even an experienced practitioner is not

expected to suggest sequences with such good qualities.

The results presented here for a large size real industry problem, combined

with the quality of the tabu search heuristic solutions in the experiment performed

in this dissertation, strongly suggests the applicability and the high performance of

the proposed algorithms for a wide range of different problem structures in terms

of different problem sizes (small/large), problem types (highmix lowvolume or

lowmix highvolume), assembly systems (two and threemachine) and different

setup times per feeder on the machines.



9. CONCLUSIONS

This dissertation addressed the "multimachine carryover sequence

dependent groupscheduling problem with anticipatory setups," which typically

arises in the production of printed circuit boards (PCBs). In PCB manufac-

turing different board types requiring similar components are grouped together

using group technology principles in order to reduce the setup times and increase

throughput. Quite distinct from the traditional machine scheduling problems in-

volving setup times, the setup times required of a board group depends not just

on the immediately preceding board group, but on all of the preceding groups

and the order they are processed. Therefore, the challenges encountered in this

research are far greater and distinctly different from those reported previously.

All the previous research efforts reported in the published research avoids the

carryover structure of the setup times by simplifying the problem with myopic

approaches. This results in losing valuable information about the actual problem

and leads to inferior solutions. This dissertation, on the other hand, addresses the

problem with the carryover setup times structure and develops algorithms capable

of identifying high quality solutions.

The scheduling decisions involve determining the sequence of board groups

as well as the sequence of individual board types within groups so as to minimize

appropriate measures of performance. The focus was on two separate objectives,

namely, minimizing the makespan and minimizing the mean (total) flow time.

The problem with each of the objectives is shown to be .iVPhard in the strong

sense. Therefore, the primary interest was to develop algorithms to solve these

challenging problems effectively in a timely manner to help the electronics man-

ufacturing companies improve their competitiveness. Consequently, high level
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metasearch heuristic algorithms based on the concept known as tabu search are

developed. Advanced features of tabu search, such as the longterm memory in

order to intensify/diversify the search and variable tabulist sizes, are utilized in

the proposed heuristics. Incorporating different advanced features resulted in a

total of six tabu search heuristic algorithms, namely TS1, TS2, TS3, TS4, TS5,

and TS6. Apart from optimizing regular daily scheduling problems, the proposed

tabu search heuristics provide a great deal of flexibility to the personnel in charge

of scheduling the PCB assembly. The proposed tabu search based heuristics pro-

vide a basis for a flexible decision support system to easily cope with situations

when a major change occurs, such as product mix changes that happen frequently

in electronics manufacturing, urgent prototype series production requests, tempo-

rary lack of the required components, and machine breakdowns.

The impact of the advanced features of tabu search is found to significantly

improve the solution quality. Specifically, TS1, which uses fixed tabu list size and

no long term memory, is found to be significantly inferior to the other tabu search

heuristics. In general there was not a significant improvement when long term

memory based on LTMmax (for intensification purposes) was used with fixed

or variable tabu list sizes. The benefit of employing variable tabu list sizes and

long term memory based on LTMmax so as to diversify the search is found

highly substantial. The benefits are pronounced more especially for large size

problems. Using long term memory based on LTMmax only deepens the search

within the regions visited previously, and as the solution space enlarges, it is

likely that better solutions can be found at other regions of the solution space,

which is highly effectively achieved by long term memory based on LTMmin.

Also, variable tabu list sizes provide a powerful means to scan the solution space

for better solutions. However, the additional computational effort demanded by
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variable tabu list sizes did not pay since the difference between using variable tabu

list sizes combined with LTM-max and using fixed tabu list sizes with LTM-max

was not significant. For certain cases TS6, which utilize variable tabu list sizes

and LTM-min, significantly outperformed TS4, which uses a fixed tabu list size

and LTM-min. However, it is concluded that TS4 would be the best choice in

general, since the computational effort demanded by TS4 is significantly smaller.

In contrast with many reported research efforts that compare different

heuristic algorithms, this dissertation not only performs comparisons among dif-

ferent heuristics, but also quantifies the quality of the heuristic solutions. In the

absence of knowing the actual optimal solutions, the challenge was to obtain tight

lower bounds both on the optimal makespan and the optimal total flow time. The

quality of a solution is then quantified as its percentage deviation from the lower

bound. Based on the minimum possible setup times, this research proposed a

lower bounding procedure for the two-machine problem, which is called proce-

dure Minsetup, and is capable of identifying tight lower bounds. However, the

lower bounds from the procedure Minsetup are not as close to the actual optimal

solutions as desired to reflect the actual performance of the proposed tabu search

heuristics.

Tighter lower bounds are identified using a mathematical programming

decomposition approach. First, two novel modeling frameworks are proposed.

These modelling frameworks can be used to formulate a mathematical program-

ming model for any group-scheduling problem. Utilizing one of the mathemati-

cal formulations, a novel branch-and-price (B&P) algorithm is developed for the

group-scheduling problems addressed in this dissertation. Most of the column

generation and B&P algorithms in the literature proposed for machine scheduling

address parallel-machine problems. The proposed B&P algorithm, on the other
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hand, is one of the few that are developed for the fiowshop scheduling problems

(with sequential machines) and, to the best of our knowledge, is the first B&P

approach addressing group-scheduling problems. A Dantzig-Wolfe reformulation

of the problem is constructed and a column generation algorithm is described to

solve the linear programming relaxation of the master problem, where separate

single-machine subproblems are designed to identify new columns if and when

necessary. To enhance the efficiency of the algorithm, approximation algorithms

are developed to solve the subproblems as well. Ways to obtain valid global lower

bounds in each iteration of the column generation algorithm are shown, and effec-

tive branching rules are proposed to partition the solution space of the problem

at a node where the solution is fractional. These branching rules are incorporated

into the subproblems in an efficient way, as well. In order to alleviate the slow

convergence of the column generation process, a stabilizing method is developed.

The method, based on a primal-dual relationship, bounds the dual variable val-

ues at the beginning and gradually relaxes the bounds as the process marches

towards the optimal dual variable values. Finally, several implementation issues,

such as constructing a feasible initial master problem, column management, search

strategy, and customized termination criteria are addressed.

The ability to asses the quality of the tabu search solutions was primarily as

a result of identifying tight lower bounds. The proposed column generation/B&P

algorithms were able to obtain quality lower bounds primarily because of (1) the

effectiveness of the approximation algorithms developed for solving the subprob-

lems, (2) the identification of certain cases for which some of the subproblems

can be skipped without solving, and (3) the impact of the proposed stabilization

methods.
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A carefully designed computational experiment is performed to compare

the proposed tabu search algorithms, to estimate the quality of the solutions

they identify, and to determine problem parameters that significantly affect the

quality of the tabu search solutions. For both low-mix high-volume and high-mix

low-volume production environments, the results of the experiment confirm the

high performance of tabu search algorithms in identifying extremely good quality

solutions with respect to the proposed lower bounds. For minimizing the total

(mean) flow time, the average percentage deviation of TS4 solutions is only 1.87%

for small/medium size problems and 6.66% for large size problems. For minimizing

the makespan, the average percentage deviation of TS4 solutions is only 1.64%

for small/medium size problems and 7.75% for large size problems.

The proposed algorithms are applicable to a wide range of PCB assembly

systems composed of different placement machines. As such, the algorithms are

applied to a large size real industry problem. The proposed solutions are shown to

be extremely better than randomly generated solutions, and even an experience

practitioner in industry is not expected to suggest solutions with qualities close

to the ones identified by the proposed tabu search algorithms. For minimizing

the total (mean) flow time, the best tabu search heuristic was able to identify a

solution that is 6.20% off of the lower bound. Similarly, the percentage deviation

of the best tabu search solution from the lower bound for the case of minimizing

the makespan is only 1.78%.

In sum, the quality of the tabu search heuristic solutions for randomly

generated instances that are representative of industry problems, combined with

the results presented for a large size real industry problem, strongly suggests

the applicability and the high performance of the proposed algorithms for a wide

range of different problem structures in terms of different problem sizes (small and
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large), problem types (highmix lowvolume and lowmix highvolume), assembly

systems (two and threemachine) and different setup times per feeder on the

machines.

As for future research, there are several potential areas. First, the proce-

dure Minsetup based lower bounds are found to be highly inferior to the lower

bounds provided by the column generation/B&P algorithm. That's why, pro-

cedure Minsetup based lower bounds are not analyzed in this dissertation. An-

other reason for not doing so is the fact that procedure Minsetup identifies lower

bounds for the twomachine problems only. However, procedure Minsetup based

lower bounds can be obtained for the three-machine problems by solving the

converted problem(s) via mathematical programming. Note that, the algorithms

due to Yoshida and Hitomi [122] and Ham et al. [58] are used to optimally solve

corresponding problems for minimizing the makespan and minimizing the total

flow time, respectively. The three machine problem with carryover sequence

dependent setup times can still be converted to one with sequence-independent

setup times without carryover, and lower bounds can be obtained by solving the

corresponding problems via mathematical programming. It is an easy task to mod-

ify MILP1, MILP2, or MILP3 formulations to represent sequenceindependent

setup times problems. Although such lower bounds are expected to be inferior to

the lower bounds identified by the column generation/B&P algorithms, it is still

worth pursuing research for additional insights.

Instead of solving the problem, the proposed column generation/B&P algo-

rithms are used to identify tight lower bounds in this dissertation. The proposed

B&P algorithm can be used to solve small size instances. However, it does not

seem as a practical approach to solve such problems since the subproblems are

hard to solve for large size problems. However, a B&P algorithm can be devel-
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oped as a heuristic to obtain good quality solutions. It is possible to solve the

subproblems only with tabu search (with tabu search column generator, TSCG),

without solving the subproblem formulations exactly. When the subproblems are

not solved optimally but approximately, the pricing scheme is said to be partial

pricing. In this case, none of the nodes can be pruned in the B&P tree (unless

an integer solution is identified) and the method resembles an enumeration search

and is not likely to solve large size problems in a timely manner. A B&P tree

with partial pricing can serve to identify heuristic solutions to the problem. It has

been experienced that the column generation algorithm was able to identify pri-

mal solutions better than any one of the TS solutions, although this was observed

highly rarely.

In addition, tabu search is a relatively new concept and it still continues

to evolve. There are many different aspects of the concept, such as incorporating

a random component into the algorithm, that can be implemented and tested

for better results. There is a lot of room in designing an effective tabu search

algorithm with different and creative means.
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APPENDIX A. Johnson's Algorithm

For the 2machine fiowshop scheduling problem, Johnson [69] developed

an algorithm that guarantees an optimal makespan. The algorithm is as follows.

Johnson's Algorithm

1. Considering both machines, find the minimum value among the run times
of jobs. Break ties arbitrarily. Let the minimum value be the run time of
job j on machine m.

2. If m = 1 place job j at the first available position in the sequence.
If m = 2 place job j at the last available position in the sequence.

3. Remove job j from further consideration. Stop if there are no more jobs to
sequence, else go to step 1.
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APPENDIX B. Decomposition for Minimizing the Makespan

This section presents the DantzigWolfe decomposition applied to the

multimachine carryover groupscheduling problem with the objective of mini-

mizing the makespan. The decomposition approach for the problem with the

objective of minimizing the total flow time was developed in § 7.2 starting at page

111. The reader is referred to § 7.2 for a detailed description of the formulations

given below and the relevant notation.

The integer programming master problem (IMP) with the objective of mm-

imizing the makespan can be presented as follows.

IMP:

Tm

ZMP = Mm

subject to

N n9

(c rtg,b,kx1j'bj)) C_i\' 0
trr1 g=l b=1 tml

k=2,...,m, j=1,...,J (B.1)

Aki k=1,...,m (B.2)

k=1,...,m, t=1,...,Tk (B.3)

The objective is to select the one schedule in which the completion time

of the last board type on the last machine is minimum. Constraint set (B.1)

corresponds to constraint set (4.1.8) in MILP1. It makes sure that the schedules

selected on the machines ensure that a board type that is completed on a machine

starts operation only after it is completed on the previous machine. Constraint
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set (B.2) is the set of convexity constraints and makes sure that we select only

one schedule on each machine.

The LP relaxation of IMP with the objective of minimizing the makespan

is then as presented below. The variables within parentheses before the constraint

sets denote the corresponding dual variables.

LMP:

ZMP = Mm

subject to

Tk N n9 Tk_1
t,k \ k

(o,k) (c rtg,b,kX
g,b,j )

t=1 g=1 5=1 t=1

k=2,...,m, j=1,...,J (B.4)

(8k) A=1 k=1,...,m (B.5)

k=1,...,m, t=1,...,Tk (B.6)

In order to construct the subproblems that are capable of identifying new

schedules with the most negative reduced costs on each machine, we present the

dual of LMP (DLMP) next.



DLMP:

ZLMp = Max

subject to

J
0 t=1,...,T1

j=1

I(c,k Ttg,b,kxb) 1j,k Ckc,k+1 + 6k <0
j=1 grrl b=1 j=1

k=2,...,m-1, t= 1,...,T,

(C,m rtg,b,mxbj)i,m +m C t = 1,... ,Tm
j=1 g=1 b=1

j,kO j=1,...,J, k=1,...,m

kunrestricted
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(B.7)

(B.10)

(B.11)

Recall that the reduced cost of a variable corresponds to the infeasibility

in the associated dual constraint. Also note that constraint set (B.7) is associated

only with the master variables defined for machine 1, i.e., 6 and )4 for t =

1,.. . , Ti', as well as it includes completion time variables defined for machine 1

only. Therefore, we need to solve the following subproblem in order to identify

the schedule with the smallest reduced cost on machine 1.

SP(1): 4P(1) = Mm

subject to

(4.1.2) (4.1.5)

(4.1.6), (4.1.8) (4.1.16) for machine 1 only.

Similarly, to identify schedules with the smallest reduced costs on machines

2 through m 1, we need to solve SP(k) for k = 2,... , m 1, respectively.
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J N n9

SP(k): P(k) = Mm ((aj,+i a,k)CJ,k + (aj,krtg,b,k)xg,b,j)
j=1 g=1 b=1

subject to

CJ,k MS

(4.1.2) (4.1.5)

(4.1.6), (4.1.8) (4.1.16) for machine k only.

Finally, the subproblem on the last machine has the following form.

SP(m): 4P(m) = Mm (1 aj,m)Cj,m aj,mCj,m

J N n9

+
i i

>(0j,mTtg,b,m)Xg,b,j
j=1 g=1 b=1

subject to

Cj,m<MS

(4.1.2) (4.1.5)

(4.1.6), (4.1.8) (4.1.16) for machine m only.

MS is an upper bound on the makespan of the original problem. Such an

upper bound is readily available as the makespan of any feasible solution to the

original problem. We are using the makespan of the best solution identified by

our tabu search algorithms proposed for the original problem.

A stabilization method is also used for the case of minimizing the

makespan. Consider introducing 'Wj,k for j = 1, . . . , J and k = 1,. . . , m as the

artificial variables to constraint set B. 1 in the IMP as follows.
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IMPA:

Tm J
ZMPA Mm Cj,m) + Wj,in

t=1 j=1

subject to

Tk N n9 Tk_1

(c,k) (c rtg,b,kxj) C_i)t + Wj,k W3,k_1 0
t=1 gr=1 b=1 t=1

k==2,...,m; j=1,...,J (B.12)

(6k) \=i k=1,...,m (B.13)

Wj,kO k=1,...,m; j=1,...,J (B.14)

E {0, 1} k = 1,... ,m; t 1,... ,Tk (B.15)

The LP relaxation of the IMPA is obtained as usual by relaxing the inte-

grality restrictions on the master variables:

LMPA:

Tm J
ZMPA = Mm > Cj,m)t + Wj,m

t=1 j=1

subject to

N n9
(a3,k) (C,,c rtg,b,kxbj)) C,1)' + Wj,k Wj,k_1 0

g=1 b=1 t=1

k=2,...,m; j=1,...,J (B.16)
Tk

(8k) >X=1 k=1,...,m (B.17)

Wj,k 0 k = 1,...,m; j = 1,... ,J (B.18)

k=1,...,m; t=1,...,Tk (B.19)

Then, the dual of LMPA is given as follows.
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DLMPA:

ZLMPA = Max 8

subject to

J
Caj, + i 0 t = 1,.. , T (B.20)

(c rtg,b,kXbj)aj,k Ca+i + ök 0
j=1 g=1 b=1 j1

k=2,...,m-1; t=1,...,Tk (B.21)

(c rtg,b,mxj) j,m + m C,m t = 1,... ,Tm (B.22)

j=1 g=1 b=1

j,k+1j,kO j=1,...,J; k=2,...,m-1 (B.23)

aj,m1 j1,...,J (B.24)

a3,kO j=1,...,J; k=2,...,m (B.25)

k unrestricted k 1, , rn (B.26)

Note that the first three constraint sets are the same in DLMP and DLMPA

but constraint sets B.23 and B.24 in DLMPA, together with B.25, now imply that

1aj,mcj,m-l"c'j,2O j=1,...,J (B.27)

Remember that SP(1) is always bounded because the coefficients of the

completion time variables in its objective function are all nonnegative (condi-

tions (B.6)). Note that, when inequality (B.27) is satisfied, all the objective

function coefficients of SP(k), k = 1,... , m 1, become nonnegative. However, it

is not possible to introduce artificial variables in a form that ensures a bounded

solution to SP(m).
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For certain values of the dual variable values, solving some of the subprob-

lems may be avoided as in the case for minimizing the total flow time.

Case 1: =0 for j= 1,... , J.

Observe that when all = 0, SP(1) objective function becomes mini

mizing and the constraint set B.7 in DLMP (B.20 in DLMPA) implies that

Si 0. Therefore, SP(1) cannot identify a new column with negative reduced

cost. Hence, solving SP(1) can be skipped.

Case 2: a,k=0forj=1,...,J and k=2,...,m-1.

In this case, the objective function of SP(k) for k = 2, .. . , m 1 becomes

and the constraint set B.8 in DLMP (B.21 in DLMPA) implies that 8k 0.

Hence, solving SP(k) can be skipped.

Case 3: c,k+l=c,k=constantforj=1,...,Jandk=2,...,m-1.
In this case, the objective of SP(k), k 2,... , m 1 becomes, minimizing

1 aj,k(rtg,b,m)xg,b,j 8k The first term is nothing but the sum of

the run times of the board types on machine k multiplied by a,k (which is the

same value for all j = 1, .. . , J). From the constraint set B.8 in DLMP (B.21 in

DLMPA), it is clear that 5k 0. Hence, SP(k)

can be skipped since it cannot identify any column with negative reduced cost.

Case 4: J,m = 1 and cj,m = 0 for j = 1,.. . , J 1.

SP(m) objective becomes minimizing >I' i(Ttg,b,m)Xg,b,j

The first term is nothing but the sum of the run times of the board types on

machine m. From the constraint set B.9 in DLMP (B.22 in DLMPA), it is clear

that rtg,b,mxg,b,j 5m 0. Hence, SP(m) can be skipped since

it cannot identify any column with negative reduced cost.
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APPENDIX C. Proofs of Propositions 7.6.1 and 7.6.2

Proof of Proposition 7.6.1

We show that the board types within each board group follow the short-

est processing time (SPT) order by considering SP(1) first. As illustrated in

Figure C.1, consider two solutions, a and a', to SP(1). The two solutions are

identical except for the sequence of two board types b and b' of some board group

g. Also assume that board type g, b is assigned to slot j and board type g, b' to

slot j + 1 in a and the other way around in a'. Since SP(1) is bounded (all the

objective function coefficients are nonnegative), the contribution of the comple-

tion times of the board types in portions A and B to SP(1) objective function are

identical for a and a'. Therefore, comparing the contributions of board types g, b

and g, b' to the SP(1) objective suffices for proving the proposition for SP(1).

i+1

'_j '-'j+l

Figure C.1. Two Solutions for SP(1)

Let zsp(1)(a) and zsp(l)(a) be the objective function value of a in SP(1)

and that of a', respectively. Then,

zsp(l)(a) zsp(l)(a') = aC + a+i,2C+i cxj,2C + cji,2C1

Oj,2(A+Ttg,b,1) + cxj+l,2(A+rtg,b,l +l'tg,b',l)

aj,2(A + rtg,ii,i) + aj+1,2(A+rtg,bF,1+rtg,b,1)

'. o,2(A + rt9,b,1) c,2(A + rt9,b',l)

= rt9,b,1 rt9,b',l (since aj,2 0 j = 1,.. , J)
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= g, b and g, b' are in SPT order

This shows that the board types are in SPT order in an optimal solution,

since the above argument holds true for any pair of board types within each group.

A similar approach for the remaining subproblems (i.e., SP(k) for

k = 1,.. . , m) can be used to prove the proposition for those subproblems. 0

Proof of Proposition 7.6.2

We first note that it is clear that LMPA is a relaxation of LMP (see du

Merle et al. [38]).

Here we present a formulation, MILP1A, to the original problem and con-

struct IMPA based on MILP1A. Then we show that, for any sequence, the optimal

objective function value of MILP1A is less than or equal to that of MILP1.

Remember from section 7.5 that once we know the sequence of board groups

and board types within each group, the optimal objective function value of that

sequence can be identified by solving a linear programming problem. Let a be a

sequence of board groups and board types within each group, and S,k [g] be the

amount of carryover sequencedependent setup time required of board group g in

sequence a on machine k. Also let,

1, if board type b of group g is at slot (position) j in sequence a
Xg,b,j =

0, otherwise.

and

1, if a setup is required at position j in sequence a
yj=

0, otherwise.

The objective function value of a in MILP1 can be obtained by solving the

following LP problem.



TT(MILP1):

4T(MILP1) = Mm Cj,m

subject to

N n9 N n9

C,k C3_1,k + > S,k[g} Xg,b,jYj+ rt9,b,kx,b, Vj, Vk, Co,k = 0
g=1 b=1 g=l b=1

N n9
C3,k C3,k_1 + Ttg,b,kXg,b,j Vj, Vk, 0

g=1 b=1

C3,k 0 Vj,Vk
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(C.1)

(C.2)

(C.3)

Now consider the original formulation MILP1 with the following modifica-

tion to the constraint set 4.1.7 and to the objective function 4.1.1. In addition

to the decision variables introduced in chapter 3, let W3,k (for j = 1, . . . , J and

k = 1,.. . , m) be artificial variables introduced to constraint set 4.1.7 and have

objective function coefficients of 1. Let's call this new formulation MILP1A, which

can be presented as follows.

MILP1A:

4T(MJLP1A) = Mm Cj,m + Wj,m

subject to

4.1.2-4.1.5, 4.1.8-4.1.16
N n9

C3,k C_1,k + Si,k + > Ttg,b,kXg,b,j
g=1 b=1

N n9

Ci,k + Wj,k C,k_1 + Wj,k_1 + rtg,b,kXg,b,j

g=l b=1

(C.4)

Vj, Vk, Co,k = 0 (C.5)

Vj, Vk, C3,0 = 0 (C.6)

Wj,k 0 Vj,Vk



Clearly, the master problem constructed by dualizing the constraint set C.6

and relaxing the permutation sequence restriction in MILP1A is equivalent to

IMPA; hence

ZMPA <ZILp1A. (C.7)

Similar to TT(MILP1) above, the optimal objective function value of

MILP1A for the sequence a can be evaluated by the following LP problem.

TT(MILP1A):

4T(MJLP1A) = Mm Cj,m + Wj,m

subject to

(C.8)

N n9 N n9

Ci,k C1,k + Sy[g} Xg,b,jYj + rt9,b,kx9,b, Vj, Vk, Co,k =0 (C.9)
g=1 b=1 g1 b=1

N flg

Ci,k + Wj,k C,k_1 + Wj,kl + Ttg,b,kXg,b,j Vj, Vk, C3,0 0 (C.10)
gr1 b=1

Ci,k 0 Vj,Vk

W3,k 0 Vj, Vk

Note that the last two terms in the right hand side of constraint set C.2

and the last term in constraint set C.3 are constants. Let's, for simplicity, denote

the sum of the second and third terms in the right hand side of constraint set C.2

b F,k and the last term in the right hand side of constraint set C.3 by Q3,k. Let

the Tlj,k and (j,k be the dual variables corresponding to constraint set C.2 (C.9)

and constraint set C.3 (C.9), respectively. Then, the dual of TT(MILP1) and the

dual of TT(MILP1A) can be given as follows.



DTT(MILP1):

J m J m

ZTT(MJLp1) = Max
>1 i P,kijj,k +
j=2 k=1 j=1 k=2

subject to

Tlj,k Tij+1,k + (j,k (j,k+1 0

1)J,k + (J,k (J,k+1 c 0

flj,rn Tlj+i,m + (j,m 1

T1J,m + (J,m 1

Tlj,k 0, 0

j=1,...,J-1, k=1,...,m-1

j=1,,J-1
k=1,...,m-1

Vj,Vk

Similarly, the dual of TT(MILP1A) is

DTT(MILP1A):

J m J m

ZTy(MILp1A) = Max + > Q(j,
j=2 k=1 j=1 k=2

subject to

Tlj,k TIj+1,k + (j,k c;,k+1 :; 0

T1J,k + CJ,k (J,k+1 0

77j,m 11j+i,m + (j,m : 1

j,k Cj,k+1 0

1

T1J,m + CJ,m 1

j=1,...,J-1, k=1,...,m-1

j = 1,..,J, k= 1,...,m-1

T/j,k 0, Cj,k 0 Vj,Vk
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(C.11)

(C.12)

(C.13)

(C.14)

(C.15)

(C.16)

(C.17)

(C.18)

(C.19)

(C.20)

(C.21)

(C.22)

(C.23)

(C.24)
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From linear programming duality theory, we know that the optimal solu-

tion values of primal and dual LP problems are equal. Thus

4T(MJLP1) ZTT(MILp1) and ZT(MJLp1A) = ZTT(MILp1A). (C.25)

Observe that, DTT(MILP1) and DTT(MILP1A) are identical problems,

except for the constraint sets C.21 and C.22 in DTT(MILP1A). Since these con-

straint sets restrict the problem even further compared to DTT(MILP1),

ZTT(MILp1A) (C.26)

From C.25 and C.26, we have

<ZTT(MJLP1). (C.27)

Therefore, for any sequence of board groups and board types within each

group, the objective function value of MILP1A is less than or equal to that of

MILP1, which, combined with C.7, implies

ZMPA < ZJLpl.

U
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APPENDIX D. Experimental Results

D.1. Tabu Search versus Actual Optimal Solutions

In this section, experiments are run on twomachine small/medium size

problems of type 2. The results are presented in the tables that follow. The

description of the column headers in the tables are as follows.

Opt Optimal solution value identified by CPLEX

TTB The time the best/optimal solution first identified, in seconds

TT : The total execution time, in seconds

LP : LPrelaxation value of MILP3

LPT : The time to solve LPrelaxation of MILP3, in seconds

N The number of groups in the problem

IS Initial solution value identified for the problem

BS : Best solution value identified by the tabu search heuristic

Dev : The percentage deviation of BS from the optimal solution value

The following SAS code is used in the analysis.

proc glm;

class problem ASTH TS;

model logPD=problem ASTHTS;

random problem / test;

ismeans TS ASTH /cl adjust=tukey;

means ASTH TS /cldiff tukey;

run; quit;
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Table D.1. Optimal Solution Values of MILP3 Formulations by CPLEX

Total Flow Time Makespan
ASTH Prob. N

Opt TTB TT LP_]LPT Opt TTB TT LP_JLPT

180 S22-1 3 16746 0.06 0.08 8056.2 0.00 5830 0.09 0.09 4918.1 0.00

S22-2 8514 0.05 0.06 5475.6 0.01 3573 0.06 0.06 3192.0 0.00

S22-3 17933 0.09 0.09 10079.9 0.02 6236 0.05 0.05 5445.0 0.00

S22-4 5 47218 1.13 1.17 27073.5 0.03 10465 0.22 0.30 9201.7 0.03

S22-5 27025 0.58 0.59 19546.4 0.03 6602 1.28 1.29 5947.6 0.03

S22-6 30972 0.93 0.97 21790.5 0.03 7027 0.70 0.70 6483.2 0.03

S22-7 6 53867 4.23 7.66 33536.3 0.11 10591 0.92 0.95 9949.1 0.08

S22-8 39677 8.03 8.52 21816.5 0.19 8188 0.88 0.89 7524.2 0.13

S22-9 59557 3.78 3.81 40005.3 0.08 12168 0.53 0.56 11855.9 0.13

S22-10 8 94932 9707.91 10059.40 55007.1 29.20 14621 544.43 544.56 13586.2 24.48

S22-11 52866 7857.83 8883.72 32861.2 42.66 7848 288.47 289.59 7386.0 26.36

S22-12 62923 2759.32 2886.31 36299.7 26.56 10972 361.31 361.51 10158.0 22.08

30 S22-1 3 10274 0.08 0.09 4624.3 0.02 3685 0.08 0.08 2818.1 000
S22-2 6608 0.08 0.09 3707.7 0.02 2373 0.05 0.05 2344.0 0.02

S22-3 12835 0.06 0.08 7594.4 0.02 4586 0.06 0.09 3795.0 0.02

S22-4 5 32731 0.75 1.16 17668.2 0.05 7631 0.19 0.25 6201.8 0.03

S22-5 18031 0.53 0.56 11412.6 0.03 4502 0.84 0.92 3971.4 0.03

S22-6 22887 0.63 0.77 15808.4 0.03 5416 1.17 1.37 5416.0 0.02

S22-7 6 37754 7.70 8.94 21916.4 0.11 8003 1.31 1.34 7255.4 0.09

S22-8 26474 4.66 9.27 13539.4 0.08 5788 1.34 1.39 5131.7 0.13

S22-9 41347 3.48 5.55 27073.9 0.17 8418 0.95 1.22 8186.6 0.09

S22-10 8 69945 13313.30 15300.60 41468.5 35.27 11414 335.37 336.46 10392.4 25.20

S22-11 44143 812.30 1711.72 30119.8 46.52 6978 143.94 144.12 6978.0 51.75

S22-12 40891 3214.14 3221.72 21951.2 36.56 7563 353.79 373.82 6708.0 62.39
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Table D.2. Tabu Search versus Optimal with ASTH = 180 (Total flow Time)

TS1 TS2 TS3
Prob. N IS

BS__Dev[TTB
--jf
TT BS__Dev[TTB[Time BS IDeTTBI TT

S22-1 3 16746 16746 0.00 0.00 0.02 16746 0.00 0.00 0.02 16746 0.00 0.00 0.02

S22-2 8514 8514 0.00 0.00 0.02 8514 0.00 0.00 0.02 8514 0.00 0.00 0.00

S22-3 17933 17933 0.00 0.00 0.00 17933 0.00 0.00 0.00 17933 0.00 0.00 0.03

S22-4 5 47218 47218 0.00 0.00 0.02 47218 0.00 0.00 0.19 47218 0.00 0.00 0.03

S22-5 27025 27025 0.00 0.00 0.00 27025 0.00 0.00 0.16 27025 0.00 0.00 0.05

S22-6 31727 30972 0.00 0.02 0.02 30972 0.00 0.02 0.22 30972 0.00 0.00 0.02

S227 6 56731 53867 0.00 0.02 0.02 53867 0.00 0.02 0.37 53867 0.00 0.02 0.05

S22-8 39934 39934 0.65 0.00 0.02 39677 0.00 0.11 0.56 39934 0.65 0.00 0.05

S22-9 59581 59557 0.00 0.02 0.02 59557 0.00 0.00 0.72 59557 0.00 0.00 0.13

S22-10 8 98594 96392 1.54 0.03 0.05 94932 0.00 0.28 1.64 96392 1.54 0.05 0.19

S22-11 55852 54338 2.78 0.02 0.03 52866 0.00 0.61 1.25 52866 0.00 0.06 0.14

S22-12 65303 64083 1.84 0.03 0.06 64083 1.84 0.05 1.59 64083 1.84 0.03 0.20

TI TS4 11 TS5 TI TS6
Prob. N IS

II

BS
J

Dev] TTh]
-Ii------

TI

S22-1 3 16746 16746 0.00 0.00 0.02 16746 0.00 0.00 0.03 16746 0.00 0.00 0.03

S22-2 8514 8514 0.00 0.00 0.03 8514 0.00 0.00 0.03 8514 0.00 0.00 0.02

S22-3 17933 17933 0.00 0.00 0.02 17933 0.00 0.00 0.02 17933 0.00 0.00 0.02

S22-4 5 47218 47218 0.00 0.00 0.06 47218 0.00 0.00 0.22 47218 0.00 0.00 0.23

S22-5 27025 27025 0.00 0.00 0.05 27025 0.00 0.00 0.30 27025 0.00 0.00 0.16

S22-6 31727 30972 0.00 0.02 0.08 30972 0.00 0.02 0.17 30972 0.00 0.02 0.25

S22-7 6 56731 53867 0.00 0.02 0.22 53867 0.00 0.02 0.56 53867 0.00 0.02 0.38

S22-8 39934 39677 0.00 0.06 0.14 39677 0.00 0.13 0.66 39677 0.00 0.13 0.52

S22-9 59581 59557 0.00 0.00 0.22 59557 0.00 0.00 0.67 59557 0.00 0.02 0.55

S22-10 8 98594 96392 1.54 0.08 0.63 94932 0.00 0.19 1.55 94932 0.00 0.19 1.45

S22-11 55852 53306 0.83 0.28 0.47 52866 0.00 0.55 1.17 52866 0.00 0.84 1.48

S22-12 65303 62923 0.00 0.25 0.47 64083 1.84 0.05 1.36 64083 1.84 0.05 1.86
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Table D.3. Tabu Search versus Optimal with ASTH = 30 (Total flow Time)

TS1 TS2 TS3
IProb. N IS

BS jDev TTB1 TT BS DevjTTBITime BS JDevJTTBI TTL
S22-1 3 10274 10274 0.00 0.00 0.00 10274 0.00 0.00 0.02 10274 0.00 0.00 0.02

S22-2 6792 6608 0.00 0.00 0.00 6608 0.00 0.00 0.02 6608 0.00 0.00 0.00

S22-3 12835 12835 0.00 0.00 0.00 12835 0.00 0.00 0.00 12835 0.00 0.00 0.02

S22-4 5 33751 32731 0.00 0.00 0.02 32731 0.00 0.00 0.27 32731 0.00 0.00 0.03

S22-5 18746 18031 0.00 0.02 0.02 18031 0.00 0.00 0.13 18031 0.00 0.00 0.03

S22-6 23631 22887 0.00 0.00 0.02 22887 0.00 0.02 0.14 22887 0.00 0.02 0.06

S22-7 6 38338 37754 0.00 0.00 0.02 37754 0.00 0.02 0.47 37754 0.00 0.02 0.06

S22-8 26536 26474 0.00 0.02 0.02 26474 0.00 0.02 0.53 26474 0.00 0.02 0.06

S22-9 43167 41347 0.00 0.00 0.02 41347 0.00 0.02 0.58 41347 0.00 0.02 0.05

S22-10 8 70280 69945 0.00 0.02 0.05 69945 0.00 0.02 1.03 69945 0.00 0.03 0.17

S22-11 48648 44617 1.07 0.11 0.12 44143 0.00 0.25 1.20 44617 1.07 0.17 0.33

S22-12 42207 41325 1.06 0.02 0.03 40891 0.00 0.39 1.73 40891 0.00 0.13 0.19

TS4 TS5 TS6
Prob. N IS IF--------------------------BS ]Dev TTBITime BS Dev TTB} TT BS Dev}TTB TT

S22-1 3 10274 10274 0.00 0.00 0.02 10274 0.00 0.00 0.03 10274 0.00 0.00 0.05

S22-2 6792 6608 0.00 0.00 0.02 6608 0.00 0.00 0.02 6608 0.00 0.02 0.02

S22-3 12835 12835 0.00 0.00 0.02 12835 0.00 0.00 0.02 12835 0.00 0.00 0.03

S22-4 5 33751 32731 0.00 0.02 0.08 32731 0.00 0.02 0.31 32731 0.00 0.02 0.31

S22-5 18746 18031 0.00 0.02 0.09 18031 0.00 0.00 0.16 18031 0.00 0.00 0.13

S22-6 23631 22887 0.00 0.00 0.06 22887 0.00 0.02 0.16 22887 0.00 0.02 0.17

S22-7 6 38338 37754 0.00 0.02 0.28 37754 0.00 0.02 0.58 37754 0.00 0.00 0.50

S22-8 26536 26474 0.00 0.02 0.14 26474 0.00 0.00 0.50 26474 0.00 0.00 0.64

S22-9 43167 41347 0.00 0.02 0.19 41347 0.00 0.00 0.75 41347 0.00 0.00 0.53

S22-10 8 70280 69945 0.00 0.02 0.44 69945 0.00 0.02 1.38 69945 0.00 0.02 1.30

S22-11 48648 44617 1.07 0.23 0.83 44143 0.00 0.39 1.36 44143 0.00 0.38 1.61

S22-12 42207 40891 0.00 0.44 0.47 40891 0.00 0.38 1.38 40891 0.00 0.47 1.39
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Table D.4. Tabu Search versus Optimal with ASTH = 180 (Makespan)

TS1 TS2 TS3
Prob. N IS -

BS DevTTB TT BS DevTTBITime BSJDeVITTBITT
S22-1 3 5935 5830 0.00 0.00 0.02 5830 0.00 0.00 0.00 5830 0.00 0.02 0.02

S22-2 3573 3573 0.00 0.00 0.00 3573 0.00 0.00 0.02 3573 0.00 0.00 0.02

S22-3 6236 6236 0.00 0.00 0.02 6236 0.00 0.00 0.02 6236 0.00 0.00 0.02

S22-4 5 10631 10631 1.59 0.00 0.02 10465 0.00 0.02 0.06 10631 1.59 0.00 0.02

S22-5 6867 6602 0.00 0.00 0.00 6602 0.00 0.02 0.08 6602 0.00 0.00 0.02

S22-6 7289 7109 1.17 0.00 0.02 7027 0.00 0.06 0.13 7109 1.17 0.00 0.03

S22-7 6 11603 10937 3.27 0.02 0.02 10591 0.00 0.16 0.27 10703 1.06 0.02 0.06

S22-8 8368 8264 0.93 0.02 0.03 8188 0.00 0.06 0.13 8264 0.93 0.00 0.05

S22-9 12888 12168 0.00 0.00 0.02 12168 0.00 0.00 0.16 12168 0.00 0.02 0.09

S22-10 8 15434 14689 0.47 0.02 0.05 14689 0.47 0.02 0.33 14689 0.47 0.03 0.14

S22-11 8460 8010 2.06 0.02 0.03 8010 2.06 0.02 0.45 7964 1.48 0.00 0.16

S22-12 11512 11332 3.28 0.02 0.05 11019 0.43 0.09 0.31 11019 0.43 0.02 0.11

TS4 TS5 TS6Prob. N IS

BS }Dev TTB Time BS Dev TTB TT BS Dev TTB] TT

S22-1 3 5935 5830 0.00 0.00 0.02 5830 0.00 0.00 0.02 5830 0.00 0.00 0.02

S22-2 3573 3573 0.00 0.00 0.02 3573 0.00 0.00 0.00 3573 0.00 0.00 0.02

S22-3 6236 6236 0.00 0.00 0.03 6236 0.00 0.00 0.02 6236 0.00 0.00 0.02

S22-4 5 10631 10631 1.59 0.00 0.03 10465 0.00 0.02 0.06 10465 0.00 0.02 0.05

S22-5 6867 6602 0.00 0.02 0.08 6602 0.00 0.02 0.06 6602 0.00 0.02 0.06

S22-6 7289 7109 1.17 0.02 0.08 7027 0.00 0.03 0.08 7027 0.00 0.03 0.09

S22-7 6 11603 10591 0.00 0.05 0.09 10591 0.00 0.09 0.16 10591 0.00 0.17 0.27

S22-8 8368 8188 0.00 0.06 0.09 8188 0.00 0.09 0.16 8188 0.00 0.06 0.13

S22-9 12888 12168 0.00 0.02 0.11 12168 0.00 0.02 0.14 12168 0.00 0.02 0.28

S22-10 8 15434 14689 0.47 0.03 0.16 14689 0.47 0.02 0.56 14689 0.47 0.02 0.48

S22-11 8460 7848 0.00 0.19 0.22 8010 2.06 0.02 0.52 8010 2.06 0.02 0.42

S22-12 11512 11019 0.43 0.09 0.13 11019 0.43 0.11 0.41 11019 0.43 0.11 0.45
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Table D.5. Tabu Search versus Optimal with ASTH = 30 (Makespan)

TS1 TS2 TS3Prob. N IS

BS DevTTB( TT BS_Dev{TTB!Time BS DevTTBj TT

S22-1 3 3685 3685 0.00 0.00 0.02 3685 0.00 0.00 0.00 3685 0.00 0.00 0.02

S22-2 2373 2373 0.00 0.00 0.00 2373 0.00 0.00 0.02 2373 0.00 0.00 0.02

S22-3 4586 4586 0.00 0.00 0.02 4586 0.00 0.00 0.00 4586 0.00 0.00 0.02

S22-4 5 7631 7631 0.00 0.00 0.02 7631 0.00 0.00 0.11 7631 0.00 0.00 0.03

S22-5 4586 4527 0.56 0.02 0.02 4502 0.00 0.03 0.08 4527 0.56 0.00 0.02

S22-6 5632 5632 3.99 0.00 0.02 5416 0.00 0.02 0.06 5515 1.83 0.00 0.03

S22-7 6 8153 8123 1.50 0.02 0.03 8063 0.75 0.08 0.28 8123 1.50 0.02 0.05

S22-8 5818 5818 0.52 0.00 0.02 5818 0.52 0.00 0.13 5818 0.52 0.00 0.05

S22-9 8538 8418 0.00 0.00 0.03 8418 0.00 0.02 0.23 8418 0.00 0.02 0.06

S22-10 8 11534 11504 0.79 0.02 0.06 11474 0.53 0.05 0.28 11504 0.79 0.02 0.16

S22-11 7418 6978 0.00 0.02 0.03 6978 0.00 0.02 0.44 6978 0.00 0.03 0.20

S22-12 7612 7582 0.25 0.02 0.03 7582 0.25 0.02 0.38 7582 0.25 0.02 0.11

TS4 TS5 TS6Prob. N IS ---------------------Ff-----------BS Dev TTB Time BS {Dev TTB TT
ft

BS [Dev TTB TT

S22-1 3 3685 3685 0.00 0.00 0.02 3685 0.00 0.00 0.02 3685 0.00 0.00 0.02

S22-2 2373 2373 0.00 0.00 0.02 2373 0.00 0.00 0.00 2373 0.00 0.00 0.03

S22-3 4586 4586 0.00 0.00 0.00 4586 0.00 0.00 0.02 4586 0.00 0.00 0.03

S22-4 5 7631 7631 0.00 0.00 0.08 7631 0.00 0.00 0.08 7631 0.00 0.00 0.06
S22-5 4586 4502 0.00 0.06 0.09 4502 0.00 0.03 0.09 4502 0.00 0.02 0.08

S22-6 5632 5416 0.00 0.03 0.05 5416 0.00 0.03 0.11 5416 0.00 0.03 0.08

S22-7 6 8153 8003 0.00 0.03 0.05 8063 0.75 0.08 0.30 8063 0.75 0.05 0.16

S22-8 5818 5788 0.00 0.03 0.08 5818 0.52 0.00 0.14 5818 0.52 0.00 0.11

S22-9 8538 8418 0.00 0.02 0.11 8418 0.00 0.00 0.16 8418 0.00 0.02 0.28

S22-10 8 11534 11471 0.50 0.22 0.28 11474 0.53 0.05 0.31 11474 0.53 0.05 0.31

S22-1l 7418 6978 0.00 0.02 0.17 6978 0.00 0.03 0.30 6978 0.00 0.02 0.30

S22-12 7612 7582 0.25 0.02 0.14 7582 0.25 0.02 0.36 7582 0.25 0.00 0.34
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Figures D.2 and D.3 present the plots of used for model adequacy checking

after a logtransformation of the percentage deviation. The normality assumption

seems to be satisfied. Although the variances seem to vary a little, this variation

is not severe, and the analysis is continued with AN OVA.

Figure D.2. Model Checking for LogTransformed Response (Total Flow Time)



Figure D.3. Model Checking for LogTransformed Response (Makespan)



D.2. Lower Bounds versus Actual Optimal Solutions

In this section, experiments are run on twomachine small/medium size

problems of type 2. The results are presented in the tables that follow. The

description of the column headers in the tables are as follows.

N : The number of groups in the problem

Opt. Optimal solution value from Table D.1

LB : The lower bound (dual bound) identified by the B&P algorithm

Nnodes : Number of nodes in the B&P tree

Ncols Total number of columns generated

TT The total execution time, in seconds

Dev : The percentage deviation of LB from the optimal solution value

Minsetup LB : The lower bound based on procedure Minsetup

The following SAS code is used in the analysis.

proc gim;

CLASS problem ASTH;

model PD=problem ASTH;

random problem / test;

ismeans ASTH /cl;

means ASTH /tukey cldiff;

run; quit;
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Table D.6. Lower Bounds versus Optimal (Total Flow Time)

{ASTHPrOb. }NlI opt. LB INnodes]NcolsI TT IDev.IlMinsetup LB

180 S22-1 3 16746 16746 1 9 0.99 0.00 11739

S22-2 8514 8514 1 12 1.16 0.00 6574

S22-3 17933 17933 1 11 1.21 0.00 14168

S22-4 5 47218 47218 1 18 2.57 0.00 42511

S22-5 27025 26638 1 15 3.88 1.43 24663

S22-6 30972 30192 1 16 3.42 2.52 27708

S22-7 6 53867 53867 1 15 5.13 0.00 42864

S22-8 39677 39517 1 47 8.08 0.40 35411

S22-9 59557 58825 1 17 7.69 1.23 48462

S22-10 8 94932 93556 1 71 166.30 1.45 81441

S22-11 52866 50779 31 145 18000.00 3.95 45284

S22-12 62923 62662 1 32 49.77 0.41 53799

30 S22-1 3 10274 9996 1 11 1.62 2.71 8439

S22-2 6608 6453 1 13 1.89 2.36 5468

S22-3 12835 12775 1 10 1.83 0.47 11640

S22-4 5 32731 31768 1 24 2.25 2.94 28561

S22-5 18031 17511 152 491 3960.77 2.88 16074

S22-6 22887 22285 113 352 4305.40 2.63 21029

S22-7 6 37754 37430 1 25 3.16 0.86 33770

S22-8 26474 25981 78 441 4192.23 1.86 20743

S22-9 41347 40145 1 39 4.85 2.91 32282

S22-10 8 69945 68516 1 36 8.31 2.04 61657

S22-11 44143 43686 1 29 37.19 1.04 35462

S22-12 40891 39737 95 284 6927.57 2.82 35305
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Table D.7. Lower Bounds versus Optimal (Makespan)

ASTHProb. N JLB NnodeslNcolsj__TT lDev.IlMinsetup LB

180 S22-1 3 5830 5755 1 14 1.75 1.29 4955

S22-2 3573 3486 1 16 2.20 2.43 3393

S22-3 6236 6236 1 12 1.72 0.00 5696

S22-4 5 10465 10451 1 22 42.12 0.13 9371

S22-5 6602 6507 1 25 5.18 1.44 5967

S22-6 7027 6929 1 32 5.84 1.39 5669

S22-7 6 10591 10523 1 29 71.64 0.64 9083

S22-8 8188 8188 1 29 89.81 0.00 6948

S22-9 12168 12111 1 33 164.30 0.47 11068

S22-10 8 14689 14354 1 39 625.46 1.83 12734

S22-11 7848 7740 1 40 65.84 1.38 6480

S22-12 11019 10972 1 68 186.35 0.00 8992

30 S22-1 3 3685 3655 1 11 1.94 0.81 3505

S22-2 2373 2373 1 12 1.80 0.00 2343

S22-3 4586 4586 1 12 2.09 0.00 4496

S22-4 5 7631 7601 1 21 5.23 0.39 7421

S22-5 4502 4407 1 23 4.12 2.11 4167

S22-6 5416 5416 1 20 3.98 0.00 5132

S22-7 6 8003 7973 1 29 29.51 0.37 7733

S22-8 5788 5788 1 25 8.36 0.00 5548

S22-9 8418 8361 1 36 30.64 0.68 8118

S22-10 8 11471 11384 1 31 856.94 0.26 11084

S22-11 6978 6758 7 69 18000.00 3.15 5430

S22-12 7582 7522 1 34 260.98 0.54 7192
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Figures D.4 and D.5 present the plots used for model adequacy checking.

Figure D.4. Model Checking for Percentage Deviation (Total Flow Time)
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Figure D.5. Model Checking for Percentage Deviation (Makespan)
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D.3. Tabu Search versus Proposed Lower Bounds

This section presents the results of the experiments run to test the perfor-

mance of the various tabu search algorithms with respect to the proposed lower

bounds. All the problem instances are solved with the six tabu search algorithms

and the B&P algorithm for each of the two measures of performance. The results

are presented in the following tables. The description of the column headers in

the tables are as follows.

Prob. : The index of the problem

N The number of groups in the problem

IS : Initial solution value identified for the problem

BS : Best solution value identified by the tabu search heuristic

Dev The percentage deviation of BS from the lower bound

TTB : The time the best/optimal solution first identified, in seconds

TT : The total execution time, in seconds

ASTH : Average setup time per feeder on HSPM

The following SAS code is used in the analysis.

proc mixed;

class PT PS NM D ASTH TS PD;

model PD = PTPSJNMIASTHITS /ddfm=satterth;

random D(PT PS NM) ASTH*D(PT PS NM) TS*D(PT PS NM);

lsmeans ASTH TS /cl pdiff adjust=tukey;

ismeans PT*PS*TS /cl pdiff slice = PT*PS adjust = tukey;

run; quit;
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Table D.8. Small/Medium Size Two-Machine Problems of Type 1 (Total Flow
Time)

ASTH = 180-
TS1 TS2 TS3

Prob. N IS

BS !DevITTBI TT BS DevTTB TT BS IDevITTB] TT

S12-1 3 65889 65889 0.00 0.00 0.05 65889 0.00 0.00 0.09 65889 0.00 0.00 2.03

S12-2 5 197662 196548 0.22 0.05 0.08 196548 0.22 0.17 4.08 196548 0.22 0.03 1.77

S12-3 6 225000 220861 2.55 0.06 0.31 219284 1.81 0.03 1.94 219284 1.81 0.05 1.50

S12-4 7 508613 505162 2.84 0.06 0.14 501981 2.19 0.33 16.37 505162 2.84 0.06 1.55

TS4 TS5 TS6
Prob. N IS -- - -FI-BS Dev TTB TT BS_{Dev TTB TT BS Dev TTB] TT

S12-1 3 65889 65889 0.00 0.00 2.96 65889 0.00 0.00 0.23 65889 0.00 0.00 0.28

S12-2 5 197662 196548 0.22 0.06 2.89 196548 0.22 0.17 6.20 196548 0.22 0.17 6.20

S12-3 6 225000 219284 1.81 0.14 2.28 219284 1.81 0.09 4.84 219284 1.81 0.19 4.69

S12-4 7 508613 501981 2.19 0.16 2.78 501981 2.19 0.33 16.80 501981 2.19 0.31 16.73

ASTH=30[iii
j

__s__

- TTB TT BS {{B{TT BS

S12-1 3

_JjJv
47827 47827 2.23 0.00 0.08 47827 2.23 0.00 0.09 47827 2.23 0.00 0.93

S12-2 5 j141075 141075 3.04 0.03 0.08 140779 2.82 0.03 5.42 141075 3.04 0.02 0.97
S12-3 6 167567 167567 2.91 0.03 0.09 167265 2.73 0.00 1.36 167567 2.91 0.00 0.81

S12-4 7j[2296 402296 3.42 0.08 0.16 399810 2.78 0.53 12.30 402296 3.42 0.09 1.52

TS4 TS5 TS6Prob.N IS i---BS_jDev TTB TT BS Dev TTB TT BS Dev TTB TT

S12-1 3 47827 47827 2.23 0.00 1.74 47827 2.23 0.00 0.25 47827 2.23 0.00 0.28

S12-2 5 141075 140779 2.82 0.00 1.6111140779 2.82 0.03 6.31 140779 2.82 0.03 6.56

S12-3 6 167567 167265 2.73 0.02 1.63JJ167265 2.73 0.02 3.47 167265 2.73 0.02 3.28

S124 7 402296 399810 2.78 0.30 3.22I39981.99810 2.78 0.55 17.29 399810 2.78 0.53 18.68
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Table D.9. Small/Medium Size Two-Machine Problems of Type 2 (Total Flow
Time)

ASTH = 180

TS1 TS2 TS3
Prob. N IS

BS IDe\TITTBI TT BS DevITTB) TT BS DevITTBI TT

S12-1 3 16746 16746 0.00 0.00 0.02 16746 0.00 0.00 0.02 16746 0.00 0.00 0.02

S12-2 5 47218 47218 0.00 0.00 0.02 47218 0.00 0.00 0.19 47218 0.00 0.00 0.03

S12-3 6 56731 53867 0.00 0.02 0.02 53867 0.00 0.02 0.37 53867 0.00 0.02 0.05

S12-4 8 98594 96392 3.03 0.03 0.05 94932 1.47 0.28 1.64 96392 3.03 0.05 0.45

TS4 TS5 TS6N ISIProb.
L BS IDTITT TT BS DevITTBI TT BS IDevJTTBI TT

S12-1 3 16746 16746 0.00 0.00 0.02 16746 0.00 0.00 0.05 16746 0.00 0.00 0.05

S12-2 5 47218 47218 0.00 0.00 0.06 47218 0.00 0.00 0.52 47218 0.00 0.00 0.63

S12-3 6 56731 53867 0.00 0.02 0.32 53867 0.00 0.02 0.86 53867 0.00 0.02 0.88

S12-4 8 98594 96392 3.03 0.08 0.63 94932 1.47 0.19 1.95 94932 1.47 0.19 1.95

ASTH=30

TS1 TS2 TS3Prob. N IS

BS IDevITTBI TT BS IDevITTBI TT BS IDevITTBI TT

S12-1 3 10274 10274 2.78 0.00 0.00 10274 2.78 0.00 0.02 10274 2.78 0.00

S12-2 5 33751 32731 3.03 0.00 0.03 32731 3.03 0.00 0.27 32731 3.03 0.00 0.13

S12-3 6 38338 37754 0.87 0.00 0.03 37754 0.87 0.02 0.47 37754 0.87 0.02 0.26

S12-4 8 70280 69945 2.09 0.02 0.08 69945 2.09 0.02 1.03 69945 2.09 0.03 0.17

TS4 TS5 TS6Prob. N IS
BS Dev TTB TT BS Dev TTB TT BS Dev

}

TTB) TT

S12-1 3 10274 10274 2.78 0.00 0.12 10274 2.78 0.00 0.09 10274 2.78 0.00

S12-2 5 33751 32731 3.03 0.02 0.18 32731 3.03 0.02 0.51 32731 3.03 0.02 0.52

S12-3 6 38338 37754 0.87 0.02 0.28 37754 0.87 0.02 0.88 37754 0.87 0.00 0.95

S12-4 8 70280 69945 2.09 0.02 0.44 69945 2.09 0.02 1.58 69945 2.09 0.02 1.64
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Table D.1O. Large Size Two-Machine Problems of Type 1 (Total Flow Time)

ASTH = 180

TS1 TS2 TS3
Prob. N IS

BS Dev TTB TT BS Dev TTB TT BS_] Dev TTB TT

L12-1 9 674590 664116 8.2 0.20 0.38 658902 7.36 2.52 27.8 658902 7.36 0.53 17.2

L12-2 10 670531 667109 8.4 0.17 0.94 653365 6.16 2.56 10.1 655025 6.43 2.47 8.1

L12-3 11 884726 879417 12.0 0.28 0.59 861673 9.74 4.17 17.9 875306 11.47 0.78 4.7

L12-4 12 1099679 1098293 11.5 0.30 0.72 1090113 10.64 19.48 25.9 1090113 10.64 0.94 5.5

TS4 TS5 TS6
Prob. N IS -

BS_JDev[TTB] TT BS_] Dev TTBJTT BS_] Dev TTB TT

L12-1 9 674590 658902 7.4 1.86 20.96 658902 7.36 2.55 54.1 658902 7.36 2.53 53.9

L12-2 10 670531 653365 6.2 35.39 12.51 653365 6.16 3.05 28.4 653365 6.16 3.16 30.6

L12-3 11 884726 861673 9.7 3.22 21.36 861673 9.74 4.20 19.2 861673 9.74 4.14 22.1

L12-4 12 1099679 1090113 10.6 4.71 32.18 1090113 10.64 19.55 59.5 1090113 10.64 20.80 60.6

ill IisTH=3iiiiiI 11111111
ft TS1 TS2 TS3

Prob. Nil IS
BS Dev TTB TT BS Dev TTB TT BS Dev TTB [TT

L12-1 9 524578 521946 5.0 0.08 0.55 519651 4.55 1.23 27.8 519651 4.55 0.36 2.2

L12-2 10 498602 497119 2.5 0.09 0.57 496105 2.32 0.13 10.8 496105 2.32 0.28 2.2

L12-3 11 643960 642974 9.2 0.14 0.42 641477 8.96 1.72 22.1 642974 9.22 0.49 4.1

L12-4 12 809598 806670 9.9 0.09 0.79 806670 9.89 2.38 31.5 806670 9.89 0.34 5.5

TS4 TS5 TS6
Prob. N IS -

BS Dev]TTB TT BS Dev TTB] TT BS Dev JTT

L12-1 9 524578 519651 4.6 0.80 19.74 519651 4.55 1.25 60.3 519651 4.55 1.23 59.9

L12-2 10 498602 495593 2.2 0.72 22.00 495593 2.22 0.33 24.8 495593 2.22 0.86 25.3

L12-3 11 643960 641477 8.9 1.28 39.04 641477 8.96 1.73 51.3 641477 8.96 1.69 51.6

L12-4 12 809598 806400 9.9 61.74 66.83 806670 9.89 2.42 80.6 806670 9.89 2.36 83.3
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Table D.11. Large Size Two-Machine Problems of Type 2 (Total Flow Time)

ASTH=180

Prob.N IS
TS1 ft TS2 TS3

BS Dev TTB
-If

TT BS kHTTB TT BS Dev TTB TT

L22-1

L22-2

L22-3

L22-4

10

11

13

14

146500

137581

207398

200383

141558

137166

196344

196611

5.29

8.05

10.72

8.80

0.05

0.11

0.17

0.25

0.11

0.17

0.27

0.38

140252

137000

192560

194382

4.32

7.92

8.59

7.57

0.73

1.25

2.39

0.92

3.55

3.31

6.64

7.14

141558

134049

195962

196611

5.29

5.60

10.51

8.80

0.05

0.30

0.69

0.58

1.22

0.42

1.20

0.89

Prob. N 11

IS II

TS4 TS5 TS6

BS IDevTTBITT BS IDevTTBTT BS DevITTBjTT
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Table D.12. Small/Medium Size Three-Machine Problems of Type 1 (Total
Flow Time)

ASTH = 180

TS1 TS2 TS3
Prob.N IS -

BS Dev TTB TT BS Dev TTB]Time BS DevITTB TT

S13-1 3 96210 95559 0.94 0.05 0.08 95559 0.94 0.00 0.94 0.02 0.23

S13-2 5 226119 224536 0.61 0.05 0.09 223723 0.24 0.28 7.91 224536 0.61 0.28 2.31

S13-3 6 280112 280112 6.29 0.05 0.09 279228 5.96 0.03 1.77 280112 6.29 0.13 6.64

S13-4 8 652299 643814 10.57 0.19 0.31 630908 8.36 11.64 16.73 633787 8.85 1.38 4.53

TS4 TS5 TS6
Prob. N IS - - -

BS Dev TTB Time BS Dcv TTB TT BS Dev TTB TT

S13-1 3 96210 95559 0.94 Jii 95559 0.94 0.00 0.13 95559 0.94 0.05 0.44

S13-2 5 226119 223723 0.24 0.09 1.50 223723 0.24 0.28 10.30 223723 0.24 0.28 11.33

S13-3 6 280112 279228 5.96 0.09 3.34 279228 5.96 0.06 3.56 279228 5.96 0.13 3.03

S13-4 8 652299 630908 8.36 13.88 15.38 630908 8.36 12.23 19.33 630908 8.36 12.66 20.41

LIII____
ii TS1 [ TS2 TS3

L!JLJ_BS JDeV1TTII BS }fTTBJThnell BS [Dcv TTh

S13.-1 3 79397 78725 3.64 0.00 0.11 78725 3.64 0.00 0.02 78725 3.64 0.00 1.03

S13-2 5 17539811174955 4.20 0.03 0.16 173318 3.22 0.05 7.63 173318 3.22 0.06 1.08

S13-3 6 21463011213829 3.12 0.03 0.38 212316 2.39 0.05 4.22 213829 3.12 0.08 1.77

S13-4 8 498228J[5896 1.01 0.11 0.35 497417 1.32 2.14 35.39 495896 1.01 0.30 3.53

TS4 TS5 TS6Prob.N IS --- ----
BS Dev ]TTB Time BS Dcv TTB TT BS_]DeV[TTB TT

S13-1 3 79397 77265 1.72 0.02 0.11 78725 3.64 0.02 0.14 77265 1.72 0.15 0.23

S13-2 5 175398 173318 3.22 0.02 1.56 173318 3.22 0.05 9.94 173318 3.22 0.05 9.80

S13-3 6 214630 211829 2.16 0.20 2.44 212316 2.39 0.14 5.92 212316 2.39 0.25 6.20

S13-4 8 498228 495417 0.91 1.06 16.38 497417 1.32 2.16 66.19 497417 1.32 2.14 72.30



Table D.13. Small/Medium Size Three-Machine Problems of Type 2 (Total
Flow Time)

ASTH=180 __________]
TS1 TS2 TS3Prob.N IS

If
BS IDevTTBj TT BS DevTTB'TimeJI BS JDev TTB] TT

S23-1 4 35600 35379 1.24 0.05 0.06 35379 1.24 0.03 0.11 35379 1.24 0.05 0.02

S23-2 5 26266 26266 2.44 0.03 0.05 25946 1.19 0.03 0.16 25946 1.19 0.03 0.23

S23-3 6 48344 47762 2.45 0.03 0.06 46649 0.07 0.03 0.50 46649 0.07 0.03 0.15

S23-4 8 113811 113791 0.39 0.05 0.08 113791 0.39 0.02 1.03 113791 0.39 0.05 0.25

TS4 TS5 TS6Prob.N IS
BS Dev TTB Time BS_IDev TTB TT BS Dev TTB TT

35600 35379 1.24 35379 1.24 0.03 35379 1.24 0.02 0.39

S23-2 5 26098 25946 1.19 0.02 0.25 25946 1.19 0.02 0.30 25946 1.19 0.02 0.29

S23-3 6 47344 46649 0.07 0.03 0.26 46649 0.07 0.03 0.99 46649 0.07 0.03 1.15

S23-4 8 113811 113791 0.39 0.02 0.38 113791 0.39 0.02 1.90 113791 0.39 0.02 1.98

ASTH =30

TS1 TS2 TS3Prob. N IS - -
BS Dev TTB TT BS fTTBJTime BS Dev TTB TT

S23-1 4 27350 27350 1.32 0.00 0.05 27350 1.32 0.00 0.13 27350 1.32 0.00 0.02

S23-2 5 19280 19280 2.44 0.02 0.06 19209 2.07 0.02 0.33 19209 2.07 0.02 0.63

S23-3 6 35392 35392 2.44 0.00 0.05 35392 2.44 0.00 0.29 35392 2.44 0.00 0.05

S23-4 8 89799 89799 1.40 0.00 0.08 89527 1.09 0.27 1.11 89799 1.40 0.00 0.16

TS4 TS5 TS6Prob.N IS
BS_[Dev
---

TTB Time BS Dev]TTB TT BS JDev TTB TT

S23-1 4 27350 27350 1.32 0.00 0.03 27350 1.32 0.00 0.34 27350 1.32 0.00 0.34

S23-2 5 19280 19209 2.07 0.02 0.08 19209 2.07 0.02 0.91 19209 2.07 0.02 0.91

S23-3 6 35392 35392 2.44 0.00 0.16 35392 2.44 0.00 0.50 35392 2.44 0.00 0.52

S23-4 8 89799 89527 1.09 0.44 0.47 89527 1.09 0.28 1.59 89527 1.09 0.28 1.62
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Table D.14. Large Size Three-Machine Problems of Type 1 (Total Flow Time)

ASTH = 180

TS1 TS2 TS3Prob.N IS
IBS lDevTTB] TT BS Dcv TTB Time BS_[Dev }TTB TT

L13-1 9 578921 577188 10.5 0.11 0.28 571697 9.41 0.13 13.8 577188 10.46 0.19 5.4

L13-2 10 662458 653959 12.5 0.27 0.52 639631 10.04 1.53 16.3 639631 10.04 2.31 7.9

L13-3 11 324857 301986 12.1 0.11 0.17 296854 10.17 1.61 3.7 299306 11.08 0.22 3.4

L13-4 12 1230356 1209430 12.9 0.50 1.02 1195086 11.52 19.66 38.7 1208430 12.77 8.27 13.7

TS4 TS5 TS6Prob.N IS - --
BS_}Dev TTB Time BS Dcv [TTB TT BS Dcv TTB TT

L13-1 9 578921 571697 9.4 0.64 8.08 571697 9.41 0.16 38.3 571697 9.41 0.20 41.1

L13-2 10 662458 639026 9.9 32.81 25.00 639631 10.04 1.52 34.6 639631 10.04 2.11 32.1

L13-3 11 324857 297320 10.3 1.08 4.19 296854 10.17 1.73 6.9 296854 10.17 1.72 6.9

L13-4 12 1230356 1195086 11.5 9.06 53.64 1195086 11.52 20.28 45.5 1195086 11.52 21.04 47.9

ASTH =30

TS1 JI TS2 TS3Prob.N
BS DevTTBTTIfJe BS

L13-1 9 435693 432282 9.6 0.14 0.34 429282 8.80 0.16 13.4 429282 8.80 0.22 4.7

L13-2 10 495222 493508 4.1 0.16 0.41 490887 3.57 1.16 18.6 493508 4.13 0.27 3.4

L13-3 11 292488 285490 12.8 0.09 0.16 282358 11.52 1.86 5.5 285490 12.76 0.20 3.3

L13-4 12 941612 940316 4.0 0.38 0.94 937065 3.64 0.72 43.2 937065 3.64 0.94 16.6

I TI TS4 if TS5 II

ISIProb.INII - -.fr -ft
LLTI___ BS Dcv TTB BS_JLJI_BS Dcv TTB[TT
L13-1 9 435693 429282 8.8 0.39 13.47 429282 8.80 0.38 24.8 429282 8.80 0.48 26.9

L13-2 10 495222 490532 3.5 0.86 27.97 490532 3.50 3.09 41.6 490532 3.50 3.08 42.6

L13-3 11 292488 282490 11.6 0.23 3.88 282358 11.52 1.97 5.7 282358 11.52 1.98 5.9

L13-4 12 941612 937065 3.6 0.56 31.33 937065 3.64 0.70 91.6 937065 3.64 0.89 93.5
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Table D.15. Large Size Three-Machine Problems of Type 2 (Total Flow Time)

ASTH=180 ___________]
TS1 11 TS2 TS3

Prob. N
Dev'TTBJTIme BS]DevTTBITT

L23-1 10 153851 150760 2.32 0.08 0.14 148133 0.54 3.56 3.58 150760 2.32 0.03 0.25

L23-2 11 128888 124218 10.63 0.11 0.17 119964 6.84 0.09 4.06 119964 6.84 0.08 1.00

L23-3 12 170788 164161 9.72 0.16 0.25 160819 7.48 5.95 5.95 161621 8.02 0.19 1.55

L23-4 14 230445 222713 11.81 0.33 0.49 220017 10.45 1.95 8.81 220674 10.78 0.77 1.28

TS4 TS5 TS6
Prob.N IS

BS Dev TTBITime BS JTTBJ7i BS
]

Dev TTB TT

L23-1 10 153851 150760 2.32 0.08 1.06 148133 0.54 3.73 4.75 148133 0.54 3.75 4.77

L23-2 11 128888 119964 6.84 0.13 1.22 119964 6.84 0.09 5.30 119964 6.84 0.09 5.34

L23-3 12 170788 161621 8.02 0.36 3.45 160819 7.48 6.25 7.25 160819 7.48 6.25 7.27

L23-4 14 230445 220017 10.45 0.94 7.63 220017 10.45 2.03 11.33 220017 10.45 2.06 11.30

il-i
TS1 TS2 TS3

Prob.N IS
BS Dev TTB TT BS

]

Dev TTB Time BS Dev TTB TT

L23-1 10 114171 114016 0.68 0.08 0.14 114016 0.68 0.05 3.34 114016 0.68 0.03 0.23

L23-2 11 116290 106838 11.25 0.13 0.20 104824 9.15 0.72 4.06 104838 9.16 0.11 1.34

L23-3 12 120919 119722 6.07 0.08 0.19 118252 4.77 0.06 5.98 118252 4.77 0.06 1.45

L23-4 14 170689 170689 2.29 0.11 0.24 168899 1.22 1.91 8.81 169200 1.40 0.09 3.75

TS4 TS5 TS6
Prob.NII IS

jj
BS Dev TTB Time BS Dev TTB TT BS Dev TTB TT

L23-1 10 114171 114016 0.68 0.06 1.13 114016 0.68 0.05 5.12 114016 0.68 0.05 5.55

L23-2 11 116290 104824 9.15 0.20 1.08 104824 9.15 0.78 5.30 104824 9.15 0.78 5.28

L23-3 12 120919 118252 4.77 0.11 2.05 118252 4.77 0.08 7.33 118252 4.77 0.06 7.28

L23-4 14 170327 168899 1.22 0.19 6.77 168899 1.22 1.98 14.23 168899 1.22 1.98 14.93
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Figure D.6 presents the plots of used to check whether the assumptions of

ANOVA are satisfied.

-

._-'.'

Figure D.6. Model Checking for Tabu Search versus Lower Bounds (Total Flow
Time)
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Table D.16. Small/Medium Size Two-Machine Problems of Type 1 (Makespan)

ASTH = 180

TS1 TS2 TS3Prob.N IS -
BS DevTTB TT BS Dev TTBjTime BS _ DevTTB TT

S12-1 3 11254 11074 0.00 0.03 0.06 11074 0.00 0.02 0.95 11074 0.00 0.02 0.31

S12-2 5 20134 19978 2.00 0.02 0.03 19594 0.04 0.70 2.02 19594 0.04 0.12 0.25

S12-3 6 19402 19402 2.86 0.06 0.08 19052 1.01 0.08 3.58 19402 2.86 0.14 0.89

S12-4 7 35439 33895 4.22 0.09 0.14 33674 3.54 1.11 5.93 33895 4.22 0.25 1.70

TS4 TS5 TS6Prob.N IS
BS jTTB [Time BS Dev TTB] TT BS Dev]TTB TT

S12-1 3 11254 11074 0.00 0.02 0.71 11074 0.00 0.02 1.78 11074 0.00 0.02 1.93

S12-2 5 20134 19594 0.04 0.16 0.85 19594 0.04 0.72 3.11 19594 0.04 0.72 3.36

S12-3 6 19402 19052 1.01 0.16 1.90 19052 1.01 0.23 4.67 19052 1.01 0.27 4.81

S12-4 7 35439 33535 3.11 0.63 3.01 33674 3.54 1.11 8.33 33674 3.54 1.11 8.84

LIII II IIIsIiiiIiiIIiI
TS1 TS2 TS3Prob.N IS

BS ]Dev TTB TT BS Dev TTB Time BS Dev TTB TT

S12-1 3 8554 8524 0.00 0.02 0.10 8524 0.00 0.02 1.05 8524 0.00 0.00 0.93

S12-2 5 15184 15178 0.61 0.02 0.21 15094 0.05 0.48 2.16 15178 0.61 0.05 0.89

S12-3 6 14752 14722 1.80 0.03 0.06 14722 1.80 0.05 1.58 14722 1.80 0.06 0.81

S12-4 7 27489 27309 2.74 0.03 0.09 27129 2.07 4.47 5.55 27309 2.74 0.09 0.98

TS4 TS5 TS6Prob.N IS
BS Dev] TTB] Time BS Dev TTB TT BS Dev TTB TT

S12-1 3 8554 8524 0.00 0.02 0.05 8524 0.00 0.02 3.08 8524 0.00 0.02 3.08

S12-2 5 15184 15094 0.05 0.23 0.28 15094 0.05 0.50 3.20 15094 0.05 0.50 3.20

S12-3 6 14752 14722 1.80 0.09 0.58 14722 1.80 0.13 3.56 14722 1.80 0.14 3.72

S12-4 7 27489 27189 2.29 0.58 1.06 27129 2.07 4.50 8.64 27129 2.07 4.55 8.99



265

Table D.17. Small/Medium Size Two-Machine Problems of Type 2 (Makespan)

- ASTH= 180

TS1 TS2 TS3Prob.N IS
I

BS (DevTTB TT BS DevITTB Time BS DevITTBI TT

S12-1 3 5935 5830 1.30 0.00 0.02 5830 1.30 0.00 0.00 5830 1.30 0.02 0.02

S12-2 5 10631 10631 1.72 0.00 0.02 10465 0.13 0.02 0.06 10631 1.72 0.00 0.02

S12-3 6 11603 10937 3.93 0.02 0.02 10591 0.65 0.16 0.27 10703 1.71 0.02 0.26

S12-4 8 15434 14689 2.33 0.02 0.05 14689 2.33 0.02 0.93 14689 2.33 0.03 0.14

IT TS4 TS5 TS6
Prob. N IS If- -*--

II
BS }TTB Time BS [Devf TT BS {Dev TTB TT

S12-1 3 5935 5830 1.30 0.00 0.22 5830 1.30 0.00 0.02 5830 1.30 0.00 0.02

S12-2 5 10631 10631 1.72 0.00 0.13 10465 0.13 0.02 0.16 10465 0.13 0.02 0.15

S12-3 6 11603 10591 0.65 0.05 0.39 10591 0.65 0.09 0.76 10591 0.65 0.17 0.67

S12-4 8 15434 14689 2.33 0.03 0.26 14689 2.33 0.02 1.56 14689 2.33 0.02 1.48

TS1 If TS2 TS3Prob.N IS ------------f---------------
BS JDev TTB TT BS {Dev [TTBJTime BS Dev[TTB [TT

S12-1 3 3685 3685 0.82 0.00 0.02 3685 0.82 0.00 0.12 3685 0.82 0.00 0.02

S12-2 5 7631 7631 0.39 0.00 0.02 7631 0.39 0.00 0.21 7631 0.39 0.00 0.03

S12-3 6 8153 8123 1.88 0.02 0.03 8063 1.13 0.08 0.28 8123 1.88 0.02 0.05

S12-4 7 11534 11504 1.05 0.02 0.06 11474 0.79 0.05 0.38 11504 1.05 0.02 0.16

F TS4 TS5 TS6Prob.N IS
BS Dev[TTB Time BS }DeV}TTB TT BS Dev TTB TT

S12-1 3 3685 3685 0.82 0.00 0.02 3685 0.82 0.00 0.32 3685 0.82 0.00 0.12

S12-2 5 7631 7631 0.39 0.00 0.08 7631 0.39 0.00 0.58 7631 0.39 0.00 0.73

S12-3 6 8153 8003 0.38 0.03 0.05 8063 1.13 0.08 0.70 8063 1.13 0.05 0.86

S12-4 7 11534 11471 0.76 0.22 0.28 11474 0.79 0.05 0.11 11474 0.79 0.05 0.21
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Table D.18. Large Size Two-Machine Problems of Type 1 (Makespan)

ASTH= 180

TS1 TS2 TS3
Prob. N IS

I IBS Dev TTB TT BS Dev TTB Time BS Dev [TTB TT

L12-1 9 37581 37123 8.61 0.09 0.22 36361 6.38 0.52 12.26 36361 6.38 0.45 1.89

L12-2 10 38392 37312 9.99 0.12 0.28 37132 9.46 0.66 4.35 37132 9.46 1.61 2.78

L12-3 11 43024 41404 10.60 0.31 0.56 40504 8.20 12.25 14.51 40864 9.16 4.64 5.55

L12-4 12 48185 47109 11.83 0.98 1.34 45728 8.56 15.54 37.52 46025 9.26 3.81 9.25

TS4 TS5 TS6
Prob.N IS

BS Dev TTB Time BS Dev TTB TT BS Dev [TTB TT

L12-1 9 37581 36361 6.38 0.28 3.08 36361 6.38 0.52 17.41 36361 6.38 0.52 18.34

L12-2 10 38392 37312 9.99 0.41 5.19 37132 9.46 0.89 16.53 37132 9.46 0.89 17.66

L12-3 11 43024 40438 8.02 5.42 9.20 40504 8.20 12.50 39.67 40504 8.20 12.40 39.20

L12-4 12 48185 46025 9.26 3.45 14.60 45728 8.56 15.06 61.20 45728 8.56 15.60 61.70

ASTH 30

TS1 TS2 TS3
Prob. N IS

BS
-
Dev
-

[TTB
-
TT BS Dev TTB]Time BS iJTTB TT

L12-1 9 30381 30351 4.54 0.05 0.17 30231 4.13 11.79 9.36 30351 4.54 0.17 2.77

L12-2 10 29542 29362 4.82 0.13 0.27 29332 4.72 0.81 5.83 29332 4.72 1.52 2.70

L12-3 11 32044 31811 6.54 0.50 0.75 31744 6.32 3.21 19.93 31744 6.32 1.80 4.78

L12-4 12 36485 36125 13.22 1.00 1.36 36125 13.22 26.11 41.02 36125 13.22 3.88 9.25

TS4 TS5 TS6
Prob.N IS

BS Dev TTB]Time BS Dev TTB TT BS Dev TTB TT

L12-1 9 30381 30321 4.44 1.81 7.20 30231 4.13 11.59 18.89 30231 4.13 11.39 17.59

L12-2 10 29542 29362 4.82 0.39 6.44 29332 4.72 1.91 12.41 29332 4.72 2.08 13.84

L12-3 11 32044 31744 6.32 1.61 8.73 31744 6.32 3.30 49.36 31744 6.32 3.40 50.94

L12-4 12 36485 36098 13.14 11.28 24.41 36125 13.22 25.73 88.05 36125 13.22 25.56 89.80
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Table D.19. Large Size Two-Machine Problems of Type 2 (Makespan)

ASTH=180

TS1 TS2 TS3Prob. N IS
IBS Dev I TTB TT BS DevITTB Time BS Dev TTBI TT

L22-1 10 19865 19325 10.51 0.03 0.09 18965 8.45 0.53 1.72 19325 10.51 0.03 0.19

L22-2 11 19299 17729 9.97 0.13 0.19 17249 7.00 0.25 2.19 17729 9.97 0.11 0.30

L22-3 13 22057 20437 12.71 013 0.22 19717 8.74 0.34 4.02 20077 10.73 0.69 0.80

L22-4 14 23002 22282 16.86 0.05 0.20 20667 8.39 1.36 5.69 21922 14.97 0.22 0.56

TS4 TS5 TS6Prob.N IS
BS Dev TTB]Time BS Dev TTB TT BS Dev TTB TT

L22-1 101119865 18965 8.45 0.31 0.36 18965 8.45 0.53 3.75 18965 8.45 0.56 3.77

L22-2 111119299 17249 7.00 0.31 0.58 17249 7.00 0.27 4.25 17249 7.00 0.27 4.25

L22-3 131122057 19717 8.74 0.52 0.78 19717 8.74 0.38 7.13 19717 8.74 0.36 6.33

L22-4 j{23002 21382 12.14 0.38 0.75 20667 8.39 1.44 9.81 20667 8.39 1.45 9.83

ASTHr=301
T TS1 TS2 TS3Prob.N IS 11-SfJ s ev Lme BS[Dev TTB TT-

L22-1 iJfi2jfi5 5.68 0.05 0.09 13565 4.76 0.23 1.83 13685 5.68 0.05 0.90

L22-2 11 13749 13379 4.85 0.09 0.14 13330 4.47 1.31 2.33 13379 4.85 0.12 0.91

L22-3 13 15307 15216 10.73 0.19 0.25 15007 9.21 0.30 3.19 15007 9.21 0.30 0.94

L22-4 14 16552 16432 2.69 0.03 0.13 16252 1.56 0.77 4.72 16372 2.31 0.23 0.85

11 fi TS4 IT TS5 TS6jjBSjDevJtJ
L22-1 10 13822 13565 4.76 0.06 1.97 13565 4.76 0.23 1.88 13565 4.76 0.25 1.89

L22-2 11 13749 13354 4.66 0.63 1.70 13330 4.47 1.42 3.45 13330 4.47 1.42 3.45

L22-3 13 15307 15007 9.21 0.33 2.47 15007 9.21 0.33 7.31 15007 9.21 0.33 7.40

L22-4 14 16552 16222 1.37 0.45 2.02 16252 1.56 0.83 9.88 16252 1.56 0.81 9.98



Table D.20. Small/Medium Size Three-Machine Problems of Type 1

(Makespan)

ASTH= 180

TS1 TS2 TS3
Prob.N IS

IBS DevTTB TT BS DevTTB Time BS DevTTBl TT

S13-1 3 14037 13255 2.46 0.00 0.02 13451 3.97 0.02 1.03 13255 2.46 0.00 0.95

S13-2 5 20396 19892 1.46 0.02 0.03 19718 0.58 0.91 3.33 19718 0.58 0.03 1.93

S13-3 6 23253 23073 3.21 0.02 0.06 22533 0.79 0.27 2.12 22533 0.79 0.03 2.33

S13-4 8 38356 37480 9.35 0.09 0.22 36914 7.70 5.22 11.73 37021 8.01 0.28 2.96

TS4 TS5 TS6
Prob.N IS

BS Dev TTB Time BS Dev TTB TT BS Dev TTB TT

S13.-1 3 14037 13109 1.33 0.03 2.36 13451 3.97 0.03 2.78 13109 1.33 0.03 2.94

S13-2 5 20396 19682 0.39 0.25 5.53 19718 0.58 0.89 5.36 19718 0.58 0.91 5.38

S13-3 6 23253 22476 0.54 0.25 5.53 22533 0.79 0.27 4.64 22533 0.79 0.30 4.75

S13-4 8 38356 37402 9.13 2.19 7.59 36914 7.70 5.30 18.94 36914 7.70 5.27 18.06

ASTH =30

TS1 TS2 TS3Prob.N IS
BS [Dev TTB TT BS [Dev TTB Time BS [Dev TTB TT

S13-.1 3 11278 10855 4.36 0.02 0.02 10709 2.96 0.02 4.03 10855 4.36 0.02 0.05

S13-2 5 16526 16118 1.11 0.06 0.08 16118 1.11 0.31 3.66 16118 1.11 0.14 0.38

S13-3 6 17703 17673 1.53 0.02 0.05 17583 1.02 0.53 6.77 17583 1.02 0.03 0.34

S13-4 8 31756 32019 8.25 0.39 0.53 31162 5.36 4.38 11.39 31192 5.46 1.08 3.28

TS4 TS5 TS6
Prob. N [[me
S13-1 3 11278 10709 2.96 0.02 0.18 10709 2.96 0.02 11.08 10709 2.96 0.03 11.11

S13-2 5 16526 16082 0.88 0.17 1.18 16118 1.11 0.30 9.72 16118 1.11 0.31 9.75

S13-3 6 17703 17526 0.69 0.25 1.08 17583 1.02 0.55 16.19 17583 1.02 0.56 16.30

S13-4 8 31756 31192 5.46 1.23 9.09 31162 5.36 4.39 31.52 31162 5.36 4.44 31.77
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Table D.21. Small/Medium Size Three-Machine Problems of Type 2
(Makespan)

ASTH=180 __________I
TS1 TS2 TS3

Prob.N IS
BS lDev TTB TT BS__DevTTBITime BS DevTTB TT

S23-1 4 9473 9325 3.31 0.03 0.05 9290 2.92 0.00 0.03 9290 2.92 0.02 0.12

S23-2 5 6363 6363 2.83 0.00 0.05 6363 2.83 0.00 0.35 6363 2.83 0.00 0.22

S23-3 6 9959 9717 4.52 0.03 0.06 9357 0.65 0.08 0.20 9717 4.52 0.02 0.06

S23-4 8 18696 17616 1.43 0.05 0.08 17616 1.43 0.05 0.99 17616 1.43 0.05 0.12

TS4 TS5 TS6
Prob.N IS

BS Dev TTB}Time BS Dev TTB TT BS [Dev TTB TT

S23-1 4 9473 9290 2.92 0.02 0.13 9290 2.92 0.02 0.13 9290 2.92 0.03 0.28

S23-2 5 6363 6363 2.83 0.00 0.32 6363 2.83 0.00 0.25 6363 2.83 0.00 0.49

S23-3 6 9959 9357 0.65 0.06 0.19 9357 0.65 0.08 0.37 9357 0.65 0.11 0.30

S23-4 8 18696 17616 1.43 0.05 0.26 17616 1.43 0.03 2.34 17616 1.43 0.08 2.45

ASTH =30--
TS1 TS2 TS3

Prob.N IS ----
BS Dev TTB TT BS jjTTB[Time BS Dev[TTB TT

S23-1 4 7673 6890 1.23 0.03 0.05 6890 1.23 0.00 0.03jf 6890 1.23 0.02 0.02

S23-2 5 4782 4782 2.95 0.00 0.05 4782 2.95 0.00 0.05 4782 2.95 0.00 0.13

S23-3 6 7722 7447 1.28 0.03 0.05 7447 1.28 0.02 0.67 7447 1.28 0.02 0.25

S23-4 8 14946 14813 1.17 0.06 0.09 14783 0.97 0.09 0.67 jJ3 1.17 0.03 0.23

I TS4 TS5 if TS6
Prob.jN IS Ii-

BS [Dev[TTBfFie BS ]DeV}TTB TT BS Dev TTB{TT

S23-1 4 7673 6890 1.23 0.02 0.13 6890 1.23 0.02 0.15 6890 1.23 0.02 0.15

S23-2 5 4782 4782 2.95 0.00 0.13 4782 2.95 0.00 0.16 4782 2.95 0.00 0.26

S23-3 6 7722 7447 1.28 0.02 0.38 7447 1.28 0.02 1.19 7447 1.28 0.02 1.20

S23-4 8 14946 14813 1.17 0.05 0.38 14783 0.97 0.09 1.48 14783 0.97 0.09 1.50
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Table D.22. Large Size Three-Machine Problems of Type 1 (Makespan)

ASTH = 180

TS1 TS2 TS3
Prob.N IS

BS Dev JTTBI TT BS Dev [TTB Time11 BS Dev TTBT TT

L13-1 9 36011 35761 11.11 0.03 0.17 35221 9.43 1.16 9.56 35581 10.55 0.09 2.20

L13-2 10 36694 35703 13.03 0.13 0.33 35222 11.51 0.78 11.89 35222 11.51 1.41 6.07

L13-3 11 23767 23149 13.58 0.03 0.08 22993 12.82 0.33 12.95 23149 13.58 0.03 5.20

L13-4 12 56996 54476 10.83 0.56 1.00 54476 10.83 1.03 29.02 54476 10.83 1.66 5.97

TS4 TS5 TS6
Prob. N IS It-

S[Dev ]Thne rev Dev TT

L13-1 9 36011 35221 9.43 1.08 5.89 35221 9.43 1.36 15.17 35221 9.43 1.83 15.42

L13-2 10 36694 35332 11.86 1.97 16.80 35222 11.51 1.22 21.16 35222 11.51 1.48 21.36

L13-3 11 23767 23149 13.58 0.03 14.31 22993 12.82 0.34 26.02 22993 12.82 0.36 25.72

L13-4 12 56996 53748 9.35 8.33 17.64 54476 10.83 1.97 55.53 54275 10.42 19.34 57.89

ASTH =30

ft TS1 ft TS2 Ti TS3
b.

BS Dev j jjDevJ flme BS
]

]TTB
[

L13-1 9 27971 27841 10.59 0.03 0.17 27721 10.11 1.89 8.44 27751 10.23 2.45 2.81

L13-2 10 28744 28503 8.60 0.13 0.33 28472 8.48 0.78 13.61 28472 8.48 1.63 4.45

L13-3 11 30959 29741 10.80 0.08 0.13 29741 10.80 0.13 19.13 29741 10.80 0.11 5.80

L13-4 12 43166 42588 6.16 0.64 1.08 42588 6.16 1.17 22.39 42588 6.16 1.84 8.98

TS4 TS5 TS6
Prob.N IS ---

BS
]

Dev TTB Time BS Dev TTB TT BS Dev TTB[ TT

L13-1 9 27971 27781 10.35 0.91 8.91 27721 10.11 2.41 21.86 27721 10.11 3.09 22.05

L13-2 10 28744 28492 8.55 2.73 12.77 28472 8.48 1.25 30.19 28472 8.48 1.50 31.77

L13-3 11 30959 29741 10.80 0.13 14.52 29741 10.80 0.13 45.20 29741 10.80 0.13 45.20

L13-4 12 43166 42545 6.05 2.02 24.06 42588 6.16 1.30 47.70 42545 6.05 17.33 48.06
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Table D.23. Large Size Three-Machine Problems of Type 2 (Makespan)

ASTH = 180

TS1 TS2 TS3
Prob. N IS

IBS
J

Dev JTTBJTT BS DevTTBITime BiDev TTB[TT

L23-1 10 19963 18855 4.95 0.06 0.09 18495 2.94 0.16 2.88 18495 2.94 0.25 0.30

L23.-2 11 16175 16214 9.43 0.00 0.06 15815 6.74 0.02 2.98 15815 6.74 0.02 0.19

L23-3 12 19337 17897 12.06 0.09 0.16 17537 9.81 1.31 4.95 17897 12.06 0.16 1.48

L23-4 14 26648 24675 10.48 0.20 0.31 24495 9.68 1.31 6.41 24675 10.48 0.31 2.28

11 TS4 TS5 TS6
Prob. N IS IF-

BS Dev ]TTB] Time BS Dev TTB TT BS [Dev TTB TT

L23-1 10 19963 18855 4.95 0.09 0.92 18495 2.94 0.19 5.14 18495 2.94 0.19 5.05

L23-2 11 16175 15398 3.92 0.11 0.31 15815 6.74 0.02 5.05 15815 6.74 0.03 5.06

L23-3 12 19337 17537 9.81 0.17 3.95 17537 9.81 1.45 9.11 17537 9.81 1.39 9.98

L23-4 14 26648 24675 10.48 0.31 6.19 24495 9.68 1.39 8.91 24495 9.68 1.39 8.85

TS1 TS2 TS3Prob.N IS
BS

]

Dev TTB TT BS [Dev[TTB[Time BS
{
Dev ]TTB TT

L23-1 10 15613 15405 1.72 0.05 0.09 15345 1.32 0.16 1.78 15345 1.32 0.25 0.30

L23-2 11 15162 13332 9.51 0.08 0.13 13332 9.51 0.13 2.33 13332 9.51 0.11 0.34

L23-3 12 13787 13547 1.79 0.09 0.16 13517 1.56 0.62 5.73 13547 1.79 0.14 1.47

L23-4 14 18848 18185 7.88 0.39 0.52 18185 7.88 0.83 6.47 18185 7.88 0.63 3.80

TS4 TS5 TI TS6
Prob.N IS -------------If------------I1---------------BS Dev TTB Timeji BS Dev{TTB TT

JJ

BS Dev TTB] TT

L23-1 10 15613 15345 1.32 0.09 0.52 15345 1.32 0.20 2.91 15345 1.32 0.17 2.83

L23-2 11 15162 13332 9.51 0.13 0.98 13332 9.51 0.17 3.49 13332 9.51 0.13 3.45

L23-3 12 13787 13517 1.56 0.17 2.89 13517 1.56 0.64 8.81 13517 1.56 0.64 8.11

L23-4 14 18848 18155 7.70 0.98 4.66 18185 7.88 0.86 10.67 18185 7.88 0.86 10.69
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Figure D.7 presents the plots of used to check whether the assumptions of

ANOVA are satisfied.

;

I

I I

I

I

I

i : I I

Figure D.7. Model Checking for Tabu Search versus Lower Bounds (Makespan)
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The detailed results regarding the B&P algorithms to obtain the lower

bounds are presented on the following tables. The description of the column

headers in the tables are as follows.

Criteria : Minimizing the Total flow time (TFT) or the Makespan

ASTH Average setup time per feeder on HSPM

Prob. : The index of the problem

LB : The lower bound obtained from the problem

Nnodes : The number of nodes generated by the B&P algorithm

Ncols : The number of columns generated by the B&P algorithm

TT The total execution time of the B&P algorithm
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Table D.24. Lower Bounds for the Small/Medium Size TwoMachine Problems
of Type 1 (Total Flow time)

Criteria ASTHProb.I LB ]NnodeslNcolsl TT

TFT 180 S12-1 65889 1 23 1.45

S12-2 196113 1 18 42.05

S12-3 215378 1 35 3985.17

S12-4 491235 1 48 11615.72

30 S12-1 46785 1 14 2.66

S12-2 136912 126 487 18000.00

S12-3 162827 1 28 1958.20

S12-4 388986 1 31 57.58

Makespan 180 S12-1 11074 1 15 2.89

S12-2 19586 1 36 1055.31

S12-3 18862 1 42 8540.64

S12-4 32523 1 78 18000.00

30 S12-1 8524 1 15 3.14

S12-2 15086 1 22 981.80

S12-3 14462 1 30 3259.88

S12-4 26580 1 49 5362.70
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Table D.25. Lower Bounds for the Small/Medium Size TwoMachine Problems
of Type 2 (Total Flow time)

Criteria ASTH] Prob. LB INnodesINco1sI TT

TFT 180 S22-1 16746.00 1 9 1.45

S22-4 47218.00 1 18 42.05

S22-7 53867.00 1 15 3985.17

S22-10 93556.00 1 71 11615.72

30 S22-1 9996.00 1 11 2.66

S22-4 31768.00 1 24 18000.00

S22-7 37430.00 1 25 1958.20

S22-10 68516.00 1 36 57.58

Makespan 180 S22-1 5755 1 14 2.89

S22-4 10451 1 22 1055.31

S22-7 10523 1 29 8540.64

S22-10 14354 1 39 18000.00

30 S22-1 3655 1 11 3.14

S22-4 7601 1 21 981.80

S22-7 7973 1 29 3259.88

S22-10 11384 1 31 5362.70
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Table D.26. Lower Bounds for the Large Size TwoMachine Problems of Type 1
(Total Flow time)

Criteria ASTHIProb.] LB _ NnodesjNcolsl TT

TFT 180 L12-1 613737 1 71 18000.00

L12-2 615433 1 59 18000.00

L12-3 785209 1 75 18000.00

L12-4 985323 1 41 18000.00

30 L12-1 497054 1 66 11026.21

L12-2 484849 1 104 516.12

L12-3 588707 1 96 18000.00

L12-4 734062 1 105 18000.00

Makespan 180 L12-1 34181 1 74 18000.00

L12-2 33924 1 81 18000.00

L12-3 37435 1 99 18000.00

L12-4 42124 1 116 18000.00

30 L12-1 29033 1 68 168.53

L12-2 28011 1 59 318.44

L12-3 29857 1 102 18000.00

L12-4 31906 1 119 18000.00
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Table D.27. Lower Bounds for the Large Size TwoMachine Problems of Type 2
(Total Flow time)

Criteria ASTHIPr0b. LB INnodes Nco1s TT

TFT 180 L22-1 134441 1 76 11563.20

L22-2 126942 1 21 18000M0

L22-3 177330 1 65 18000.00

L22-4 180709 1 73 18000.00

30 L22-1 92999 1 104 42.33

L22-2 90935 1 124 57.06

L22-3 125022 1 136 10478.53

L22-4 141555 1 130 1991.47

Makespan 180 L22-1 17487 1 55 18000.00

L22-2 16121 1 67 18000.00

L22-3 18132 1 237 18000.00

L22-4 19068 1 99 18000.00

30 L22-1 12949 1 188 9946.30

L22-2 12760 1 216 8311.42

L22-3 13742 1 193 18000.00

L22-4 16002 1 301 8103.30



Table 1128. Lower Bounds for the Small/Medium Size ThreeMachine Problems
of Type 1 (Total Flow time)

Criteria ASTHIPr0b.] LB INnodeslNcolsl TT

TFT 180 S13-1 94669 1 18 3.39

S13-2 223183 1 24 36.70

S13-3 263532 11 119 18000.00

S13-4 582255 9 83 18000.00

30 S13-1 75958 1 14 2.48

S13-2 167910 1 26 14.45

S13-3 207353 1 63 43.09

S13-4 490955 1 121 64.73

Makespan 180 S13-1 12937 1 31 5.83

S13-2 19605 1 51 253.94

S13-3 22356 1 72 7617.21

S13-4 34274 1 81 18000.00

30 S13-1 10401 1 30 165.32

S13-2 15941 1 53 313.68

S13-3 17406 1 67 2722.50

S13-4 29578 1 91 18000.00
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Table D.29. Lower Bounds for the Small/Medium Size ThreeMachine Problems
of Type 2 (Total Flow time)

Criteria JASTHProb. LB iNnodesiNcolsi TT

TFT 180 S23-1 34945 1 30 2.28

S23-2 25640 1 41 2.41

S23-3 46618 1 59 3.44

S23-4 113346 1 103 11.51

30 S23-1 26995 1 29 1.35

S23-2 18820 1 42 2.08

S23-3 34549 1 59 2.36

S23-4 88562 1 102 4.86

Makespan 180 S23-1 9026 1 36 1.78

S23-2 6188 1 47 1.97

S23-3 9297 1 67 6.29

S23-4 17368 1 108 41.15

30 S23-1 6806 1 39 2.27

S23-2 4645 1 45 1.47

S23-3 7353 1 64 5.90

S23-4 14641 1 115 63.46



Table D.30. Lower Bounds for the Large Size ThreeMachine Problems of
Type 1 (Total Flow time)

riteria [ASTH I Prob. LB I Nnodes Ncoisj__TT

TFT 180 L13-1 522520 1 47 18000.00

L13-2 581288 1 88 18000.00

L13-3 269454 1 165 18000.00

L13-4 1071610 1 345 18000.00

30 L13-1 394549 1 105 18000.00

L13-2 473945 1 157 195.63

L13-3 253189 1 112 18000.00

L13-4 904125 1 145 13965.00

Makespan 180 L13-1 32186 1 125 18000.00

L13-2 31587 1 89 18000.00

L13-3 20381 1 72 18000.00

L13-4 49152 1 138 18000,00

30 L13-1 25176 1 61 18000.00

L13-2 26247 1 74 18000.00

L13-3 26841 1 90 18000.00

L13-4 40118 1 117 18000.00
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Table D.31. Lower Bounds for the Large Size ThreeMachine Problems of
Type 2 (Total Flow time)

Criteria ASTHProb. LB NnodeslNcolsl TT

TFT 180 L23-1 147343 1 157 2416.66

L23-2 112281 1 91 18000.00

L23-3 149620 1 121 18000.00

L23-4 199193 1 148 18000.00

30 L23-1 113246 1 100 21.41

L23-2 96037 1 163 18000.00

L23-3 112867 1 175 3683.30

L23-4 166867 1 228 172.12

Makespan 180 L23-1 17966 1 79 13263.32

L23-2 14817 1 80 18000.00

L23-3 15971 1 114 18000.00

L23-4 22334 1 142 18000.00

30 L23-1 15145 1 95 2230.44

L23-2 12174 1 76 18000.00

L23-3 13309 1 129 12031.51

L23-4 16857 1 113 18000.00



282

D.4. MILP1 and MILP3 Results

This section presents the results regarding the performance of the of MILP1

and MILP3 formulations. All small/medium size problems are solved with MILP1

and MILP3, all the large size problems are solved with MILP1. The description

of the column headers in the tables are as follows.

Criteria : Minimizing the total flow time (TFT) or the makespan

ASTH : Average setup time per feeder on HSPM

N : The number of groups in the problem

BS : Best solution identified by the TS heuristics or MILP formulations

TTB : The time the best/optimal solution first identified, in seconds

TT : The total execution time, in seconds

Status : Status of the solutions identified by the MILP formulations

Optimal: An optimal solution is identified,

Feasible: A feasible solution is identified (optimality not verified)

Infeasible: A feasible solution could not be identified

%Gap : The percentage gap of MILP1/MILP3 solution from the global

lower bound identified by CPLEX when it terminated

LP : LPrelaxation value of MILP1/MILP3

LPT : The time to solve LPrelaxation of MILP3, in seconds

When CPLEX could not identify even a feasible solution within the im-

posed time limit of five hours, a '-' sign is used to indicate that the corresponding

value is not available.



Table D.32. MILP1 Results for 2-Machine Small/Medium Problems of Type 1

Criteria ASTHProb. NH BS TTB_j__TT Status '%Gap" LP LPT

TFT 180 S12-1 3 65889 14.5 16.39 Optimal 0.00 56547.30 0.23

S12-2 5 196548 1806.3 8010.45 Optimal 0.00 127002.00 3.77

S12-3 6 219284 7968.1 9563.30 Optimal 0.00 172393.00 2.31

S12-4 7 - - Infeasible - 338779.1 13.30

30 S12-1 3 47827 4.8 10.05 Optimal 0.00 44470.50 0.12

S12-2 5 - - Infeasible - 107927.00 1.24

512-3 6 169503 15206.3 18000.00 Feasible 5.12 145119.33 0.99

S12-4 7 399810 9906.6 18000.00 Feasible 6.24 359096 1.24

Makespan 180 S12-1 3 11074 32.64 32.64 Optimal 0.00 8996.50 0.12

S12-2 5 19594 2369.30 3619.77 Optimal 0.00 15211.31 3.42

S12-3 6 19052 16207.90 18000.00 Feasible 7.27 14678.70 13.26

S12-4 7 - - - Infeasible - 27010.90 37.08

30 512-1 3 8524 50.34 52.76 Optimal 0.00 7607.32 0.26

S12-2 5 15094 3489.87 10112.00 Optimal 0.00 13089.90 3.88

S12-3 6 - - 18000.00 Infeasible - 13266.58 8.92

S12-4 7 - - 18000.00 Infeasible 24067.57 32.46



Table D.33. MILP3 Results for 2-Machine Small/Medium Problems of Type 1

Criteria ASTHProb. Nfl_BS TTB TT fStatus j%GaPlI LP Iipr1

TFT 180 S12-1 3 65889 0.77 1.06 Optimal 0.00 47275.84 0.02

812-2 5 196548 4640.36 6911.14 Optimal 0.00 130842.05 0.05

812-3 6 219284 975.95 18000.00 Feasible 11.26 178336.02 0.12

812-4 7 502131 4704.82 18000.00 Feasible 15.05 391670.58 1.48

30 812-1 3 47827 0.31 1.17 Optimal 0.00 32811.84 0.02

812-2 5 140785 1456.83 18000.00 Feasible 7.91 96679.74 0.05

812-3 6 167573 3163.58 7603.09 Optimal 0.00 111538.32 0.12

S12-4 7 400986 2488.63 18000.00 Feasible 11.21 318205.20 1.66

Makespan 180 812-1 3 11074 0.17 0.28 Optimal 0.00 9559.66 0.03

812-2 5 19594 10.83 13.61 Optimal 0.00 17429.01 0.03

812-3 6 19052 22.36 23.42 Optimal 0.00 17342.04 0.11

812-4 7 33279 11.14 34.83 Optimal 0.00 29480.76 1.02

30 812-1 3 8524 0.20 0.33 Optimal 0.00 6983.31 0.02

812-2 5 15094 10.73 11.99 Optimal 0.00 12762.91 0.05

812-3 6 14702 29.48 29.85 Optimal 0.00 12900.10 0.11

812-4 7 27129 22.09 41.70 Optimal 0.00 23330.67 1.53



Table D.34. MILP1 Results for 2-Machine Small/Medium Problems of Type 2

Criteria ASTHProbJN]1BS TTB TT Jatus %Ga4 LP

TFT 180 S22-1 3 16746 0.55 0.56 Optimal 0.00 15927.6 0.06

S22-2 5 47218 19.95 20.09 Optimal 0.00 35586.6 0.17

S22-3 6 53867 11.64 20.05 Optimal 0.00 43443.7 0.14

S22-4 8 94932 1658.89 17843.21 Optimal 0.00 70071.0 0.88

30 S22-1 3 10274 0.47 0.52 Optimal 0.00 9806.5 0.05

S22-2 5 32731 25.89 31.28 Optimal 0.00 29279.8 0.19

S22-3 6 37754 9.81 9.98 Optimal 0.00 35836.5 0.19

S22-4 8 69945 1941.92 5624.21 Optimal 0.00 60101.3 0.89

Makespan 180 S22-1 3 5830 0.50 0.56 Optimal 0.00 4606.2 0.06

S22-2 5 10465 15.92 30.59 Optimal 0.00 7883.6 0.17

S22-3 6 10591 53.62 100.53 Optimal 0.00 8525.2 0.19

S22-4 8 14621 1118.46 1452.55 Optimal 0.00 11744.0 1.06

30 S22-1 3 3685 0.66 0.69 Optimal 0.00 3496.2 0.05

S22-2 5 7631 23.14 62.45 Optimal 0.00 7223.2 0.22

S22-3 6 8003 4.03 81.86 Optimal 0.00 7664.8 0.17

S22-4 8 11414 807.60 841.25 Optimal 0.00 10988.5 1.06



Table D.35. MILP3 Results for 2-Machine Small/Medium Problems of Type 2

rteria JTHProb.IN BS TTB_[__TT Status [%capiI LP LPT

TFT 180 S22-1 3 16746 0.06 0.08 Optimal 0.00 8056.20 0.01

S22-2 5 47218 1.13 1.17 Optimal 0.00 27073.52 0.03

S22-3 6 53867 4.23 7.66 Optimal 0.00 33536.34 0.11

S22-4 8 94932 9707.91 10059.40 Optimal 0.00 55007.12 29.20

30 S22-1 3 10274 0.08 0.09 Optimal 0.00 4624.30 0.02

S22-2 5 32731 0.75 1.16 Optimal 0.00 17688.21 0.05

S22-3 6 37754 7.70 8.94 Optimal 0.00 21916.44 0.11

S22-4 8 69945 2816.32 3300.60 Optimal 0.00 41468.50 35.27

Makespan 180 S22-1 3 5830 0.09 0.09 Optimal 0.00 4918.10 0.01

S22-2 5 10465 0. 22 0.30 Optimal 0.00 9201.74 0.03

S22-3 6 10591 0.92 0.95 Optimal 0.00 9949.10 0.08

S22-4 8 14621 544.43 544.56 Optimal 0.00 13586.23 24.48

30 522-1 3 3685 0.08 0.08 Optimal 0.00 2818.12 0.01

522-2 5 7631 0.19 0.25 Optimal 0.00 6201.78 0.03

S22-3 6 8003 1.31 1.34 Optimal 0.00 7255.43 0.09

S22-4 8 11414 335.37 336.46 Optimal 0.00 10392.37 25.20
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Table D.36. MILP1 Results for 2-Machine Large Problems of Type 1

Criteria ASTHProb.
J{_BS

TTB_j T Status LP LPT

TFT 180 L12-1 9 18000 Infeasible - 439666.51 315.12

L12-2 10 - 18000 Infeasible - 408154.70 210.90

L12-3 11 - - 18000 Infeasible - 544285.00 778.85

L12-4 12 - - 18000 Infeasible - 672993.16 1258.03

30 L12-1 9 - - 18000 Infeasible - 410356.93 286.53

L12-2 10 501256 11021.30 18000 Feasible 12.16 369509.22 175.36

L12-3 11 - - 18000 Infeasible - 502926.04 1069.04

L12-4 12 - - 18000 Infeasible - 631579.80 719.87

Makespan 180 L12-1 9 39156 5526.33 18000 Feasible 14.36 29699.7 260.20

L12-2 10 - - 18000 Infeasible - 28887.41 236.64

L12-3 11 - - 18000 Infeasible - 30697.03 1216.22

L12-4 12 - - 18000 Infeasible - 35045.55 1595.03

30 L12-1 9 18000 Infeasible - 27066.72 247.56

L12-2 10 - - 18000 Infeasible - 26051.16 255.72

L12-3 11 - 18000 Infeasible - 27939.98 1160.94

L12-4 12 - - 18000 Infeasible - 31931.55 3362.01
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Table D.37. MILP1 Results for 2-Machine Large Problems of Type 2

Criteria }ASTHProb.JN__BS TTB TT Status [%GaPH LP JLPT

TFT 180 L22-1 10 146955 1909.54 18000.00 Feasible 17.04 100422.00 3.08

L22-2 11 140833 5542.22 18000.00 Feasible 20.93 99547.30 5.59

L22-3 13 246243 16513.40 18000.00 Feasible 44.45 127150.00 14.38

L22-4 14 - - 18000.00 Infeasible -. 138730.00 24.17

30 L22-1 10 96851 3127.50 18000.00 Feasible 8.63 86180.60 3.52

L22-2 11 94215 6594.06 18000.00 Feasible 7.41 83572.10 6.25

L22-3 13 - - 18000.00 Infeasible - 112668.00 13.27

L22-4 14 - - 18000.00 Infeasible - 123737.00 13.34

Makespan 180 L22-1 10 19318 13460.60 18000.00 Feasible 23.69 13495.30 4.31

L22-2 11 17544 14852.70 18000.00 Feasible 19.45 13364.20 3.52

L22-3 13 - - 18000.00 Infeasible 14725.60 19.41

L22-4 14 - - 18000.00 Infeasible - 15900.40 20.31

30 L22-1 10 13968 10331.90 18000.00 Feasible 5.96 12128.65 6.13

L22-2 11 13525 9935.26 18000.00 Feasible 5.22 11745.90 9.42

L22-3 13 - - 18000.00 Infeasible - 13137.18 24.11

L22-4 14 - - 18000.00 Infeasible - 14308.05 28.84



Table D.38. MILP1 Results for 3-Machine Small/Medium Problems of Type 1

Criteria ASTHProb.N BS TTB TT__]_Status '%GaplJ LP LPT

TFT 180 S13-1 3 95559 97.59 108.61 Optimal 0.00 78182.00 0.63

S13-2 5 - - 18000.00 Infeasible - 164280.00 10.58

S13-3 6 - 18000.00 Infeasible - 179211.00 15.88

S13-4 8 - - 18000.00 Infeasible - 441961.00 139.29

30 S13-1 3 77265 998.79 1211.20 Optimal 0.00 66628.70 0.78

S13-2 5 - - 18000.00 Infeasible - 143530.00 10.64

S13-3 6 - - 18000.00 Infeasible - 156981.00 15.11

S13-4 8 - - 18000.00 Infeasible - 409901.00 141.25

Makespan 180 S13-1 3 13109 270.20 404.94 Optimal 0.00 10834.10 0.89

S13-2 5 20207 10232.40 18000.00 Feasible 3.18 16297.40 9.08

S13-3 6 - 18000.00 Infeasible - 17606.80 13.48

S13-4 8 - - 18000.00 Infeasible - 30908.60 187.20

30 813-1 3 10709 423.67 425.20 Optimal 0.00 8889.66 1.25

S13-2 5 16569 2267.65 18000.00 Feasible 0.94 14662.39 15.16

S13-3 6 - 18000.00 Infeasible - 15023.16 16.47

S13-4 8 - - 18000.00 Infeasible 27680.27 122.87
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Table D.39. MILP3 Results for 3-Machine Small/Medium Problems of Type 1

Criteria [ASTHPrOb. N]j_BS_]_TTB TT Status %Gapll LP LPT

TFT 180 S13-1 3 95559 6.13 7.92 Optimal 0.00 77588.00 0.02

S13-2 5 226068 7685.78 18000.00 Feasible 21.09 169659.00 0.05

S13-3 6 279228 159.74 9782.93 Optimal 31.19 190426.00 0.17

S13-4 8 644401 11203.60 18000.00 Feasible 33.86 421505.30 16.24

30 S13-1 3 77265 15.86 22.83 Optimal 0.00 60660.40 0.02

S13-2 5 176726 10719.10 18000.00 Feasible 40.12 124904.00 0.06

S13-3 6 211829 442.53 941.79 Optimal 0.00 131542.00 0.22

S13-4 8 509479 15081.00 18000.00 Feasible 39.51 319735.00 13.70

Makespan 180 S13-1 3 13109 2.47 3.48 Optimal 0.00 11021.40 0.02

S13-2 5 19682 8.52 19.55 Optimal 0.00 17284.10 0.06

S13-3 6 22476 112.64 126.83 Optimal 0.00 19868.50 0.13

S13-4 8 36862 837.01 943.77 Optimal 0.00 34488.10 19.98

30 S 13-1 3 10709 3.17 3.47 Optimal 0.00 8816.00 0.02

S13-2 5 16082 7.20 9.78 Optimal 0.00 13684.10 0.06

S13-3 6 17526 4.59 7.70 Optimal 0.00 14735.40 0.16

S13-4 8 31162 878.18 18000.00 Feasible 7.11 22435.90 101.30
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Table D.40. MILP1 Results for 3-Machine Small/Medium Problems of Type 2

iteria ASTHProb.IN11_BS TTB_[__TT Status '%Gap LP LPT'

TFT 180 S23-1 4 35379 2.67 2.83 Optimal 0.00 31892.00 0.08

S23-2 5 25946 7.81 8.08 Optimal 0.00 20575.80 0.11

S23-3 6 46649 164.50 252.53 Optimal 0.00 38361.70 0.34

S23-4 8 113442 9775.74 18000.00 Feasible 6.62 91855.70 1.22

30 S23-1 4 27405 2.72 2.72 Optimal 0.00 26340.10 0.06

S23-2 5 19182 7.56 7.84 Optimal 0.00 16358.30 0.08

S23-3 6 35392 213.06 215.11 Optimal 0.00 32581.00 0.22

S23-4 8 88894 6114.96 12909.51 Optimal 0.00 81640.70 1.27

Makespan 180 S23-1 4 9290 3.25 3.38 Optimal 0.00 7646.67 0.05

523-2 5 6312 11.44 14.03 Optimal 0.00 4938.90 0.08

S23-3 6 9357 188.90 203.83 Optimal 0.00 7682.35 0.20

523-4 8 18116 9298.51 18000.00 Feasible 7.23 14994.40 1.56

30 S23-1 4 6890 2.17 2.28 Optimal 0.00 6495.52 0.05

523-2 5 4782 14.98 17.25 Optimal 0.00 4001.65 0.05

523-3 6 7447 346.42 559.71 Optimal 0.00 6576.70 0.31

S23-4 8 14886 8332.40 18000.00 Feasible 3.38 12810.15 1.74



292

Table D.41. MILP3 Results for 3-Machine Small/Medium Problems of Type 2

Criteria ASTHProb. NJ_BS TTB TT__]_Status %Gap LP LPT

TFT 180 S23-1 4 35379 0.39 0.42 Optimal 0.00 20631.20 0.23

S23-2 5 25946 0.54 0.87 Optimal 0.00 17659.30 0.36

S23-3 6 46649 12.69 14.88 Optimal 0.00 25314.70 0.81

S23-4 8 113442 1538.53 18000.00 Feasible 3.55 66619.60 38.92

30 S23-1 4 27350 0.70 0.81 Optimal 0.00 14818.60 0.02

S23-2 5 19182 0.97 0.99 Optimal 0.00 13644.00 0.03

S23-3 6 35392 17.78 17.86 Optimal 0.00 18413.50 1.08

S23-4 8 88894 5378.60 18000.00 Feasible 11.36 53913.80 68.22

Makespan 180 S23-1 4 9290 0.13 0.14 Optimal 0.00 8196.42 0.02

S23-2 5 6312 0.69 0.70 Optimal 0.00 6363.76 0.03

S23-3 6 9357 11.11 11.13 Optimal 0.00 8577.97 1.01

S23-4 8 17616 1961.43 18000.00 Feasible 4.19 16698.00 58.47

30 S23-1 4 6890 0.11 0.13 Optimal 0.00 5629.61 0.03

S23-2 5 4782 0.98 1.33 Optimal 0.00 4334.28 0.05

S23-3 6 7447 9.06 9.52 Optimal 0.00 6276.89 0.99

S23-4 8 14704 2535.51 2559.98 Optimal 0.00 12540.12 91.20
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Table D.42. MILP1 Results for 3-Machine Large Problems of Type 1

Criteria ASTHIProb. NJ[_BS TTB TT Status %Gap LP LPT

TFT 180 L13-1 9 - - 18000.00 Infeasible - 370507.00 214.46

L13-2 10 665830 14231.30 18000.00 Feasible 39.43 400426.00 326.53

L13-3 11 - - 18000.00 Infeasible - 77149.30 8.22

L13-4 12 - 18000.00 Infeasible - 772581.00 1513.60

30 L13-1 9 - 18000.00 Infeasible - 338471.00 232.63

L13-2 10 499291 8860.09 18000.00 Feasible - 376730.00 356.72

L13-3 11 - - 18000.00 Infeasible - 68266.40 7.16

L13-4 12 - - 18000.00 Infeasible - 731107.00 632.32

Makespan 180 L13-1 9 - - 18000.00 Infeasible - 27160.50 275.85

L13-2 10 - - 18000.00 Infeasible - 27694.50 384.34

L13-3 11 - 18000.00 Infeasible - 9254.76 12.28

L13-4 12 - 18000.00 Infeasible 40610.98 812.41

30 L13-1 9 29872 15334.27 18000.00 Feasible 22.90 24497.13 329.23

L13-2 10 - 18000.00 Infeasible 25150.92 363.91

L13-3 11 - - 18000.00 Infeasible - 25220.93 174.63

L13-4 12 - - 18000.00 Infeasible - 37092.12 405.11
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Table D.43. MILP1 Results for 3-Machine Large Problems of Type 2

jriteria ASTHProb. ][BS [TTB
J_TT_-J_Status %GapII LP {i

TFT 180 L23-1 10 - 18000.00 Infeasible - 120236.90 3.66

L23-2 11 - - 18000.00 Infeasible - 86619.60 12.28

L23-3 12 - - 18000.00 Infeasible - 116345.12 14.91

L23-4 14 - - 18000.00 Infeasible - 159830.76 31.14

30 L23-1 10 117766 14131.79 18000.00 Feasible 5.88 107320.04 4.17

L23-2 11 - - 18000.00 Infeasible - 78021.30 9.52

L23-3 12 - - 18000.00 Infeasible - 101673.92 12.13

L23-4 14 181165 7620.32 18000.00 Feasible 15.57 147123.00 30.73

Makespan 180 L23-1 10 - - 18000.00 Infeasible - 15772.20 3.69

L23-2 11 - - 18000.00 Infeasible - 11611.10 13.23

L23-3 12 - - 18000.00 Infeasible 13459.35 13.17

L23-4 14 - - 18000.00 Infeasible - 17601.52 50.34

30 L23-1 10 - 18000.00 Infeasible 14033.82 4.74

L23-2 11 - 18000.00 Infeasible - 10324.41 18.72

L23-3 12 - - 18000.00 Infeasible - 11992.09 28.08

L23-4 14 - - 18000.00 Infeasible - 16058.20 65.41
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APPENDIX E. A Large Size Real Industry Problem Data

The board groups and individual board types to be produced and their run

times on the CP6 and 1P3 machines are presented in Table E.44.

Table E.44. Run Times (in seconds) for the Large Size Industry Problem

Designated
Group Name

Board Types
in the Groups

Designated
Name

Run Rate
per Day

Run Time
on CP6

Run Time
on 1P3

C1 670-0624-05 Top C1 7 185 504
C2 670-0914-01 Top C2 25 72 513
C3 670-0915-03 Top C3 25 576 2057
C4 670-0878-04 Top C41 25 721 706

670-0878-05 Top C42 25 865 1000

670-0878-07 Top C43 25 432 1092
C5 670-1297-01 Top C5 15 373 258
C6 670-1298-00 Top C6 15 395 1137
C7 670-0624-05 Bot C7 7 319 341
C8 670-0914-01 Bot G8 25 1398 130
C9 670-0915-03 Bot C9 25 325 412
C10 670-1297-01 Bot C10 15 669 696
C11 670-1298-00 Bot G11 15 139 262

Tables E.45 and E.46 present the component-feeder configurations of the

board types on the CP6 and 1P3 machines, respectively.



Table E.45. Feeder Configuration for the CP6 Machine

rFeeder C1 C2 C3 C41 C42 C43
1 SLM150-0041-00 SLM297-0120-00 SLM327-0456-00 SLM327-0456-00
2 SLM297-0169-00 SLM327-0060-00 SLM276-0072-00 SLM326-0181-00 SLM327-0110-00 SLM327-0110-00
3 SLM297-0 111-00 SLM297-0159-00 SLM 153-0001-00 SLM 153-0001-00
4 SLM327-0050-00 SLM297-0526-00 SLM327-0818-00 SLM276-0042-00 SLM276-0042-00
5 SLM327-0110-00 SLM15O-0041-00 SLM327-0105-00 SLM327-0668-00
6 SLM327-0110-00 SLM326-0198-00 SLM326-0198-00 SLM326-0175-00
7 SLM296-0013-00 SLM326-0150-00 SLM327-0246-00 SLM171-0102-00 SLM276-0034-00
8 SLM327-0161-00 SLM327-0161-00 SLM 148-0019-00 SLM 148-0019-00
9 SLM296-0069-00 SLM327-0503-00 SLM327-0503-00 SLM326-0 198-00 SLM326-0 198-00
10 SLM327-0286-00 SLM327-0286-00 SLM171-0102-00 SLM171-0102-00
11 SLM297-0169-00 SLM297-0111-00 SLM327-0677-00 SLM155-0019-00
12 SLM297-0284-00 SLM155-0057-00 SLM155-0057-00 SLM297-0022-00
13 SLM327-0461-00 SLM296-0100-00 SLM296-0100-00
14 SLM153-0013-00 SLM276-0034-00 SLM155-0057-00
15 SLM155-0057-00 SLM276-0042-00
16 SLM297-0022-00 SLM297-0022-00 SLM297-0183-00
17 SLM15O-0041-00
18 SLM297-0183-00 SLM296-0031-00 SLM296-0031-00
19 SLM155-0129-00
20 SLM296-0031-00 SLM327-0682-00 SLM327-0682-00



Table E.45. Feeder Configuration for the CP6 Machine (Continued)

Feederl C5 II C6 C7 II C8
1 SLM297-0120-00 SLM297-0284-00 SLM296-0064-00 SLM297-0012-00
2 SLM327-0060-00 SLM297-0526-0O SLM153-0013-O0 SLM327-0086-00
3 SLM297-0159-00 SLM297-0205-00 SLM297-0120-00
4 SLM15O-0041-00 SLM327-0050-00 SLM297-0159-00
5 SLM327-0105-00 SLM297-0221-00 SLM297-0055-00
6 SLM327-1388-00 SLM327-0110-00 SLM327-0286-00
7 SLM326-0150-00 SLM327-1417-00 SLM297-0245-00 SLM327-0060-00
8 SLM327-1484-00 SLM17O-0049-00
9 SLM327-0503-00 SLM296-0031-00 SLM172-0149-00 SLM172-0343-00
10 SLM327-1384-00 SLM172-0429-00
11 SLM327-0050-00 SLM296-0013-00 SLM297-0120-00
12 SLM327-1571-00 SLM297-0011-00
13 SLM327-0461-00 SLM327-1266-00 SLM172-0049-00
14 SLM297-0250-00
15 SLM297-0203-00 SLM326-0168-00 SLM15O-0041-00
16 SLM327-0161-00
17 SLM327-0105-00 SLM326-0150-00
18 SLM327-0246-00
19 SLM327-0503-00 SLM15O-0094-00
20 SLM327-0110-00 SLM297-0500-00



Table E.45. Feeder Configuration for the CP3 Machine (Continued)

Feederli 09 010

1 SLM297-0284-00 SLM297-0284-00 SLM297-01 59-00
2 SLM327-0261-00 SLM327-0261-00 SLM297-0012-00
3 SLM327-0086-00
4 SLM15O-0041-00 SLM1 50-0041-00 SLM 172-0343-00
5 SLM17O-0049-00
6 SLM327-0286-00
7 SLM327-0060-00 SLM327-0060-00
8 SLM297-0120-00
9 SLM297-0500-00

10 SLM297-0120-00
11 SLM172-0429-00
12

13 SLM326-0150-00
14

15 SLM15O-0094-00
16 SLM172-0049-00
17

18

19

20



Table E.46. Feeder Configuration for the 1P3 Machine

Feeder C1 G
II C3 G41 C42 G43

1 SLM171-0275-OO SLM171-0282-OO
2 SLM155-0112-OO SLM171-0281-OO
3 LM148-OO19-OO SLM148-0019-OO
4 SLM172-0516-OO SLM214-0522-OO SLM299-0028-OO
5 SLM276-0055-OO SLM172-0149-OO
6 SLM158-0088-OO SLM214-0523-OO SLM1O8-0175-OO SLM276-0006-OO SLM276-0006-OO SLM276-0006-OO
7 SLM135-0013-OO SLM1O8-0175-OO SLM299-0026-OO SLM171-0345-OO SLM276-0055-OO SLM276-0055-OO
8 SLM174-0280-OO SLM171-0215-OO SLM299-0029-OO SLM172-0149-OO SLM171-0345-OO
9 SLM299-0006-OO SLM153-0073-OO SLM 171-0282-00 SLM 171-0010-00
10 SLM171-0010-00



Table E.46. Feeder Configuration for the 1P3 Machine (Continued)

FederU C6 C7 C8
1 SLM1O8-0175-00

2

3 SLM171-0281-0O

4

5 SLM299-0028-00 SLM155-0117-00
6 SLM299-0006-00 SLM155-01 17-00 SLM1 70-0068-00 SLM155-01 12-00

7 SLM155-0112-00 SLM299-0026-00 SLM172-0276-00 SLM171-0276-00
8 SLM171-0275-00 SLM299-0029-00 SLM173-0057-O0

9 SLM153-0073-00

10 SLM214-0522-00



Table E.46. Feeder Configuration for the 1P3 Machine (Continued)

Feeder G9 C10 C11

1

2

3

4

5 SLM155-01 17-00 SLM171-0216-00
6 SLM155-01 17-00 SLM171-0276-00 SLM155-01 17-00
7 SLM171-0215-00 SLM155-01 12-00 SLM171-0215-00
8 SLM171-0214-00 SLM171-0214-00
9 SLM171-0216-00
10

:




