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Preface

This book presents recent developments in computing technologies for manu-
facturing systems. It includes selected topics on information technology, data
processing, algorithms and computational analysis of challenging problems
found in advanced manufacturing. The book covers mainly three areas, namely
advanced and combinatorial optimization, fault diagnosis, signal and image
processing, and information systems. Topics related to optimization highlight
on metaheuristic approaches regarding production planning, logistics network
design, artificial product design, and production scheduling. The techniques
presented also aim at assisting decision makers needing to consider multi-
ple and conflicting objectives in their decision processes. In particular, this
area describes the use of metaheuristic approaches to perform multi-objective
optimization in terms of soft computing techniques, including the effect of
parameter changes.

Fault diagnosis in manufacturing systems requires considerable experience
and careful examination, which is a very time-consuming and error-prone pro-
cess. To develop a diagnostic assistant computer system, methods based on
cellular neural network and methods based on the wavelet transform are ex-
plained. The latter is a novel time-frequency analysis method to analyze an
unsteady signal such as abnormal vibration and abnormal sound in a manu-
facturing system.

Topics in information systems range from web services to multi-agent ap-
plications in manufacturing. These topics will be of interest to information
engineers needing practical examples for the successful integration of infor-
mation in manufacturing applications.

This book is organized as follows: Chapter 1 provides a brief explanation
of manufacturing systems and the roles that information technology plays in
manufacturing systems. Chapter 2 focuses on several optimization methods
known as metaheuristics. Hybrid approaches and robust optimization under
uncertainty are also considered in this chapter. In Chap. 3, after evolutional
algorithms for multi-objective analysis and solution methods associated with
soft computing have been presented, the procedure of incorporating it into
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integrating design task is shown. The hybrid approach mentioned in the pre-
vious chapter is also extended to cover multiple objectives. Chapter 4 focuses
on cellular neural networks for associative memory in intelligent sensing and
diagnosis. Chapter 5 presents some useful algorithms and methods of the
wavelet transform available for signal and image processing. Chapter 6 dis-
cusses methods and tools for factory and business information system inte-
gration technologies. In particular, the book includes relevant applications in
every chapter to illustratively demonstrate the usage of the employed meth-
ods.

Finally, the reader will become familiar with computational technologies
that can improve the performance of manufacturing systems ranging from
manufacturing equipment to supply chains.

There are several ways in which this book can be utilized. It will be of inter-
est to students in industrial engineering and mechanical engineering. The book
is adequate as a supplementary text for courses dealing with multi-objective
optimization in manufacturing, facility planning and simulation, sensing and
fault diagnosis in manufacturing, signal and image processing for monitoring
manufacturing, manufacturing systems integration, and information systems
in manufacturing. It will also appeal to technical decision makers involved in
production planning, logistics, supply chain and industrial ecology, manufac-
turing information systems, fault diagnosis, and signal processing. A variety
of illustrative applications posed at the end of each chapter are intended to
be useful for those professionals.

In the past decade, numerous publications have been devoted to manufac-
turing applications of neural networks, fuzzy logic, and evolutionary compu-
tation. Despite the large volume of publications, there are few comprehensive
books addressing the applications of computational intelligence in manufac-
turing. In an effort to fill the void, this book has been produced to cover vari-
ous topics on the manufacturing applications of computational intelligence. It
contains a balanced coverage of tutorials and new results. Finally, this book
is a source of new information for understanding technical details, assessing
research potential, and defining future directions in the applications of com-
putational intelligence in manufacturing.

The first idea of writing this book originated from the invitation from Mr.
Anthony Doyle, Senior Editor of Engineering at the London office of the global
publisher, Springer. In order to create a communication vehicle leading to
advanced manufacturing, he suggested that I consider writing a book focused
on the foundations and applications of tools and techniques related to decision
engineering. According to this request, I asked my colleagues Zhong Zhang
and Rafael Batres to join this effort by combining three primary areas of
expertise.

Despite the generous assistance of so many people, some errors may still
remain, for which I alone accept full responsibility.
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Introduction

1.1 Manufacturing Systems

The etymology of the word manufacturing stems from of the Latin word
“manus”, which means hand and the Latin word “factura” which is the past
participle of “facere” meaning “made”. It thus refers to a “making” activ-
ity carried out by hand, which can be traced back to ancient times when
the “homo faber”, the toolmaker, invented tools and implements in order to
survive [1]. The evolution of manufacturing systems is shown in Figure 1.1.

An enterprise implements a manufacturing system that uses resources such
as energy, materials, currency, labor, machines and knowledge to produce
value-added products (new materials, assembled products, energy or services).

Earlier attempts to understand the nature of manufacturing systems
viewed production processes as an assembly of parts each dedicated to one
specific function. For example, Taylor who introduced the concept of “scien-
tific management” perceived tasks, equipment, and labor as interchangeable
and passive parts. In order to increase production and quality, each production
task had to be analyzed in terms of its basic elements to develop specialized
equipment and labor to attain their optimal performance. In other words, or-
ganizations that implemented Taylor’s ideas devised ways to optimize parts
individually, which often resulted in a suboptimal performance of the whole
system: the whole was the sum of the parts.

A group of researchers firstly challenged this view during the 1940s. This
multi-disciplinary group of scientists and engineers introduced the notion of
systems thinking, which is described in the work of Bertalanffy [2], Ackoff [3],
and Checkland [4]. Contrasting with Taylor’s approach, systems thinking is
based on the assumption that the performance of the whole is affected by a
synergistic interaction of its parts. In other words, the whole is more than
the sum of the parts, which implies that there are some emergent properties
of the whole that cannot be explained by looking at the parts individually.
Consequently, it became possible to develop complex models to describe the
behavior of materials and machines, which had an enormous impact in almost
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Fig. 1.1. Evolution of manufacturing systems

all areas of manufacturing to the extent that today’s factories and products
are unthinkable without such models. Subsequently, as noted by Bertalanffy,
systems were conceived as open structures that interact with their surround-
ings. This in turn led researchers and practitioners to realize that production
systems should not be viewed independently from societal and environmental
systems.

With the advent of the computer, it became possible to analyze models,
carry out optimization and solve other complex mathematical problems that
had been difficult or impossible to cope with. Subsequently, the systems ap-
proach gave rise to a number of new fields such as control theory, computer
science, information theory, automata theory, artificial intelligence, and com-
puter modeling and simulation science [5]. Many concepts central to these
fields have found practical applications in manufacturing, including neural
networks (NN) , Kalman filters, cellular automata, feedback control, fuzzy
logic, Markov chains, evolutionary algorithms (EA) , game theory, and deci-
sion theory [6]. Some of these concepts and their applications are discussed in
this book.

Along with the development of such a systems approach, the mass data
processing ability of the computer has enabled manufacturing systems to pro-
duce more diversely and more efficiently. Numerically controlled machinery
like CNC (computerized numerical control), AGV (automated guided vehicle)
and industrial robots were invented, and automation and unmanned produc-
tion became possible in the 1980s.
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Manufacturing systems were originally centered on the factory. However,
social and market forces have compelled industries to extend the system
boundaries to develop high-quality products in shorter time and at less cost.
Nowadays, manufacturing systems can encompass whole value chains involv-
ing raw material production, product manufacturing, delivery to final con-
sumers, and recycling of materials.

In addition to the computer-aided technologies like CAD/CAM, CAP, etc.,
ideas of organization and integration of individual systems are incorporated
in FMS (flexible manufacturing system), FA (factory automation) and CIM
(computer integrated manufacturing).

The third paradigm shift brought about by information technology (IT)
has been accelerating current agile manufacturing increasingly. IT plays an
essential part the realization of the emerging systems and technologies like
IMS (intelligent manufacturing system), CALS (computer-aided logistic sup-
port/ commerce at light speed), CE (concurrent engineering), etc. They are
the fruits of computational intelligence [7], software integration, collabora-
tion and autonomous distributed concepts via an information network. The
more sophisticated development from those factors must be directed towards
the sustainable progress of manufacturing systems [8] so that difficulties left
unsolved will be removed from in the next generation. A road map of the forth-
coming manufacturing system should be substantially drawn to consider 3S,
i.e., customer satisfaction, employee satisfaction and social satisfaction, while
making an earnest effort to attain environmentally conscious manufacturing
and human-centered manufacturing.

1.2 The Manufacturing Process

A basic structure as a transformation process in manufacturing system is de-
picted in Figure 1.2 in terms of the IDEF0 modeling technique ([1], see to
Appendix A). It can describe suitably not only what is done by the process,
but also why and how it is done, associated with major three basic elements
of manufacturing, namely, object (input/ output), mean (mechanism) , and
constraint (control). Inputs represent things to be changed by the process
into outputs. The mechanisms refer to actors, or instrument resources nec-
essary to carry out the process, such as machineries, tools, databases, and
personnel. The control or constraint for a manufacturing process correspond
to production requirements, production plans, production recipes, and so on.

From a different viewpoint [10], we can see the manufacturing system as a
reality filling a structural function that concerns space layout and contributes
to increase the efficiency of the flow of material. In addition, its procedural
function is embedded in a series of phases in manufacturing system (see Fig-
ure 1.3) to achieve the ultimate goal. This involves strategic planning such as
project planning, which inter-relates with the outer world of a manufacturing
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Fig. 1.2. Basic structure of manufacturing

system or market. Tactical planning serves the inside part of the manufactur-
ing system, and is classified into long-term planning, medium-term planning,
and short-term planning or production scheduling. Also operation and produc-
tion control have many links with the procedural function of manufacturing.

‘ Production Project

‘ Production Development ‘

Production Preparation
(System Design/Execution

Fig. 1.3. Procedure phase in manufacturing system

In current engineering, since configuration of such a manufacturing process
is not only large but also complex and complicated, the role of information
system in managing the whole system consistently becomes extremely im-
portant. For example, from raw material procurement to product delivery,
information systems have become ubiquitous assets in the supply chain. In-
formation visibility has become a key factor that can significantly influence
the decision making in the supply chain by allowing shorter lead times, and
reducing inventories and transportation costs.

1.3 Computing Technologies

Nowadays, the interdisciplinary environment of research and development is
truly required to deal with the complexity related to systems such as biology
and medicine, humanities, management sciences and social sciences. Intelli-
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gence for computing technologies is creativity for analyzing, designing, and de-
veloping intelligent systems based on science and technology. This has opened
new dimensions for scientific discovery and offered a scientific breakthrough.
Consequently, applications of computing technologies in manufacturing will
play a leading role in the development of intelligent manufacturing systems
whose wide spectrum include system design and planning, process monitoring,
process control, product quality control, and equipment fault diagnosis [11].
From such viewpoints, this book is concerned with recent advances in
methodologies and applications of metaheuristics, soft computing (SC) , signal
processing, and information technologies. Thus, the book covers topics such
as combinatorial and multi-objective optimizations (MOP) , neural networks,
wavelet and information technologies like intelligent agents and ontologies.

S.e vere competl.tlon —OI Manifold value system l—
in manufacturing

1 causes requires Priorities
Innovation —-l High risk I—- Effective risk
causes | ilnvo Ives £ management
I
Plan l—l
Reduction of Identify global ,| Optimization
lead time performance measure model
is possible through T ‘
Multi-objective model
Aci Chec Do ¥
Gather Observe & | _ Rational Decision
lessons learned Evaluate Making Support

improve the system

Fig. 1.4. Root-cause analysis toward rational decision-making

The interest in optimization is due to the fact that companies are looking
for ways to improve the manufacturing system and reduce the lead time. In
order to improve a manufacturing system, it becomes necessary to identify
global performance parameters, which is possible through root-cause analysis
techniques such as in the PDCA cycle. A PDCA cycle is a generic method-
ology for continuous improvement that is based on the “plan, do, check, act”
cycle borrowed from the total quality management philosophy introduced to
Japan by W. Edwards Deming [12]. The PDCA cycle, which is also known as
Shewhart cycle (named after Deming’s teacher Walter A. Shewhart) comprises
four steps:
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. Study a system to decide what change might improve it (plan)
. Carry out tests or modify the system (do)

. Observe and evaluate the effect (check)

. Gather lessons learned (act)

W N

Once the global performance measures are identified in Step 1, the system
is modeled and the optimum values for the performance measures are obtained
which is the foundation for Step 2. This brings us to the first class of comput-
ing technologies, which covers methods and tools dealing with how to obtain
the optimum values of the performance measures (see Figure 1.4). Special
emphasis is placed on metaheuristic methods, multi-objective optimization,
and soft computing.

The term metaheuristic is composed of the Greek prefix “meta” (beyond)
and “heuriskein” (to find), and represents the generic name of every heuristic
method, including evolutionary algorithms . An approximated solution with
good quality is shown to be obtained within an acceptable computation time
through a variety of applications. Roughly speaking, they require no mathe-
matically rigid procedures and aim at attaining the global optimum. In addi-
tion, most commonly used methods are targeted at combinatorial optimization
problems that have great potential applications in recent manufacturing sys-
tems. These are special advantages concerned with real world problems for
which there has been no satisfactory algorithm. They also have the potential
of coping with uncertainties involved in the mathematical formulation in a
rational way. It is of special importance to present a flexible and/or robust
solution for uncertainties.

The need for agile and flexible manufacturing is accelerated under the di-
versified customer demands. Under such circumstances, it is often adequate
to formulate the optimization problem as one in which there are several cri-
teria or objectives. Usually, since such objectives involve some that conflict
with each other, the articulation among them becomes necessary to find the
best compromise solution. This type of problem is known as either a multi-
objective, multi-criteria, or a vector optimization problem. Multi-objective
optimization is a powerful tool available for manifold and flexible decision-
making in manufacturing systems.

On the other hand, soft computing (SC) is a collection of new compu-
tational techniques in computer science, artificial intelligence, and machine
learning. The basic ideas underlying SC is largely due to earlier studies on
fuzzy set theory by Zadeh [13, 14]

The most important areas of soft computing are as follows:

1. Neural networks (NN)

2. Fuzzy systems (FS)

3. Evolutionary computation (EC) including evolutionary algorithms and
swarm intelligence

4. Ideas on probability including the Bayesian network and chaos theory
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SC differs from conventional (hard) computing mainly in two aspects: it is
more tolerant of imprecision, uncertainty, partial truth, and approximation;
it weight inductive reasoning more heavily. Moreover, since SC techniques
[15, 16] are often used to complement each other in applications, new hybrid
approaches are expected to be invented by a particularly effective combination
(“neuro—fuzzy systems” is a striking example). The multi-objective optimiza-
tion method mentioned in Chap. 3 presents a new type of partnership in which
each partner contributes a distinct methodology for addressing problems in its
domain. Such an approach is likely to play an especially important role and,
in many ways, facilitate a significant paradigm shift of computing technologies
targeting manufacturing systems.

To diagnose manufacturing systems, engineers must base their judgments
on tests and much measurement data. This requires considerable experience
and careful examination, which is a very time-consuming and error-prone
process. It would be desirable to develop a computer diagnostic assistant based
on the knowledge of technological specialists, which may improve the correct
diagnosis rate. However, unsteady fluctuations in the first problem samples
make it very difficult to develop a reliable diagnosis system.

Humans have a spectacular capability of processing ambiguous information
very skillfully. The artificial neural network is a kind of information processing
system made by modeling the brain on a computer and has been developed
to realize this peculiar human capability. Typical models of neural networks
are multi-layered models such as the conventional perceptron-based neural
networks (NN) that have been applied to machine learning. They have the
structure of a black box system and can reveal the incorrect recognition. On
the other hand, Hopfield neural networks are cross-coupled attractor models
that incorporate existing knowledge to investigate the reason for incorrect
recognition.

Furthermore, the cellular neural network (CNN) [17] as a cross-coupled
attractor models has called for special attention due to the possibility of wide
applications. Recently its concrete design method for associative memory has
been proposed [18]. Since then, some further applications have been proposed,
but studies on improving its capability are few. Some researchers have already
shown CNN to be effective for image processing. Hence, if the advanced asso-
ciation CNN system has been provided, the CNN recognition system will be
established in manufacturing system.

As is well known, signal analysis and image processing are very important
in manufacturing systems. A signal can be generally divided into a steady
signal and an unsteady signal. Many signals such as abnormal vibration, and
abnormal sound can be considered as unsteady signals. An important charac-
teristic of the unsteady signal is that each frequency component changes with
time. To analyze an unsteady signal, therefore, we need a time-frequency
analysis method. Accordingly, some standard methods have been proposed
and applied in various research fields.
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The Wigner distribution (joint time-frequency analysis) and the short time
Fourier transform are typical. However, when the signal includes two or more
characteristic frequencies, the Wigner distribution suffers from the contami-
nation referring to the cross terms. That is, the Wigner distribution can yield
imperfect information about the distribution of energy in the time-frequency
plane. The short time Fourier transform is probably the most common ap-
proach for analyzing unsteady signals of sound and vibration. It subdivides the
signal into short time segments (this is same as using a small window to divide
the signal), and apply a discrete Fourier transform to each of these. However,
since the window whose length may vary with each frequency component is
fixed, it is unable to obtain optimal results for individual frequency compo-
nents. On the other hand, the wavelet transform, which is a time-frequency
methods, does not have such problems and has some desirable properties for
unsteady signal analysis and applications in various fields.

Motivated with more effective decision support on production, informa-
tion systems were first introduced on the factory floor and the tendency to
automation continues today. For example, the use of real-time data allows for
better scheduling and maintenance. With such information available, manu-
facturers have realized that they can use equipment and other resources more
efficiently. Additionally, timely decisions and more rational planning trans-
late into reduction of wear-and-tear on equipment. Used as stand-alone ap-
plications, plant information systems provide enough valuable information to
justify their use. However, information systems seen from a wider perspective
can only serve this purpose when there are sufficient linkages between the
individual information systems within the manufacturing system.

On the other hand, investments in information technology tend to in-
crease to the extent that the advantages are overshadowed by the incurred
costs. World-wide enterprises are spending up to 40% of their IT budget on
data integration. For manufacturing companies this budget reflects the phe-
nomena of rapidly changing technologies, and the difficulties in integrating
software from different vendors and legacy systems. A single stake-holder in
the supply chain may have as much as 150 different applications where at-
tempts to integrate them can be up to five times the cost of the application
software. This may explain the increase in the demand of system integration
professionals during the last decade. A variety of technologies have been de-
veloped that facilitates the task of integrating different applications. However,
this situation demands system integrators to be proficient in many, if not in
all, of applications. Furthermore, integration technologies tend to evolve very
quickly. Current integration technologies and ongoing research in this area are
discussed in further detail in the rest of the chapter.

An even more difficult challenge is not in the connectivity between systems
themselves but lies in the meaning of the data. Putting this differently, the
same word can have different meanings in different applications. For example,
the term resource as used in one application may refer to equipment alone,
while the same term in another application may mean equipment, person-
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nel or material. In fact, one of the authors is aware of a scheduling tool in
which the term resource is used to represent both equipment and personnel!
To solve the problem of the meaning of information, several standardization
activities are being carried out world-wide, ranging from batch information
systems to enterprise resource planning systems. Many successful integration
projects have become possible through the implementation of such standards.
However, with current database technologies, information engineers tend to
focus on data rather than on what exists in reality. This can lead to costly
updates of the information models as technology evolves. Knowledge engi-
neering specialists in industry and academia have already started to address
this problem by developing ontologies and tools. An ontology is a theory of
reality that “describe the kinds and structures of objects, properties, events,
processes, and relations in every area of reality”, which allows dynamic in-
tegration of information that cannot be achieved with conventional database
systems. Specific applications of ontologies in the manufacturing domain are
explained in detail in Chap. 6.

1.4 About This Book

This book presents an overview of the state of the art of intelligent com-
puting in manufacturing and presents the selected topics on modeling, data
processing, algorithms, and computational analysis for intelligent manufac-
turing systems. It introduces the various approaches to dealing with difficult
problems found in advanced manufacturing. It includes three big areas, which
are not taken into account elsewhere together in a consistent manner, namely
combinatorial and multi-objective optimizations, fault diagnosis and monitor-
ing, and information systems. The techniques presented in the book aim at
assisting decision makers needing to consider multiple, conflicting objectives
in their decision processes and should be of interest to information engineers
needing practical examples for the successful signal processing and sensing,
and integration of information in manufacturing applications.

The book is organized as depicted in Figure 1.5 where four keywords ex-
tracted from the title are deployed. Chapter 1 provides a brief explanation of
manufacturing systems and our viewpoints in order to explain the develop-
ments in the emerging manufacturing systems.

Chapter 2 focuses on several optimization methods known as metaheuris-
tics. They are particularly effective for dealing with combinational optimiza-
tion problems that are becoming very important for various types of problem-
solving in manufacturing. Hybrid approaches and robust optimization under
uncertainty associated with metaheuristics are also considered in this chapter.

In Chap. 3, after the introduction of evolutional algorithms for multi-
objective analysis, a new discovery of multi-objective optimization is presented
to show the solution method associated with soft computing and the procedure
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integrating it into the design task. The hybrid approach mentioned in the
foregoing chapter is also extended under multiple objectives.

Chapter 4 focuses on CNN for associative memory and explains common
design methods by using a singular value decomposition. After some new
models such as the multi-valued output CNN and the multi-memory tables
CNN are introduced, they are applied to intelligent sensing and diagnosis.
The results in this chapter contribute to improving the capability of CNN for
associative memory and the future possibility as the memory medium.

In Chap. 5, by taking the wavelet transform, some useful algorithms and
methods are shown such as a fast algorithm in the frequency domain for
continuous wavelet transform, a wavelet instantaneous correlation method by
using the real signal mother wavelet, and a complex discrete wavelet transform
through the real-imaginary spline wavelet.

Chapter 6 discusses methods and tools for factory and business information
systems. Some of the most common integration technologies are discussed.
Also, new techniques and methodologies are presented.

In particular, the book presents the relevant applications in each chapter
to illustratively demonstrate usage of the employed methods. A number of
appendices are given for the sake of convenience. As well as supplementing the
explanation in the main text, a few of the appendices aim to fuse traditional
knowledge with recent knowledge, and to facilitate the generation of new
meta-ideas by borrowing some from the old.

The aim of this book is to present the state of the art and highlight the
recent advances both of methodologies and applications of computing tech-
nologies in manufacturing. We hope that this book will help the reader to
develop insights for creating and managing manufacturing systems that im-
prove people’s life while making a sustainable use of the resources of this
planet.
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2

Metaheuristic Optimization in Certain and
Uncertain Environments

2.1 Introduction

Until now, a variety of optimization methods have been used as effective
tools for making a rational decision in manufacturing systems and will surely
continue to do so. By virtue of the outstanding progress in computers, many
applications have been carried out in the real world using commercial software
that has been developed greatly. To understand the proper usage of software
and the adequate choice of optimization method through revealing merits
and demerits compared with recent metaheuristic approaches, it is essential
for every practician to have basic knowledge of these methods.

We can always systematically define every optimization problem by the
triplet of arguments (x, f(x), X) where x is an n-dimensional vector called
decision variable and f(x) an objective function. Moreover, X denotes a sub-
set of R™ called an admissible region or a feasible region that is prescribed
generally by a set of equality and/or inequality equations called constraints.
Using these arguments, the optimization problem can be described generally
and simply as follows:

[Problem| min f(x) subject to z € X.

The maximization problem can be handled in the same way as the mini-
mization problem just by multiplying the objective function by —1. By com-
bining different properties of each arguments of the triplet, we can define a
variety of optimization problems. A brief introduction to the traditional op-
timization method is given in Appendix B.

2.2 Metaheuristic Approaches to Optimization

In this section, we will review several emerging methods known as metaheuris-
tic optimizations. Roughly speaking, metaheuristic optimizations are consid-
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ered as a kind of direct search method aiming at a global optimum by utilizing
a certain probabilistic drift and heuristic idea. The algorithms are commonly
depicted as shown in Figure 2.1. To give a certain perturbation to the cur-
rent (tentative) solution, a candidate solution will be generated. It is in turn
evaluated through comparison with the tentative solution. Not only when the
candidate is superior to the tentative (downhill move), but also when it is a
bit inferior (uphill move), the candidate solution can become a new tentative
solution with the prescribed probability. By occasionally accepting an inferior
candidate (uphill more), these methods can escape from the local optimum
and attain the global optimum as illustrated in Figure 2.2.

From these tactics, the algorithms are mainly characterized by the manners
in which to derive the tentative, how to nominate the candidate, and how to
decide the solution update. Metaheuristic optimization can also readily cope
with even the combinatorial optimization. Due to these favorable properties
and support by the outstanding progress both of computer hardware and
software, these methods have been widely applied to solve difficult problems
in recent manufacturing optimization [1, 2].

Fig. 2.1. General procedure of the metaheuristic approach

2.2.1 Genetic Algorithms

Genetic algorithm (GA) [3, 4, 13] is a pioneering method of metaheuristic
optimization which originated from the studies of cellular automata of Hol-
land [6] in the 1970s. It is also known as an evolutionary algorithm and a
search technique that copies from biological evolution. In GA, a population
of candidate solutions called individuals evolves toward better solutions from
generation to generation. Since it needs no difficult mathematical conditions
and can perform well with all types of optimization problems, it has been
widely applied to solve problems not only in the engineering field but also in
art, biology, economics, operations research, robotics, social sciences, and so
on. The algorithm is closely related to some terminologies of natural selection,
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Fig. 2.2. Escape from the local search in terms of probabilistic drift

e.g., population, generation, fitness, etc., and is composed of genetic operators
such as reproduction, mutation and recombination or crossover.

Below, a typical algorithm of GA is described by illustration for the un-
constrained optimization problem, i.e., minimize f(z) with respect to z € R™.
An n-dimensional decision variable x or solution is corresponded to a chro-
mosome or individual that is a string of genes, and its value is represented
by appropriate notations depending on the problem. The simplest algorithm
represents each chromosome as a bit string. Other variants treat the chro-
mosome as a list of numbers, nodes in a linked list, hashes, objects, or any
other imaginable data structure. This procedure is known as coding, and is
described as follows assuming, for simplicity, the decision variable is scalar:

2 =G Go- GGy,

where G; denotes the gene, L length of the string, and the position in the
string is called locus. An allele is a kind of gene and takes 0 or 1 in the sim-
plest binary representation. This representation is called a genotype. After the
evolution in the procedure, the genotype is returned to the value (phenotype)
through the reverse procedure of encoding (decoding) for evaluating the ob-
jective function numerically. Usually, the length of chromosome is fixed, but
variable representations are also used (in this case, the crossover implementa-
tion mentioned below becomes more complex).

The evolution is started by randomly generating individuals, each of
which corresponds to a solution. A set of individuals is called a population
(population-based algorithm). Traditionally, the initial population is gener-
ated to cover the entire search space. During each successive generation, a
new population is stochastically selected from the current population based
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on its fitness. Contrasting the iteration with the generation, the optimization
process is defined by the search on a solution set Pop(t) described at the ¢-th
generation as follows:

Pop(t) ={z14, 224, - ZN,¢, } (2.1)
where N, denotes a population size, and x;, (i =1,2,...,N,) is supposed to
be a genotype. When we do need to note the generation explicitly, x; means
x; ¢+ hereinafter.

At each generation, the fitness of whole population is evaluated, and the
survival individuals are selected through a reproduction process where fit-
ter solutions are more likely to be selected. Simply, the objective function
is amenable to the fitness function of x;, i.e., F; = f(x;),(> 0). To keep
regularity and increase the efficiency, however, the original value should be
transformed into the more proper value using a certain scaling technique. The
following are typical scaling methods:

1. linear scaling
2. sigma truncation
3. power law scaling

In the above, linear scaling simply applies a linear transformation to F; (>
0)

Fi =aF; + b,
where a and b are appropriately chosen coefficients. Sigma truncation is ap-
plied as

Fi = aFi — (F — CO'),

where I and o denote the average of the fitness over the population and its
standard deviation, respectively. Moreover, ¢ is a parameter between 1 ~ 3.
Finally, power law scaling is described as

Fy = (E)F, (k> 1).

Since the implementation and the evaluation of the fitness are important
factors affecting the speed and efficiency of the algorithm, the scaling has a
particular significance. Evolution or search takes place through genetic op-
erators such as reproduction, mutation and crossover, each of which will be
explained below.

A. Rule of Reproduction

As to why the rule of natural selection is applied to the optimization may rely
on an observation that the better solutions often locate in the niche of good
solutions found so far. This is compared to a concept regarding the stationary
condition for optimization in a mathematical sense. The following rules are
popularly known as the reproduction:



2.2 Metaheuristic Approaches to Optimization 17

1. Roulette selection: This applies the rule that individuals can survive into
the next generation based on the rate of fitness value of each (Fj}) to the
total value (Fr = Z;iv; Fy), i.e., p; = F;/Fp, as shown in Figure 2.3.
This can constitute a rationale such that an individual with a greater
fitness has a larger possibility of being selected in the next generation; an
individual with even a low fitness has a chance of being selected. For these
reasons, we can maintain the manifold of the population, and prevent it
from being trapped at the local optimum. In addition, since this rule is
simple, it is considered as a basic rule in the reproduction of GAs. There
are two variants of this rule.

/

A&‘.

N

/

N,
p;i=F /ZF/
j=1

Fig. 2.3. Roulette selection

e Proportion selection: Generating a random value between [0,1] (de-
noted by rand()), search the minimum k satisfying the condition such
that Zle F; > rand () Fr. Then the k-th individual can survive. This
procedure is repeated until the total number of survivors becomes V,,.

e Fxpected-value selection: The above methods sometimes cause an un-
due selection due to probabilistic drift when the number of population
is not sufficiently large. To fix this problem, this method tries to select
the individual in terms of the expected value based on the rate p;. That
is, when the required number of selections is N, the i-th individual
can propagate by [p; Ns]. Here [-] denotes the Gauss symbol.

2. Ranking selection: This method can fix a certain problem occurring with
roulette selection. Let us consider a situation where there exist individuals
with extremely high fitness values, or there is almost no difference among
the fitness values of individuals. In the former case, it can happen that only
the particular individuals will flourish, while in the latter every individual
dwells on the average and the better ones cannot grow for ever. Instead
of the magnitude of fitness itself, it is possible to achieve a proportional
selection by paying attention to the ranking. According to the magnitude
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of fitness, rank the individual first. Then the selection will take place in
the order of the selection rate decided apriori. For example, linear ranking
sets up the selection rate for the individual at the i-th place of the ranking
as p; = a — b(i — 1) meanwhile non-linear one as p; = ¢(1 — ¢)*~!, where
a, b, and c are coefficients in (0, 1).

3. Tournament selection: In this method, the individuals with the highest
fitness among the fixed size of the sub-population selected randomly will
survive through tournament. This procedure is repeated until the prede-
termined number of selections has been attained.

4. Elitist preserving selection: If we select by relying only on a probabilistic
basis, favorable individuals happen to disappear due to the probability
drift also imbedded in genetic operations like crossover and mutation. This
phenomenon may cause a performance degradation known as premature
convergence. Though this is the generic nature of GA, it has a side effect
of preventing trapping at the local optimum. Noticing these facts, this
selection preserves the elite in the present population without any reserve
for the next generation. This has a certain effect of preventing that the
best be killed through the genetic operations, but, in turn, produces the
risk of another convergence. Consequently, this method should be applied
together with another selection method. Obviously, under this rule the
highest value of fitness increases monotonically along with the generation.

B. Crossover

This operation plays the most important role in GA. Through the crossover,
a pair selected randomly from the population becomes parents, and produce a
pair of offspring that share the characteristics of their parents by exchanging
genes with each other. To use this mechanism, we need to define properly
three routines: how to select the pairs, how to recombine the chromosome, and
how to migrate the offspring into the population. Though various crossover
methods have been proposed, depending on the problem, below we show only
a few typical methods for the case of binary coding, i.e., {0, 1}, for simplicity.

1. One-point crossover
Select randomly a crossover point in the string of parents and exchange
the right-hand parts mutually. (Below “|” represents the crossover
point)

Parent 1: 01001]101 Offspring 1: 01001110
Parent 2: 01100]110 Offspring 2 :  01100/101

2. Multi-point crossover
Select randomly plural crossover points in the string and exchange the
parts mutually. (See below for the two-point crossover)

Parent 1: 010]011]01 Offspring 1: 010]001]|01
Parent 2: 011]001]10 Offspring 2: 011|011]10
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3. Uniform crossover
This method first prepares a mask pattern by generating {0, 1} uni-
formly at every locus beforehand. Then offspring “1” inherits the
character of parent “1” if the allele of the mask pattern is 1, and
parent “2” if it is 0. Meanwhile, offspring “2” is generated in an oppo-
site manner. See the following example, which assumes that the mask
pattern is given as 01101101:

Parent 1: 01001101 Offspring 1: 01001111
Parent 2: 01100110 Offspring 2 : 01100100

The simple crossover operates as follows:

Step 1: Set k = 1.

Step 2: Select randomly a pair of individuals (parents) from among the pop-
ulation.

Step 3: Apply an appropriate crossover rule to the parent to produce a pair
of offspring.

Step 4: Replace the parent with the offspring. Let k = k + 1.

Step 5: If k > [pcNp], where pe is a crossover rate, stop. Otherwise, go back
to Step 2.

C. Mutation

Since the crossover produces offspring that only have characteristics from
their parents, the manifold of the population is likely to be restricted within
a narrow extent. A mutation operation can compensate this problem and
keep the manifold by replacing the current allele with others with a given
probability, say pps. A simple flip—flop type mutation takes place such that:
first select randomly an individual, select randomly a mutation point for the
selected individual, reverse the bit thereat, and repeat until the number of
this operation exceeds [parNpL]. For example, when such a mutation point
locates at the third place from the left-hand side, a change occurs for the gene
of the selected individual.

Before : 01(1)01101 After : 01(0)01101

In addition to the above, varieties of mutation methods have been proposed
so far. They are as follows:

1. Displacement: move part of the gene to another position of the same
chromosome.

2. Duplication: copy some of the genes to another position.

Inversion: reverse the order of some genes in the chromosome.

4. Addition: insert some of the genes in the chromosome. This causes an
increase in the length of the chromosome.

5. Deletion : delete some of the genes in the chromosome. This causes a
decrease in the length of chromosome.

w
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D. Summary of the Algorithm

The entire GA procedure is outlined in the following. The flow chart is shown
in Figure 2.4.

Step 1: Let t = 0. Generate N, individuals randomly and define the initial
population Pop(0).

Step 2: Evaluate the fitness value for each individual. When ¢ = 0, go to
Step 3. Otherwise reproduce the individuals by applying an appropriate
production rule.

Step 3: Under the prescribed probabilities, apply crossover and mutation in
turn. These genetic operations produce the updated population Pop (t+1).

Step 4: Check the stopping condition. If it is satisfied, select the individual
with highest fitness as a (near) optimal solution and stop. Otherwise, go
back to Step 2 after letting ¢ := ¢ + 1.

| Initial population /=0 |

Evaluation
i

Reproduction

]

Crossover & Mutation

l

Convergence
satisfied ?

Yes

Fig. 2.4. Flow chart of the GA algorithm

Stopping conditions are commonly used as follows:

1. After a prescribed number of generations
2. When the highest fitness is not updated for a prescribed period

3. When the average fitness of the population has been almost saturated
4. A combination of the above conditions

Eventually, major factors of GA refer to the reproduction in Step 2 and
the genetic operations in Step 3. In a word, the reproduction makes a point of
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finding better solutions and concentrates on the search around these, while the
crossover and mutation try to spread the search space via a stochastic pertur-
bation and to avoid staying at the local optimum. With a better complement
of these properties with each other, GA can be used as an efficient search
technique. Since GA is problem specific, it is necessary to adjust parameters
such as mutation rate, crossover rate and population size to find reasonable
settings for the problem class being worked on. A very small mutation rate
may lead to genetic drift or premature convergence in a local optimum. On
the contrary, a mutation rate that is too high may lead to the loss of good
solutions.

FE. Miscellaneous

The building block hypothesis is a theoretical background that supports the
effectiveness of GA [13, 6]. It says that short, low order, and highly fit schemata
are sampled, recombined, and re-sampled to form strings of potentially higher
fitness. In a way, by working with these particular schemata (the building
blocks), we have reduced the complexity of our problem; instead of building
high-performance strings by trying every conceivable combination, we con-
struct better and better strings from the best partial solutions of past sam-
plings. This hypothesis requires coding to satisfy the following conditions.

e Individuals having similar phenotype are also close to each other regarding
genotype.
e No major interference occurs between the loci.

From this aspect, Gray coding (g;—1,9i—2,-..,90) is known to be more
favorable than binary coding (b;_1,b;—2, ..., bg) because it can avoid the case
where many simultaneous mutations or crossovers need to change the chromo-
some for a better solution. For example, let us assume that value 7 is optimal,
and there exist the near optimal solutions with value 8. For these values, 4
bit binary cording of 7 is 0111 and 1000 for 8. Meanwhile, Gray coding be-
comes 0100 and 1100, respectively. Then, Gray coding can change 8 into 7
only by one mutation, but the binary coding needs such an operation four
times successively. The following equation gives the relation between these
types of coding:

b ifk=1-1
gk_{bk+1@bk ifk<i-2°
where operator @ applies the exclusive disjunction.

By virtue of the nature related to multi-start algorithms, we can expect
to attain the global optimum more easily and more certainly than with any
conventional single-start algorithms. To make use of this advantage, keeping
the manifold during the search is a special importance for GA. In a sense,
this is closely related to the status of the initial population and the stopping
condition. The following are a few other well-known tips:.
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1. The initial population should be selected by extracting the best N, among
the individuals with more than the prescribed population size (> Np,).

2. Mutation may destroy the favorable schema that crossover has built
(building block hypothesis). Hence parameters controlling these opera-
tions should be set as pc > par, and additionally p,s is designed so as to
decrease along with the generation.

When applying GA to the constrained optimization problem described as

[Problem] min f(x) subject to {}gl;((?)

the following penalty function approach is usually adopted:

Fa) = F)+ LY maxld, )]+ Y ha(@)?),

i=1 i=mi+1

where P(> 0) denotes the penalty coefficient.

The real number coding is better and provides higher precision for the
problem with a large search space where the binary coding would require a
prohibitively long representation. This coding is straightforward, and the real
value of each variable corresponds directly to the gene of each chromosome.
The crossover is defined arithmetically as a linear combination of two vectors.
When P; and P, denote the parent solution vectors, the offspring are gener-
ated as O1 = aPy + (1 —a)P, and Oy = (1 — a) Py + aP,, where a is a random
value in {0, 1}. On the other hand, the mutation starts with randomly select-
ing an individual V. Then the mutation is applied in two ways, that is, simple
mutation applies the following equation only for mutation point k& appointed
randomly in V', while the uniform mutation applies this to every locus:

dk : for simple mutation
Vk : for uniform mutation

Vi = vE +r(vd —vk) where k—{ ,
where vY and v” are the lower and upper bounds, respectively, and r is a
random number from uniform probability distribution. A certain local search
scheme is generally incorporated for these genetic operations to find a better
solution near the current one.

2.2.2 Simulated Annealing

Simulated annealing (SA) is another metaheuristic algorithm specially suit-
able for the global optimization in terms of giving a certain probabilistic
perturbation [7, 8]. It borrows the idea from a physical mechanism known as
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annealing in metallurgy. Annealing is a popular engineering technique that
applies heating and controlled cooling for material to increase the size of
its crystals and reduce their structural defects. Heating causes the atoms to
activate the kinetic energy, and is likely to make them unstuck at their ini-
tial positions (a local minimum of the internal energy) and wander randomly
through states of higher energy. In contrast, slow cooling gives atoms more
chances of finding configurations with lower internal energy than the initial
one.

By analogy with this physical process, SA tries to solve the optimization
problem. In its solution, each point of the search space is compared to a
state of some physical system, and the objective function to be minimized
is interpreted as the internal energy status of the system. When the system
attains the state with the minimum energy, we can claim that the optimal
solution has been obtained. Its basic iteration process is described as follows.

Step 1: Generate an initial solution (let it be a current solution z), and also
set an initial temperature T

Step 2: Consider some neighbors of the current state, and select randomly
a neighbor 2’ in it as a possible solution.

Step 3: Decide probabilistically whether to move on state z’ or to stay at
state x.

Step 4: Check the stopping condition, and if it is satisfied, stop. Otherwise,
cool the temperature and go back to Step 2.

The probability moving from the current solution to the neighbor in Step
3 depends on the difference between the respective objective function values
and a time-varying parameter called temperature T". The algorithm is designed
so that the current solution changes almost randomly when T is high, while
the solution descends downhill as a whole with the decrease in temperature.
The allowance for uphill moves during the process may avoid sticking at the
local minima and make it possible to be a good approximation of the global
optimum as illustrated in Figure 2.2. Let us describe the detail of the essential
features of SA in the following.

A. Neighbors of State

Though the selection of neighbors (local search) has a great affect on the
performance of the algorithm, no general methods have been proposed since
they are very problem-specific. The concept of local search may be modeled
conveniently as a search graph where vertices represent the states, and an
edge denotes a transition between the vertices. Then, the length of a path
represents the degree of the niche of neighbors, supposing the neighbors are
expected to all have nearly the same energy. It is desirable to go from the
initial state to a better state successively by a relatively short path on this
graph, and such a path must be followed by the iteration of SA as similarly
as possible.
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Regarding the generation of neighbors, many ideas have been proposed
for each class of problem so far, i.e., the n-opt neighborhood and the or-opt
neighborhood in the traveling salesman problem; the insertion neighborhood
and the swap neighborhood in the scheduling problem; the A-flip neighborhood
in the maximum satisfiability problem, and so on [1].

B. Transition Probabilities

The transition from the current state x to a candidate state 2’ will be made
according to the probability given by a function p(e,e’,T) where e = E(x)
and ¢/ = FE(2’) denote the energies of the two states (presently objective
function values). An essential requirement for the transition probability is that
p(e,e’,T) is non-zero when e’ > e. This means that the system may move to
the new state even if it is worse (has a higher energy) than the current one.
The allowance for such uphill moves during the process may avoid sticking at
the local minimum, and one can expect a good approximation of the global
optimum as noted already.

On the other hand, as T tends to zero, the probability p(e,e’,T') also ap-
proaches zero when e’ > e, while keeping a reasonable positive value when
e’ < e. As T becomes smaller and smaller; therefore, the system will increas-
ingly favor downhill moves, and avoid the uphill moves. When 7' approaches
0, SA performs just like the greedy algorithm, which makes the move if and
only if it goes downhill.

The probability function is usually chosen so that the probability of ac-
cepting a move decreases according to the increase in the difference of energies
Ae = ¢’ —e. Moreover, the evolution of z should be sensitive to Ae over a wide
range when T is high and only within the small range when T is small. This
means that small uphill moves are more likely to occur than large ones in the
latter part of the search. To meet such requirements, the following Maxwell—
Boltzmann distribution governing the distribution of energies of molecules in
a gas is popularly used (see also Figure 2.5):

1 if Ae <0
P=exp(—=Ae/T)  if Ae>0"

C. Annealing Schedule

Another essential feature of SA is how to reduce the temperature gradually
as the search proceeds. This procedure is known as the annealing (cooling)
schedule. Simply speaking, the initial temperature is set to a high value so
that the uphill and downhill transition probabilities become nearly the same.
To do this, it is necessary to estimate Ae for a random state and its neighbors
over the entire search space. However, this needs some amount of preliminary
experiments. A more common method is to decide the initial temperature so
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that the acceptance rate in the search at the earlier stage will be greater than
a prescribed value.

The temperature must decrease to zero or nearly zero by the end of the it-
eration. This is the only condition required for the cooling schedule, and many
methods have been proposed so far. Among them, geometric cooling is a sim-
ple but popular method, in which the temperature is decreased by a fixed rate
at each step, i.e., T := T, (f < 1). Another one termed exponential cooling
is applied as T = Ty exp(—at), where Ty and ¢ denote an initial temperature
and iteration number, respectively. A more sophisticated method involves a
heat-up step when the tentative solution has not been updated at all during
a certain period. By returning the current temperature to the previous one, it
tries to break the plateau status. In this way, the initial search makes a point
of wandering a broad space that may contain good solutions while ignoring
small degradations of the objective function. Then it will drift towards the
low energy regions that become narrower and narrower, and finally aim at the
minimum according to the descent strategy.

D. Convergence Features

It is known that the probability of finding the global optimal solution by SA
approaches 1 as the annealing schedule is continued infinitely. This theoretical
result is not helpful for deciding a stopping condition in practice. The simplest
condition is to terminate the iterations after the prescribed number for which
the temperature is reduced nearly by zero according to the annealing schedule.
Various methods can be considered by observing the status of convergence
more elaborately in terms of an update of the tentative solution.

Sometimes it is better to move back to a solution that was significant
rather than always moving from the current state. This procedure is called
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restarting. The decision to restart could be made based on a fixed number of
steps, or on the current solution being too poor compared with the best one
obtained so far.

Finally, applying SA to a specific problem, we must specify the state space,
the neighbor selection method, the probability transition function, and the
annealing schedule. These choices can have a significant impact on the effec-
tiveness of the method. Unfortunately, however, there is neither specific value
that will work well with all problems, nor a general way to find the best setting
for a given problem.

2.2.3 Tabu Search

Though tabu search (TS) [9, 10] has a simple solution procedure, it is an effec-
tive method for combinatorial optimization problems. In a word, TS belongs
to a class of local search techniques that enhances performance by using a
special memory structure known as the tabu list. T'S repeats the local search
iteratively to move from a current solution x to a possible and best solution z’
in the neighbor of z, N(z). Unfortunately, there exists the case where simple
local search may cause a cycling of the solution, i.e., from z to z’, and from
z' to z. To avoid such cycling, TS use the tabu list that corresponds to a
short term memory cited in the field of recognition science. Transition to any
solutions involved in the tabu list is prohibited for a while, even if this will
provide an improvement of the current solution. Under such restrictions, T'S
continues the local search until a certain stopping condition has been satisfied.
The basic iteration process is outlined as follows:

Step 1: Generate an initial solution x and let z* := x, where z* denotes the
current best solution. Set k = 0 and let the tabu list 7'(k) be empty.

Step 2: If N(xz) — T'(k) is empty, stop. Otherwise, set k := k + 1 and select
2’ such that ' = min f(x) for Vo € N(z) — T(k).

Step 3: If 2’ outperforms the current solution z*, i.e., f(a’) < f(x*), let
r* =

Step 4: If a chosen number of iterations has elapsed either in total or since
x* was last improved, stop. Otherwise, update T'(k), and go back to Step
2.

In the TS algorithm, the tabu list plays the most important role. It makes
it possible to explore the search space that would be left unexplored and to
escape from the local optimum. The simplest form of the tabu list is a list
of the solutions by the latest m-visits. Referring to this list, transition to the
solutions recorded in the tabu list is prohibited to move during a period of m
length. Such period is called the tabu tenure. In other words, the validity of
such prohibition holds only during the tabu tenure, and its length can control
the regulation regarding the transition. That is, if it is long, then the transition
is hardly restricted and vice versa.
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Other structures of the tabu list utilize certain attributes associated with
the particular search technique depending on the problem. Solutions with such
attributes are labeled to be tabu-active, and the tabu-active solutions are also
viewed as tabu for the search. For example, in the traveling salesman problem
(TSP), solutions that include certain arcs are prohibited or an arc that was
added newly to a TSP tour cannot be removed in the next m-moves. Gen-
erally speaking, tabu lists containing the attributes are much more effective.
However, by forbidding the solutions that contain tabu-active elements, more
than one solution is likely to be declared as the tabu. Hence, there exist the
cases where some solutions might be avoided although they have excellent
quality and have not yet been visited.

Aspiration criteria serve to relax such restrictions. They allow overriding
the tabu state of the solutions that are better than the currently best known
solution, and keep it in the allowed set. Besides these special ideas, a variety
of extensions are known, some of which are cited below.

The load of local search can be reduced if we concentrate the search only
on the promising extent instead of whole neighbor. Such an idea is generally
called a candidate list strategy. After selecting k-best solutions among the
neighbor solutions, probabilistic tabu search is to replace the current solution
randomly with one depending on the probabilities, which are decided based
on their objective functions. This idea is very similar to the roulette strategy
in the selection of GA.

In addition to the function of the tabu list as a short-term memory, a long-
term memory is available to improve the performance of the algorithm. This
generic name refers to an idea that tries to utilize the history of information
along with the search process. The long-term memory makes it possible to use
the intensification of promising search and diversification for global search at
the same time. For example, a transition measure in frequency-based memory
records the numbers of the modification of the variables, while a residence
measure records the number staying at the specific value. Since the high tran-
sition measure foresees the long-term search cycle, an appropriate penalty
should imposed on its selection. On the other hand, the residence measure
is available for the selection of initial solutions by controlling the appearance
rate of the certain variables. That is, restriction of the variables with high
measure can facilitate the diversification while promoting the intensification.

2.2.4 Differential Evolution (DE)

Differential Evolution (DE) is viewed as a real number coding version of
GA and was developed by Price and Storn [11]. Though it is a very sim-
ple population-based optimization method, it is known as a very powerful
method for real world applications. A variety of variants are classified using
a triplet expression like DE/z/y/z/, where

e 1 specifies the method for selecting the parent vector to become a base
of the mutant vector. Two selections, i.e., chosen randomly (“rand”) or



28 2 Metaheuristic Optimization in Certain and Uncertain Environments

chosen from the best in the current population (“best”) are typically em-
ployed.

y is a number of the difference vector used in Equation 2.2.

z denotes a crossover method. In binominal crossover (“bin”), crossover is
performed on each gene of a chromosome while, in exponential crossover
(“exp”) it is performed on a chromosome as a whole:

_ '

j=11| 231 1121 781
517 || 450 208
976 0 432
950 || 838 1000
3200|| 3124 2945

j=n|| 873|| 1288 690

where N, = population size
n = number of decision variables

Fig. 2.6. Example of coding in DE

As is usual with every variant, users need the following settings before
optimizing their own problem: the number of population N,, scaling factor
F and crossover rate pc. The algorithm in the case of DE/rand/1/bin/ is
outlined as follows:

Step 1 (Generation): Generate randomly every n-dimensional “target” vec-
tor to yield the initial population.

Pop(t) = {(Ei,t} (Z =1,2,... 7]\/vp),

where ¢ is a generation number and NV, is a population size. An example
of coding is shown in Figure 2.6.

Step 2 (Mutation): Create each “mutant” vector by adding the weighted
difference between two target vectors to the third target vector. These
three vectors are chosen randomly among the population,

Vigr1 = Tpap + F(xroe —xr1e) (=1,2,...,N,), (2.2)

where F' is real and constant in [0, 2].
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Step 3 (Crossover): Apply the crossover operation to generate the trial vector
u; by mixing some elements of the target vector with the mutant vector
through comparison between the random value and the crossover rate (see
also Figure 2.7),

_Jvjien ifrand(j) <pe or j=rand() .
Ujit+l = {xji,t if rand(j) > pc and j # rand() G=12....n)

where rand(j) is the j-th evaluation of a uniform random number gener-
ator, po is the crossover rate in [0, 1], and rand() is a randomly chosen
index in {1, 2,..., n }. Ensure that u; ;+1 has at least one elements from
the mutant vector v; +41. Then evaluate the performance of each vector.

Step 4 (Selection): If the trial vector outperforms the target vector, the target
vector is replaced with the trial vector. Otherwise, the target vector is
retained. Thus, the members of the new population for the next generation
are selected in this step.

Step 5: Check the stopping condition. If it is satisfied, stop and return the
overall best vector as the final solution. Otherwise, go back to Step 2 by
incrementing the generation number by 1.

—
Xt Uj 1
j== j= =
o [ )
w | | rand(3) < pe W
BN ] rand(4)< po &
o | w
o | | rand©)<pc o
o | -
Target vector Mutant vector Trial vector

Fig. 2.7. Crossover operation of DE
In the case of DE/best/2/bin, at the above Step 2, the mutant vector is
derived from the following equation:
Vi, t+1 = Tbest,t + F(x'r‘l,t + Tra2t — Tr3,t — xr4,t) (Z = ]-7 2a ey Np)a

where Zyest,e is the best solution at generation ¢. Moreover, the exponential
crossover in Step 3 is applied as
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- i if rand() < pe .
Uji b1 = {xji)t if rand() > pe (for Vj).

For successful application of DE, there are several tips regarding parameter
setting and tuning, some of which will be shown below.

1. The number of population [V, is normally set between five to ten times
the number of decision variables.

2. If a proper convergence cannot be attained, it is better to increase Ny, or
adjust F' and pc both in the range [0.5, 1] for most problems.

3. Simultaneous increase in N, and decrease in ' make the convergence more
likely to occur but generally make it longer.

4. DE is much more sensitive to the choice of F' than pco. Though larger
pc gives faster convergence, it is sometimes necessary to use a smaller
value to make DE robust enough for the particular problem. Thus, there
is always a tradeoff between convergence speed and robustness.

5. pc of binominal crossover should usually be set higher than that of the
exponential crossover.

A. Adaptive DE

To improve the convergence, a variant of DE (ADE) was proposed recently? .
It introduced ideas of a gradient field in the objective function space and an
age for individuals to control the crossover factor. The algorithm is outlined
below.

Step 1(Generation): Reset the generation at 1 and the age at 0. Age(%) is
defined as the number of generations during which each individual ¢ is
alive. Then generate 2N, individuals z; in n-dimensional space.

Step 2 (Gradient field): Make a pair randomly for each individual and com-
pare their objective function values. Then, classify them into winner (hav-
ing smaller value) and loser, and register as winner and loser, respectively.
The winners will age by one, and the losers rejuvenate by one.

Step 3 (Mutation): Pick up randomly a base vector #pase() from the winner.
Moreover, choose randomly a pair building the gradient field and generate
a mutant vector as follows:

Vi,t+1 = Thase,t + F(xbetter(),t - xworse(),t) (Z =1..., 2Np)a

where Tpetter() aNd Tyorse() denote the winner and loser of each pair, re-
spectively. This operation may generate mutants in the direction possible
for decreasing the objective function globally everywhere in the search
space.

! Shimizu Y (2005) About adaptive DE. Private Communication
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Step 4 (Crossover): The same type of crossover as has already been men-
tioned is available. However, its rate pc will be decided by a monotonic
decreasing function of age, e.g.,

pc = (a+ c)e*b‘Age(i) +e¢, or pc=maxla+c—b- Age(i), ],

where a,b and c are real positive constants to be determined by the user
under the condition that 0 < a+c¢ < 1 (see 2.8). This crossover rate makes
the target vectors that have lived for long time (having an older age) more
likely to survive in the next generation.

Step 5 (Selection): If the trial vector is better than the target vector, replace
the target vector with the trial vector and give it a new age suitably e.g.,
reset (0). Otherwise, the target vector is retained and it gets older by one.

Step 6: Check the stopping condition. If it is satisfied, stop and return to
the overall best vector as the final solution. Otherwise, go back to Step 2
by updating the generation.

Pc

atc

Age(?)

Fig. 2.8. Crossover rate depending on age

The following simple test problem validates the effectiveness of this method.
Minimization of the Rosenbrock function is compared with the conventional
method DE/rand/1/bin/:

f(z) =100 (2?2 —29)? + (1 —21)?, 21, o € [~10,10].

Although, there are only two decision variables, this problem has the rep-
utation of being a difficult minimization problem. The global minimum is
located at (x1,x2) = (1,1). The comparison of convergence features between
ordinal and adaptive DE is shown in Figure 2.9 in the logarithm scales. The lin-
ear model of age is used to calculate pc as pc = 0.5-max[1—0.0001-Age(i), 0.5].
The adaptive method (“DE-rev”) is known to present a good convergence fea-
ture compared with the conventional method (“DE-org”).
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Fig. 2.9. Comparison of convergence features

2.2.5 Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) , which was developed by J. Kennedy
[12], is also a real number coding metaheuristic method for optimization. It is
a form of swarm intelligence in the artificial intelligence study of the collective
behavior in decentralized and self-organized systems. It stems from the theory
of boids by C. Reynolds [13]. Imagining the behavior of a swarm of insects
or a school of fish, we can observe that when one member finds a desirable
path to go, (i.e., for food, protection, etc.), the rest of the swarm can follow
it quickly even if they are on the opposite side of the swarm.

The algorithm of PSO relies on the strength that such behavior to attain
the goal is rational, and can be simulated by only three movements termed
separation, alignment, and cohesion.

e Separation is a rule to separate one object from a neighbor, and prevent
from colliding with each other. For this purpose, a boid flying ahead must
speed up while those in the rear slow down. Moreover, the boids can change
direction to avoid obstacles.

e By alignment, all objects try to adapt their movement to the others. Front
boids flying far away will slow down and the rear boids will speed up to
catch up.

e Cohesion is a centripetal rule for not disturbing the shape of the population
as a whole. This requires boids to fly to the center of the swarm or the
gravity point.

According to these three movements, PSO can be developed by imaging
boids with a position and a velocity. These boids fly through hyperspace
and remember the best position that they have seen. Members of a swarm
communicate with each other and adjust their own position and velocity based
on the information regarding the good positions both of their own (local bests)
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Fig. 2.10. Search scheme of PSO

and a swarm best (global best) as depicted in Figure 2.10. Updating of the
position and the velocity is done through the following formulas:

l‘i(t + 1) = l‘i(t) + ’Ui(f, + 1), (23)
vi(t +1) = w-vi(t) + r1b(pi — xi(t)) + r2c(yn — wi(t))
(t=1,2,...,Np), (2.4)

where

t is the generation,

N, is the population size (number of boids),

w is an inertial constant (usually slightly less than 1),

b and c are constants making a point of how much the boid is directed toward
the good position (usually around 1),

r1 and 7 are random values in the range [0,1],

p; is the best position seen by the boid ¢,

Yn is the global best position seen by the swarm.

The algorithm is outlined below.

Step 1: Set t =1.
Initialize z(t) and v(¢) randomly within the range of these values.
Initialize each p; to the current position.
Initialize y, to the position that has the best fitness among swarms.
Step 2: For each boid, do the following;:
obtain v;(t + 1) according to the Equation 2.4,
obtain x;(t + 1) according to the Equation 2.3,
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evaluate the new position,
if it outperforms p;, update it,
if it outperforms y,,, update it.
Step 3: If the stopping condition is satisfied, stop. Otherwise let ¢ :=1¢ 4 1,
and go back to Step 2.

2.2.6 Other Methods

In what follows, a few useful methods will be introduced. Generally speaking,
they can exhibit advantages over the methods mentioned above for a particular
class of problems. Moreover, they are amenable for various hybrid approaches
of metaheuristic methods relying on the features characterized by probabilistic
deviation, multi-modality, population-base, multi-start, etc.

The ant colony algorithm (ACO) [14, 15] is a probabilistic optimization
technique that mimics the behavior of ants finding paths from the colony to
food. In nature, ants wander randomly to find food. On the way back to their
colony, they lay down pheromone trails. If other ants find such trails, they
can reach the food source more easily by following the trail. Hence, if one ant
can find a good or short path from the colony to the food source, other ants
are more likely to follow that path. Since the pheromone trail evaporates with
time, its attractive strength will gradually reduce. The more time it takes
for an ant to travel, the more pheromones will evaporate. Since a short path
is traced faster, the pheromone density remains high. Such positive feedback
eventually makes all the ants follow a single path. Pheromone evaporation
has also the advantage of avoiding the convergence to a local optimum. ACO
has an advantage over SA and GA when the food source may change dynam-
ically, since it can adapt to the changes continuously. Moreover, this idea is
readily available for applying a multi-start technique in various metaheuristic
optimizations.

Memetic algorithm [16] is an approach emerging from traditional GA. By
combining local search with the crossover operator, it can provide consider-
ably faster convergence, say orders of magnitude, than traditional GA. For
this reason, it is called genetic local search or the hybrid genetic algorithm.
Moreover, it should be noticed that this algorithm is most suitable for parallel
computing.

An evolutionary approach called scatter search [17] is very different from
the other evolutionary methods. It possesses a strategic design mechanism to
generate new solutions while other approaches resort to randomization. For
example, in GA, two solutions are randomly chosen from the population and
crossover or a combination mechanism is applied to generate one or more
offspring. Scatter search works based on a set of solutions called the reference
set, and combines these solutions to create new ones based on the generalized
path constructions in Euclidean space. That is, by both convex (linear) and
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non-convex combination of two different solutions, the reference set can evolve
in turn (reference set update)?.

In Figure 2.11 it is assumed that the original reference solution set con-
sists of the circles labeled A, B and C (diversified generation, enhancement).
In terms of a convex combination of reference solutions A and B (solution
combination), a number of solutions in the line segment defined by A and
B may be created (subset generation). Among them, only solution 1 that
satisfies a certain criteria for membership is involved in the reference set. In
the same way, convex and non-convex combinations of original and new ref-
erence solutions create points 2, 3 and 4, one after another. After all, the
resulting reference set consists of seven solutions in the present case. Unlike
a “population” in GA, the number of reference solutions is relatively small in
scatter search. Scatter search chooses only two or more reference solutions in
a systematic way to create new solutions as shown above.

\
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Fig. 2.11. Successive generation of solutions by scatter search

The following five major features characterize the implementation of scat-
ter search.

1. Diversified generation: to generate a set of diverse trial solutions using
an arbitrary initial solution (or seed solution).

2. Enhancement: to transform a trial solution into one or more improved
trial solutions.

3. Reference set update: to build and maintain a reference set consisting of
the k-best solutions found (where the value of k is typically small, e.g., no
more than 20). Solutions gain membership to the reference set according
to their quality or their diversity.

4. Subset generation: to produce a subset of its solutions as a basis for
creating combined solutions.

2 This is similar to the movement of the simplex method stated in Appendix B.
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5. Solution combination: to transform a given subset of solutions into one
or more combined solution vectors.

In the sense that this method will rely on the reference solutions, this idea
can also be used for applying the multi-start technique in some metaheuristic
approaches.

2.3 Hybrid Approaches to Optimization

Since the term “hybrid” has broad and manifold meanings, we can give several
hybrid approaches even if discussion might be restricted within the optimiza-
tion methods. In what follows, three types of hybrid approach will be presented
in terms of the combination of traditional mathematical programming (MP)
and recent metaheuristic optimization (meta).

The first category is a “MP-MP” class. Most gradient methods for multi-
dimensional optimization involve the optimization of step size search along the
selected direction in the course of iteration. For this search, a scalar optimiza-
tion method like the golden section algorithm or the Fibonatti algorithm is
commonly used. This is a plain example of the hybrid approach in this class.
Using an LP-relaxed solution as an initial solution and applying nonlinear
programs (NLP) at the next stage may be another example of this class.

The second class “meta—meta” mainly appears in the extended or sophis-
ticated application of the original algorithm of the metaheuristic method.
Using the ACO method as the restarting technique of another metaheuristic
method is an example of this class. Combining a binary code GA with other
real number coding meta-methods is a reasonable way to cope with mixed-
integer programs (MIP) . Instead of applying each method individually to
solve MIP, such a hybrid approach can bring about a synergic effect to reduce
the search space (chromosome length) and to improve the accuracy of the
resulting solution (size of grains or quantification).

After all, many practical hybrid approaches may belong to the third
“meta—MP” class. As supposed from the memetic algorithm or genetic lo-
cal search, the local search is considered to be a promising technique that
can accelerate the efficiency of the search compared with the single use of
the metaheuristic method. Every method using an appropriate optimization
technique for such local search may be viewed as a hybrid method in this
class.

A particular advantage of this class will be exhibited to solve the following
MIP in a hierarchical manner:

[Problem|  min f(z,2)

T,z
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gi(x,2) >0 (i=1,2,...,my)

. hi(z,z)=0 (i=m1+1,...,m)
subject to 2>0, (real) .
z >0, (integer)

This approach can achieve a good match not only between the upper
and lower level problems but also each problem and the respective solution
method. The most serious difficulties in solving MIP problems refer to the
combinatorial nature in solution. By pegging the integer variables at the val-
ues decided at the upper level, the resulting lower level problem is reduced to
a usual (non-combinatorial) problem that it is possible to be solved reason-
ably by MP. On the other hand, the upper level problem becomes an uncon-
strained integer programs (IP) , and it is treated effectively by the metaheuris-
tic method. Based on such an idea, the following hierarchical formulation is
known to be amenable to solving MIP in a hybrid manner of “meta-MP” type
(see also to Figure 2.12):

Probl i
[Problem] zzor:?é&ger flz, 2)
bject t i
subject to mz%lzlrrleal f(z, 2),

gi(z,2) >0 (i=1,...,mq)

subject to{ hi(z,2) =0 (i=my+1,...,m)"

GA: Master problem Discrete variables, z
min  f(x,z) Unconstrained
z

Pegging x ﬁ ﬂ Pegging z

MP : Slave problem )
Continuous variables, x

mxin f(x,z) subject to Constrained

:(2,2)20, (i=L.,m)
hi(X,Z) = 0> (l = ml +l,....,m)

Fig. 2.12. Configuration of hybrid GA

In the above, the lower level problem becomes the usual mathematical
programming problem. When the constraints of pure integer variables are
involved, a penalty function method is available at the upper level as follows:

min f(@,2) + P{Y_ymaxfo, —gi(2)) + 3 hi()*}.

z2>0:integer
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Fig. 2.13. Master—slave configuration for parallel computing

Moreover, by noticing the analogy of the above formulation to the paral-
lel computing of the master—slave configuration as shown in Figure 2.13, an
effective parallel computing is readily implemented [32]. There are many com-
binatorial optimization problems formulated as IP and MIP at every stage
of the manufacturing optimization. The scheme presented here has close con-
nections to various manufacturing optimization problems for which we can
deploy this approach in an effective manner. For example, a large-scale net-
work design and a site location problem under multi-objective optimization
will be developed in the following sections.

2.4 Applications for Manufacturing Planning and
Operation

Recent innovations in information technology as well as advanced transporta-
tion technologies are accelerating globalization of markets outstandingly. This
raises the importance of just-in-time and agile manufacturing much more than
before, since its effectiveness is pivotal to the efficiency of the business pro-
cess. From this point of view, we will present three applications ranging from
strategic planning to operational scheduling. We will also show how effectively
the optimization problem in each topic can be solved by the relevant method
employed there.

The first topic takes a logistic problem associated with supply chain man-
agement (SCM) [19, 20, 21]. It will be formulated as a hub facility location
and route selection problem attempting to minimize the total management
cost over the area of interest. This kind of problem [22, 23, 24] is also closely
related to the network design of hub systems popular in various fields such
as transportation [25], telecommunication [26], etc. However, most previous
studies have scarcely called attention to the entire system composed both
of distribution and collection networks. To deal with such large-scale and
complex problems practically, an approach that decomposes the problem into
sub-problems and applies a hybrid tabu search method will be described [27].

In terms of the small-lot-multi-kinds production, the introduction of
mixed-model assembly lines is becoming popular in manufacturing. To in-
crease the efficiency of such line handling, it is essential to prevent various
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line stoppages incurred due to unexpected inconsistencies [28, 29]. The sec-
ond topic concerns an injection sequencing problem for the manufacturing
represented by the car industry [30]. The mixed-model assembly line thereat
includes a painting line where we need to pay attention to uncertainties asso-
ciated with so-called defective products. After formulating the problem, SA
is employed to solve the resulting combinational optimization problem in a
numerically effective manner.

The scheduling problem is one of the most important problems associated
with the effective operation of manufacturing systems. Consequently, much of
research has been done [31, 32, 33, 34], but most work only describes simple
models [35]. Additionally, it should be noticed that the roles of human op-
erators are still important although automation is now becoming popular in
manufacturing. However, little research has taken into account the role of op-
erators and the cooperation between operators and resources [36]. The third
topic concerns a production scheduling managed by multi-skilled human op-
erators who can manipulate multiple types of resources such as machine tools,
robots, and so on [37]. After formulating a general scheduling problem asso-
ciated with human tasks, a practical method based on a dispatching rule or
an empirical optimization will be presented.

2.4.1 Logistic Optimization Using Hybrid Tabu Search

Recently, industries have been paying keen attention to SCM and studying
it from various aspects [38, 39, 40]. It is viewed as a reengineering method
managing life cycle activities of a business process to deliver added-value
products and service to customers. As an essential part of decision making in
such business processes, we consider a logistic optimization associated with a
supply chain network(SCN) [27]. It is composed of suppliers, collection centers
(CCs), plants, distribution centers (DCs), and customers as shown in Figure
2.14. Though CC can receive materials from multiple suppliers due to risk
aversion (multiple allocation), each customer will receive products only from
one DC (single allocation) that can deliver products either from another DC
or customer. The problem is formulated under the conditions that the capacity
of the facility is constrained, and demand, supply and per unit transport cost
are given apriori. It refers to a nonlinear mixed-integer programming problem
(MINLP) simultaneously deciding the location of hub centers and routes to
meet the demands of all SCN members while minimizing the total cost,
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Fig. 2.14. Supply chain network
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(2.14)



2.4 Applications for Manufacturing Planning and Operation 41

where binary variables z; and y; take 1 if each center 7 is open, and 7;;, s;5,
t;; become 1 if there exist routes between customer ¢ and DC j, DC i and
DC j, and DC i and plant j, respectively. Otherwise, they are equal to 0 in
all cases. u;; and v;; denote the amount of shipping from CC j to plant ¢ and
from supplier j to CC 4, respectively. Moreover, D; is the demand of customer
i, and P; , Q;, S; and T; represent capacities of DC, plant, CC and supplier,
respectively.

On the other hand, the first to fifth terms of the objective function are
related to transport costs while the sixth and seventh terms to fixed charge
costs of DC and CC, respectively. Equations 2.5, 2.7, and 2.9 mean that each
customer, DC and plant are allowed to select only one location each in the
downstream network. Equations 2.6, 2.8, 2.10, 2.12, and 2.14 represent the
capacity constraints on the first stage DCs and the second stage DCs, plant,
CC, and supplier, respectively. Equations 2.11 and 2.13 represent balance
equations between input and output of plant and CC, respectively.

A. Hierarchical Procedure for Solution

(1) Decomposition into Sub-models

Since the solution of MINLP belongs to an NP-hard class, developing a practi-
cal solution method is more desirable than aiming at a rigid optimum. Noting
the particular structure of the problem as illustrated in Figure 2.15, we can
decompose the original SCN into two sub-networks originating from the plants
in opposite direction to each other, i.e., upstream (procurement) chain, and
downstream (distribution) chain. The former solves a problem of how to sup-
ply raw materials from suppliers to plants via CCs, while the latter concerns
how to distribute the products from plants to customers via DCs.

__ Variables Ukl .
) Procurement
Constraints problem
Eq.Q.11) we |
Distribution
problem
Objective
Function

Fig. 2.15. A pseudo-block diagonal pattern of the problem structure

Eventually, to obtain a consequent result for the entire supply chain from
what is solved individually, it is necessary to combine them consistently by
adjusting a coupling constraint effectively. Instead of using Equation 2.11
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directly as the coupling constraint, it is transformed into a suitable condition
so that the tradeoff between the sub-networks can be adjusted through an
auction-like mechanism based on an imaginary cost. For this purpose, we
define the optimal cost associated with the procurement in the upstream chain
C*

proc’

Z Z Clpug + Z Z C51mVim + ZFQlyl = C;roc. (2.15)

keK leL leL meM leL

Then, dividing C7,,. into each plant according to the amount of produc-
tion, i.e., Ch . = >k Vi, we view Vj as an estimated shipping cost from
each plant. Then, by denoting the unit procurement cost by px, we obtain the

following equation:

NP <Z Dﬂ”ia‘) sjjr | tik = Vi, Yk € K. (2.16)

j'eJ \jeJ \iel

Using this as a coupling condition instead of Equation 2.11, we can de-
compose the entire model into each sub-model as follows.
Downstream network (DC) model?

min Z Z DiCh’jTij + Z Z (Z Dﬂ“w‘) Cij'Sjj’

i€l jeJ jeJj'ed \iel
+ E E E < E Dﬂ‘ﬁ) 854 C3jlktj/k + E Fljl‘j,
jreJkek \jeJ \iel jed

subject to Equations 2.5 - 2.10 and Equation 2.16.
Upstream network (CC) model

min Z ZC4klukl + Z Z C5pmVim + ZFQZZ/I,

keK leL leL meM leL

subject to Equations 2.12- 2.14 and Equation 2.17,

Rk = Zukl = Z Z (Z Dﬂ“;) S;j/ t;’}w (217)

leL j'eJ \jeJ \iel

where an asterisk means the optimal value for the downstream problem.
(2) Coordination Between Sub-models

3 A few variant models are solved by taking a volume discount of transport cost
and multi-commodity delivery into account [41].
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If the optimal values of the coupling quantities, i.e., Vi or Ry, were known
apriori, we could derive a consistent solution straightforwardly by solving
each sub-problem individually. However, since this is not obviously expected,
we need to make an adjusting process as follows.

Step 1: For tentative Vj (initially not set forth), solve the downstream prob-
lem.

Step 2: After calculating Ry based on the above result, solve the upstream
problem.

Step 3: Reevaluate Vi, based on the above upstream optimization.

Step 4: Repeat until no more change in Vi has been observed.

In addition, we rewrite the objective function of the downstream problem
by relaxing the coupling constraint in terms of the Lagrange multiplier as
follows:

ZZDiCL’jrij -+ Z Z (Z Dﬁ“w‘) Cij/Sjj/ + ZFlj.Tj — Z /\ka

i€l jeJ jeJjed \iel jeJg keK

+ Z Z Z <Z ij) sjjr | (C3jk + Akpr) k- (2.18)

j/eJkeK \jeJ \iel

The last term of Equation 2.18 implies that recosting the transport cost C'3;/y
can conveniently play the role of coordination. It is simply carried out as
C3j := C3j1;, + constant X p,. From the statements so far, we know that
the coordination can be viewed as the auction on the transportation cost so
that the procurement becomes most suitable for the entire chain. By virtue
of the increase in accuracy by computing V}, and Ry along with the iteration,
we can expect convergence from such a coordination.

(3) Procedure for a Coordinated Solution

To reduce the computation load, we further break down each sub-problem into
two levels, i.e., the upper level problem to determine the locations and the
lower one to determine the routes. Taking such hierarchical approach, we can
apply such a hybrid method that will bring about the following advantages:

e In the upper level problem, we can shrink the search space dramatically
by confining the search to location only.

e The lower level problem is transformed into a problem that is possible to
solve extremely effectively.

As a drawback, we need to solve repeatedly one of the two sub-problems
subject to the foregoing result of the other sub-problem in turn. However,
the computational load of such an adjustment is revealed to be moderate and
effective [27].
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Presently, we can solve the upstream problem following the method that
applies tabu search [9, 10] for the upper level and mathematical programming
for the lower level (hybrid tabu search). Moreover, the lower problem of the
upstream network becomes a special type of linear programming referring to
the minimum cost flow (MCF) problem [42]. In practice, the original graph
representing physical flow (Figure 2.16a) can be transformed into the graph
shown in Figure 2.16b, where the label on an arrow and edge indicate cost
and capacity, respectively. This transformation is carried out based on the
following procedure.

Supplier m () Supply Capacity = T,
Transport cost=C5,,
Collection .
Center / Capacity = §,

Transport cost = C4,,

Plant & . . Demand = R,
(a)

Z=YR;

(Cost(e), Cap(e))

'

O, Tm)

Vitual Source

Supplier m

Collection
center /

Plant &

Fig. 2.16. Transformation of the flow graph: (a) physical flow graph, (b) minimum
cost flow graph
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Step 1: Place the node corresponding to each facility. In particular, double
the nodes of hub facilities (CC).

Step 2: Add two imaginary nodes termed source (root of the graph) at the
top of the graph and the node termed sink at the bottom of the graph.

Step 3: Connect between nodes with the edge labeled by (cost(e), capacity(e))
as follows:
e label the edge between source and supplier by (0,7T,),

label the edge between supplier and CC by (C5;yy,, 00),

label the edge between the duplicated CC by (0,.5;),

label the edge between CC and plant by (C4y, o),

label the edge between plant and sink by (0, Dy).

Step 4: Set the amount of flow X; D; at the source so that the total demand
is satisfied.

On the other hand, in the downstream problem, the lower level prob-
lem refers to the IP due to the single allocation condition. It is described as
the shortest path problem if we neglect the capacity constraints on DCs or
Equations 2.10 and 2.12. After all, it is possible to provide another efficient
hybrid tabu search that employs the sophisticated Dijkstra method to solve
the shortest path problem with the capacity constraints [43]. First, the La-
grange relaxation is used to cope with the capacity constraints. Then the idea
simulating an auction on the transport cost is conveniently applied. Thereat,
if a certain DC would not satisfy its capacity constraint, we can consider that
it occurred due to the too cheap transport costs connectable to that DC. So if
we raise such cost, some connections may move on other cheaper routes in the
next call. Thus adjusting the transportation cost depending on the violation
amount like dlij = Cl; + p - AP;, and similarly for C2, all constraints are
expected to be satisfied at last. Here y and AP; denote a coefficient related
to Lagrange multiplier and the violated amount at the i-th DC.

Finally, the entire procedure is summarized as follows.

Step 1: Set all parameters at their initial values.
Step 2: Under the prescribed parameters, solve the downstream problem by
using hybrid tabu search.
2.1: Provide the initial location of DCs.
2.2: Decide on the routes covering the plants, DCs, and customers by
solving the capacitated shortest path problem.
2.3: Revise the DCs’ location repeatedly until the stopping condition of
tabu search is satisfied.
Step 3: Compute the necessary amount of the plant based on the above result.
Step 4: Solve the upstream problem using hybrid tabu search.
4.1: Provide the initial location of CCs.
4.2: Decide on the routes covering the suppliers, CCs and plants from
MCF problem.
4.3: Revise the CCs’ location according to tabu search.
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Step 5: Check the stopping condition. If it is satisfied, stop.
Step 6: Recalculate the transport costs between plants and DCs, and go back
to Step 2.

B. Example of Supply Chain Optimization

The performance of the above method is evaluated by solving a variety of
benchmark problems whose features are summarized in Table 2.1. They are
produced by generating the nodes whose appearance rates become approxi-
mately 3: 4: 1: 6: 8 among suppliers, CCs plants, DCs, and customers. Then
the transport cost per unit demand is given by the value corresponding to the
Euclid distance between each node. The demand and capacity are decided
randomly between certain intervals.

Table 2.1. Properties of the benchmark problem

Prob. ID Sply CC site Plant DC site Cust Combination*
b6 84 96 6 108 120 2.6 x 10°°
b7 98 112 7 126 140 4.4 x 107
b8 112 128 8 144 160 7.6 x 108!

* Number of combinations regarding CC and DC locations

In tabu search, we explore the local search space by applying three op-
erations such as add, subtract, and swap with the prescribed probability as
shown in Table 2.2. By letting the attributes of the candidates for neighbor
state be open and closed, we provide the following two rules to prepare a tabu
list with a length of 50.

Rule 1: Prohibit the exchange of attributes when the updated solution can
improve the current solution.
Rule 2: Prohibit keeping the attribute as it is when the updated solution fails.

Table 2.2. Employed neighborhood operations

Type Probability Operation

Add Padd = 0.1  Let closed hub vins open

Subtract psubtract=0.5 Let opened hub vqe close

Swap DPswap=0.4 Let closed hub vins open and
opened hub vqe close

The results summarized in Table 2.3 reveal that the expansion of the
computation load of the hybrid tabu search?® is considerably slow with the

4 The MCF problem was solved using a code by Goldberg termed CS2 [44].
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increase in problem size compared with commercial software like CPLEX
(OPL-Studio) [45]. In Figure 2.17, we present the convergence features in-
cluding those of downstream and upstream problems. Here, the coordination
method works adequately to reduce the total cost by bargaining over the gain
at the procurement chain for the loss at the distribution chain. In addition,
only a small number of iterations (no more than ten) is required by conver-
gence. By virtue of the generic nature of metaheuristic algorithms, this claims
that the converged solution might almost attain the global optimum.

Table 2.3. Performance with commercial software

Hybrid tabu search OPL-Studio
Prob. ID Time [sec] Appr. rate™ Time [sec| (rate)

b6A 123 1.005 7243 (59)
b6B 78 1.006 15018 (193)
b7A 159 1.006 27548 (173)
b7B 241 1.005 44129 (183)
bSA 231 1.006 24hr*?(>37)
bSB 376 1.003 24hr*?(>230)

CPU: 1GHz (Pentium3), RAM: 256 MB
*1 Approximation rate = attained / final sol. of OPL.
*2 Solution by 24hr computation
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68800 . \ ) . . . . .
1 2 3 4 5 6 7 8 9 10
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Fig. 2.17. Convergence features along the iteration
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2.4.2 Sequencing Planning for a Mixed-model Assembly Line
Using SA

For a relevant injection sequencing on a mixed-model assembly line, one of
the major aspects is to level out the workload at each workstation against
variations of assembly time per product model [46]. Another one is to keep
the usage rate of every part constant at the assembly line [47]. These two
aspects have been widely discussed in the literature. Usually, to keep pro-
duction balance and to prevent line stoppage, a large work-in-process (WIP)
inventory is required between two lines operated in different production man-
ners, e.g., the mixed-model assembly line and its preceding painting line in
the car industry. In other words, achieving these two goals proportionally can
bring about a reduction of the WIP inventory. In the following, therefore, we
consider a sequencing problem that aims at minimizing the weighted sum of
the line stoppage times and the idle time of workers.

A. Model of a Mized-model Assembly Line with a Painting Line

Figure 2.18 shows a mixed-model assembly line including a painting line where
each product is supplied from the foregoing body line every cycle time (CT).
The painting line is composed of sub-painting, main painting and check pro-
cesses. Re-painting repeats the main painting twice to correct defective prod-
ucts. The defective products are put in the buffer after correction. From the
buffer, necessary amounts of product are taken out in order of the injection
sequence at the mixed-model assembly line. It is equipped with K worksta-
tions on a conveyor moving at constant speed. At each workstation, a worker
assembles the prescribed parts into the product models.
Furthermore, we assume the following conditions.

1. Paint defects occur at random.

2. The correction time of defective product varies randomly.

3. The production lead-time of the painting line is longer than that of the
assembly line.

The sequencing problem under consideration is formulated as follows:

T T K
min p, x B + pg x glgangK(P£7Ai) + pu X ;;WL
subject to
I
=1, t=1,....T, (2.19)
=1
T
S oa=di, i=1,...,1, (2.20)
t=1

where the notation is as follows.
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Fig. 2.18. Scheme of a mixed-model assembly line and a painting line model

I: number of product models.

K: number of workstations.

T: number of injection periods.

7 injection sequence over a planning horizon (decided from z!).

IT: set of sequences (w € IT).

Bt: line stoppage time due to product shortage at injection period t.

P[: line stoppage time due to part shortage at workstation k at injection
period t.

Al : line stoppage time by work delay of a worker. This happens when the
workload exceeds C'T in workstation k£ at injection period t¢.

W:idle time of worker at workstation k at injection period t.
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2t 0-1 variable that takes 1 if the product model i is supplied to the assembly
line at injection period t. Otherwise, 0.
d;: demand of product model ¢ over T'.

; Actual value of part usage

=, Ideal value of part usage
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Fig. 2.19. Line stoppage time based on the goal chasing method [48]

We suppose that the objective function is described by a weighted sum of
the line stoppage times and the idle time, where p,, p, and p,, are weighting
factors (0 < pp, pa, pw < 1). Among the constraints, Equation 2.19 indicates
that plural products cannot be supplied simultaneously, and Equation 2.20
requires that the demand of each product model be satisfied.

Figure 2.19 illustrates a situation where the part shortage occurs at the
workstation k& when the quantity of part m used (3, a¥, z!) exceeds its ideal
quantity (tr%)) at the injection period ¢. Then, P is given as follows:

I k.t k
[ ak gt ¢
P! = max| max (XLfl%ﬁfl "'m cy, 0],
1<m<M rk

where afm is the quantity of part m required for model 4, 2! the accumulative
amount of production for model 7 during injection period from 1 to ¢, i.e.,

t
wb=> "z, (i=1,...,1). (2.21)
=1

Moreover, ¥ denotes the ideal usage rate of part m, and M the maximum
number of parts used on the workstation.
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Fig. 2.20. Line stoppage due to workload unbalance

On the other hand, Figure 2.20 show a simple example of how line stoppage
or idle work occurs due to variations of workloads. Each product model with
different workloads are put into workstation k£ along injection period. Since the
assembly time (workload) exceeds CT at injection period ¢, the line stoppage
occurs whereas idle work occurs at ¢t — 2. By knowing these, the line stoppage
time A} and the idle time W} can be calculated from Equations 2.22 and
Equation 2.23, respectively,

Al = max(Li — CT, 0), (2.22)

W} = max(CT — L, 0), (2.23)

where L} denotes the working time of a worker at workstation k at injection
period t.

Noticing that the product models from the painting line can be viewed
equivalently as the parts from a sub-line in the mixed-model assembly line,
we can give the line stoppage time B! due to part shortages as Equation 2.24,

t_

B! = max( i i

CT, 0), t=1,...,T, i=1,....1, (2.24)

Tpi

where ry,; is the supply rate of product model 7 from the painting line over the
entire injection periods. Consequently, Equation 2.24 shows the time difference
between the actual injection time of the product model ¢ and the ideal one.
Here we give rp; like Equation 2.25 by taking the correction time of defective
products at the painting line into account,
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d;

= e ) "717
"» T+[crd101}

(2.25)

where o is the defective rate of products at the painting line, C; the correction

time for the defective product model 4, and [-] is a Gauss symbol.
Furthermore, to improve the above prediction, r,; is revised at every pro-

duction period (n =1,...,N) according to the following procedures.

Step 1: Forecast rp; from the input order to the painting line at n = 1 (see
Figure 2.21a).

Step 2: After the injection at production period n is completed, obtain the
quantity and the completion time (called “delivery-information” here-
inafter) of product model 7 in the buffer.

Step 3: Update r,; based on the delivery information of model ¢ acquired at
n — 1 (see Figure 2.21b).

3-1: Generate the supply rate F;; (j =1,2,...) at every injection period
when product model 7 is put into the buffer.
3-2: Average Fj; and r,; to obtain the supply rate 7";1‘ of the product
model 7 at n.
Stepd: If n = N, stop. Otherwise, Let n :=n + 1 and go back to Step 2.
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Fig. 2.21. Forecast scheme of r,; and r;,i: (a) estimation of rp; (n = 1), (b) re-
evaluation of rp; (n > 1)

Injection period

B. An Example of a Mized-model Assembly Line

Numerical experiments are carried out under the conditions shown in Table
2.4. Weighting factors p,, p, and p,, are set as 0.5, 0.4 and 0.1, respectively.
Moreover, the results are evaluated based on the average over 100 data sets
generated randomly. To cope with the sequencing problem that belongs to a
NP-hard solution procedure, SA is applied as a solution method for deriving
a near optimal solution. We give a reference state by the random sequence
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of injection so as to satisfy Equations 2.19 and 2.20. Then swapping two
arbitrarily chosen product models in the sequence generates the neighbors
of state. In the exponential cooling schedule, the temperature decreases by
a fixed factor 0.8 at each step from the initial temperature 100 to the end
during 150 iterations.

Table 2.4. Input parameters

Cycle time, CT [min] 5
Station number, K 100
Product model, I 10
Total production number, ZZ d; 100
Injection period, T’ 100
Production period, N 30
Defective rate 0.2
Correction time [min] [15, 25]

The advantages of the total optimization (“Total sequencing”) were com-
pared with the result obtained when neglecting the two terms in the objective
function, i.e., p, = py, = 0 (“Level sequencing”).

Table 2.5. Comparison of sequencing strategies

WIP inventory Line stoppage Idle time [min]

volume time [min]
Total sequencing 28.7 43.7 4.2
Level sequencing 37.5 31.2 4.1

In Table 2.5, the WIP inventory volume means the value necessary for
preventing line stoppage due to product shortage while the line stoppage time
and idle time are the times incurred by the non-leveling of the parts usage and
the workloads at the assembly line, respectively. Though the WIP inventory
of “Total sequencing” is smaller than that of the “Level sequencing”, the
line stoppage and the idle times are a little inferior to the previous result.
Therefore, the advantage of the optimization actually refers to the relevant
management of the WIP inventory between two lines. As illustrated in Figure
2.22, “Total sequencing” is known to achieve the drastic decrease and stable
volume in the inventory compared with “Level sequencing”.

2.4.3 General Scheduling Considering Human—Machine
Cooperation

A number of resources controlled by computers are now popular in manufac-
turing e.g., CNC machine tools, robots, AGVs, and automated warehouses.
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Fig. 2.22. Features of the WIP inventory along a production period

There, the role of computers is to execute the prescribed tasks automati-
cally according to the production plans. Therefore, the advanced production
resources automated by the computer are expected to explore the next gener-
ation of manufacturing systems [49]. In the near future, autonomous machine
tools and robots might produce various products in flexible manners. In the
current systems, however, the role of the human operator is still important.
In many factories, multi-skilled operators manipulate the multiple machine
tools while moving among the multiple resources. Such a situation makes it
meaningless to ignore the role of operators and make a plan confined only to
the status of non-human resources.

This point of view requires us to generalize the scheduling problem associ-
ated with the cooperation between human operators and resources [37]. Based
on the relationship between the resources assigned to the job, incidental oper-
ations such as loading and unloading of the products are analyzed according
to material flows. Then, a modified dispatching rule is applied to solve the
scheduling problem.

A. Operation Classes for Generating a Schedule

The following notations will be used since production is related to a num-
ber of jobs, operations and processes associated with the job. Moreover, the
term “process” will be used when we emphasize dealing with a product while
“operation” will be used when we represent the manipulation of resources.

jgf v-th operation processed by resource ¢ and i-th process for product n
regarding parameter j.
s: starting time of the job.



2.4 Applications for Manufacturing Planning and Operation 55

f+ finishing time of the job.
p:  processing time of the job.

The scheduling problem is usually formulated under the following assump-
tions.

1. Every resource can perform only one job at a time.

2. Every resource can start an operation after a preceding process has been
finished.

3. The processing order and the processing time are given, and any change
of the processing order is prohibited.

Under these conditions, the scheduling is to determine the operating order
assigned to each resource. Figure 2.23 illustrates the Gantt charts for two
possible situations of a job processed by machines £ and . As shown in Figure
2.23a, it is possible to start the target operation of resource ¢ immediately
after the preceding operation has been finished. In contrast, as shown in Figure
2.23b, since machine ¢ can perform only one job at a time, resource { cannot
begin to process even if resource ¢ has finished the preceding process.

previous process
machine &

target operation
machine ¢

previous operation
time

(a)

machine & I:I
woves | [0 ]

time

(b)

Fig. 2.23. Dependency of jobs processed by two machines: (a) on the previous
operation, (b) on the previous process

Therefore, the starting time of the target job can be determined as follows:

sy = max[ O fy i), (2.26)

where operator max|-] returns the greatest value of the arguments. On the
other hand, the finishing time is calculated by the following equation:

v _ G U
fw’ = S, +pn,i'
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In addition, we need to consider the following aspects for the generaliza-
tion of scheduling. In the conventional scheduling problem, it is assumed that
each resource receives one job from another resource, then processes it and
transfers it to another resource. However, in real world manufacturing, mul-
tiple resources are commonly employed to process a job. Figure 2.24 shows
three types of Gantt charts for cases where multiple resources are used for
manufacturing.

machine & previous processes
machine & :I .
target operation
machine y |
\ previous operation
time
(a)
previous process
machine & B target operation
machine w1 operations handled
v cooperatively
machine y»
machine s
previous operations
handled independently

time

(b)

target operation
machine y Ij/

machine (i

next process
machine (2

time

()

Fig. 2.24. Classification of a schedule based on material flows: (a) parts supplied
from multiple machines, (b) operations handled cooperatively by multiple machines,
and (c) operations of plural jobs using parts supplied from one machine

In the first case (a), one resource receives one job from the multiple re-
sources. This type of material flow, called “merge”, corresponds to the case
where a robot assembles multiple parts supplied to it from the multiple re-
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sources, for example. In the second case (b), multiple resources are assigned
to a job. However, each resource cannot begin to process the job until all
resources have finished the preceding jobs. This type of production is known
as “cooperation”. Examples of the cooperation are cases where an operator
manipulates a machine tool, and where a handling robot transfers a job from
AGYV to machine tool. The last one (c¢) corresponds to “distribution”, which
is the case where several resources receive the job individually from another
resource. Carrying several types of parts by truck from a subcontractor is a
typical example of this case. Various resources cannot begin to process until
all trucks arrive at the factory. In these cases, the starting time of the target
job is determined as follows.

s ? -1 - o,V
shert = max[{for Ty, {fPeenty, flevl,

where &, is every resource processing the preceding process of the job j;p’ ot
and 13 every resource processing the job cooperatively with resource 1.
Resource 1g processes the job j,;—1 as the w-th operation, and {-} shows a
set of finishing times f.

Jobs like loading and unloading are respectively considered as a pre-
operation and a post-operation incidental to the main job (incidental op-
eration). Status check and execution of NC program by a human operator
are alos viewed as such operations. In conventional scheduling, these jobs are
likely to be ignored because they take a much shorter time compared with the
main job. However, the role of these operations are still essential whenever
their processed times are insignificant. For example, the resources cannot be-
gin the process without a safety check by a human operator even in current
automated manufacturing.

pre-operations  target post-operations
\operation
N
machine y y /)
\ / %
A)
previous / next
operation stuck status operation
time

Fig. 2.25. Pre-operation and post-operation

Figure 2.25 illustrates the case where multiple pre-operations and post-
operations are related to the main job (noted as the target operation). Between
the two incidental operations and/or between the incidental operation and
the main job, there arises an undesirable idle time or stuck time during which
the resource cannot execute the other job. For generalizing the scheduling,
concerns with these operations are also unavoidable.
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B. Solution Method

Generally speaking, an appropriate dispatching rule can derive a practical
schedule even for the real world problem with a large number of products
and resources. To deal with the complicated situations mentioned above in
a practical manner, it makes sense to apply this kind of knowledge or an
empirical optimization method. A modified earliest start time (EST) rule is
effective for obtaining a schedule to level out the waiting times. It is employed
as follows.

Step 1: Make an executable job list {jf]f} where job jgf is the first job of
the product or the preceding job j, ;1 assigned on the schedule.

Step 2: Calculate the starting time Sf]f of the job jf]f by Equation 2.26. If
the operator manipulating machine { for processing job jsf engaged in
¢v (&)

»i » then modify s,

the manipulation of another machine £ before j
the following equation:

using

26U G
Sn,i - Sn,i + tf»@

where ¢ ¢ is the moving time of the operator from machine £ to machine
C.

Step 3: Select the job that can begin the process earliest. If there are plural
candidates, select the job that has the most work to do.

Step 4: Repeat from Step 1 through 3 until all jobs are assigned to the re-
sources.

C. Examples of a Schedule with a Human Operator

To illustrate the validity of the above discussions, a job shop scheduling prob-
lem is solved under the following conditions. Two multi-skilled operators and
eight machine tools produce ten products. Both operators can manipulate
multiple machine tools. Every job processed by the machine tool requires pre-
operation and post-operation by the human operators. These incidental jobs
are also identified as the jobs that need cooperation between human operators
and machines.

Figure 2.26 shows a Gantt chart partially extracted from the scheduling
obtained here. As shown in these figures, one operator manipulates the ma-
chine both at the beginning and at the end of jobs. Figure 2.26b shows the
case where the moving time of an operator between two machines is short and
the operator can move to machine ¢ immediately after loading on machine &.
Staying at machine ¢ until the unloading of job B, the operator can return to
machine £ without any delay for unloading job A.

On the other hand, Figure 2.26¢ shows the case where the operator takes
double time to move between these two machines. However, the operating
order is the same as before, the stuck time occurs on machine £ due to the
late arrival of the operator.
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Fig. 2.26. Examples of scheduling with a human operator: (a) operator and machine
tools, (b) schedule with loading and unloading by an operator, (c) schedule when an
operator takes double time for movement between machine tools, and (d) schedule
when job B takes double time for operation

Moreover, Figure 2.26d shows the influence of the job processing time. If
the processing time of job B is double, it wastes much time because the opera-
tor will not stay at machine (. The operator returns to machine £ immediately
after setting up the job on machine ¢ and waits for job A to be completed by
machine £. The stuck time occurring on machine ¢ becomes shorter compared
with the stuck time occurring on machine £ if the operator stays at machine (.
This example clearly reveals the importance of the contribution of operators
for a practical schedule.
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2.5 Optimization under Uncertainty

There exist more or less uncertain factors in mathematical models employed
for manufacturing optimization. As the lead-time for system development,
planning and design become longer, systems will suffer unexpected deviations
more often and more seriously. However, since it is impossible to forecast every
unknown or uncertain factor beforehand, we need to analyze in advance the
influence of such uncertainties on state and performance before optimization.
Without considering various uncertainties involved in the system model, it
may happen that the optimum solution is useful only in the specific situa-
tion, or at worst becomes insignificant. Especially when engaging in the real
world problems, such an understanding is of special importance to guarantee
a certain security, confidence, and economical merit.

There are known several types of uncertainty, associated with the optimiza-
tion problems, i.e., parameter deviations involved in the objective function
and constraints; structural errors of the system model, e.g., linear/non-linear,
missing/redundant variables and/or constraints, etc. Regarding the nature of
uncertain parameters, they are also classified into categories, i.e., determinis-
tic, stochastic and fuzzy deviations. To cope with the uncertainties associated
with the optimization problem either explicitly or inexplicitly, much research
has been carried out for many years. They refer to technical terms such as
sensitivity, flexibility, robustness, and so on. Stochastic optimization, chance
constrained optimization and fuzzy optimization are popularly known classes
of optimization problems associated with uncertainties.

Leaving the introduction of these approaches to other literature [50], a
new interest related to the recent development of metaheuristic optimization
methods will be considered here. Deriving an insensitive solution against un-
certainties is a major interest in this section.

2.5.1 A GA to Derive an Insensitive Solution against Uncertain
Parameters

It is desirable to make the optimal solution adapt dynamically according to
the deviation of parameters and/or changes of the environment. For various
reasons, however, such a dynamic adaptability is not easy to achieve. Instead,
we might take a proper precaution and try to obtain a solution that is robust
against the changes. For this purpose, such a problem is often formulated
as a stochastic optimization problem that will maximize the expectation of
the objective function with uncertain parameters. Similarly, we introduce a
few GA methods where fitness is calculated by stochastic parameters like
expectation and variance of the objective function. Though GA has been
applied to many deterministic optimizations, not so many studies have been
carried out on the uncertainties [51, 52, 53, 54]. However, by virtue of the
population-based search method through natural selection, GA has a high
potential ability to cope with the uncertainties.
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First, let us consider the deterministic optimization problem described as
follows:

[Problem) min f(z) subject to z € X CR",

where = denotes a decision variable vector and X its admissible region. More-
over, f is an objective function. On the other hand, the optimization problem
under uncertainty is given by

re X CR"

[Problem] min F,(f(x,w)) subject to { weW CR™ -

Since GA popularly handles constraints with the penalty function method,
below the uncertainties are assumed to be involved only in the objective func-
tion without loss of generality. Moreover, if the influence from uncertainties
is evaluated through expectation, the above problem can be re-described as
follows:

[Problem] min E,[f(z,w)] subject to z¢€ X CR",

where E,,[-] denotes the expectation with respect to w. When the probabilistic
distribution function ¢(w) is given, it is calculated by the following equation:

o0
Bo= [ plw)few)de.
—0o0

On the other hand, when the uncertain parameters deviate randomly
within a certain interval, or the probabilistic distribution function is not given
explicitly, the above computation is substituted by the average over K sam-
ples. In this case, a large number of samples can increase the accuracy of such
a computation,

| K
E, = ?;f(x,wl)

Due to the generic property compared to the natural selection, in GA, in-
dividuals with higher adaptability can survive to the next generation even in
an environment suffering from (parameter) deviations. This means that these
survivors have been exposed to various parameter deviations during all gener-
ations long. Accordingly, the solutions obtained there are to be selected based
on the expectation computed through a large number of sampling eventually
or the most precise evaluation. In other words, GA can concern the uncer-
tain problem altogether and all over the generation as well. Noting the high
computational load of GA, however, how to reduce the additional load con-
sumed for such a computation becomes a major point in developing effective
methods.
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The first method applies the usual GA by simply calculating the fitness
from the expectation in terms of the sufficient number of samples in every
generation, i.e., F; = E,[-]. As easily supposed, a very large number of sam-
ples is to be evaluated by the end of the search. Usually, the same stopping
condition is adopted as same as in the usual GA.

Since the dominant individuals are to be evaluated repeatedly over the
generation, it is possible to reduce the load necessary for the correct evalu-
ation of expectation if the inherited information is available. Based on such
prospects, the second method [49] uses Equation 2.27 for the calculation of
fitness (for simplicity, the following equations are described assuming decision
variable is scalar):

_ Agei — V)H(P;) + f(xi,w;)
B Age;

where F; is the fitness of the i-th chromosome, H(F;) the fitness of one of
the parent being closer to each offspring in the search space (its distance
is denoted by D). Age; corresponds to the individual’s age that increases
with the generation by one, but is reset every generation with the probability
1 —p(D). Here, p(D) is given as

F; , (2.27)

2
p(D) = exp(~2),

where « is a constant adjusting the degree of inheritance. As « becomes larger,
it is more likely to inherit the character from the parent and vice versa. Since
the sampling is limited to only one, this method weighs the contribution of
the inheritance based on insufficient information too much on the evaluation
of fitness. The individual with the highest age is chosen as the converged
solution.

To compromise the foregoing two methods, the third method [56] illus-
trated in Figure 2.27 takes multiple samplings that are not so large but not
only one. They are used to calculate not only the expectation but also the
variance. The additional information from the variance can compensate the
insufficiency of the inherited information available at the present generation
in Equation 2.27. Eventually, the fitness of the i-th individual is given by the
following equation:

(Age; — 1) H(P,) — h(fi,07)
Age;

F, =

where h(fi,0?) is given by

h(flao-?) = Aﬁ + (1 - )‘)U?a

where ) is a weighting factor and f; and o2 denote the values of average and
standard deviations, respectively,
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Fig. 2.27. Computation method of fitness by method 3

fi= %Zf(fﬂi,wj),
j=1
ot > () = £

where m is the sampling number.

After the stopping condition has been satisfied, the individual with the
highest age is chosen as the final solution.

The first test problem to examine the performance of each method is given
by the maximization of a two-peaked objective function shown in Figure 2.28.

i, w) = { Apsin{Br(z+w)}, (x+w € Dy)
(T, Apsin{Bgr(z +w — )}, (z+w € Dp)

where Dy, = {z]|0 < x < 1/11}, Dg = {z|{; <& < 1}. A noisy parameter w
deviates in two ways:

1. randomly within [—0.004, 0.004]
2. under the normal distribution N0, o2].

Furthermore, in the second case, two sizes of deviation are considered, i.e.,
o = 0.01, and 0.05. As known from Figure 2.28, the optimal solution for each
o becomes x;, = 0.046 and xr = 0.546, respectively. Table 2.6 compares the
results obtained under the condition that the population size = 100, crossover
the rate = 0.6, and the mutation rate = 0.02. After the same prescribed
computation time (30 s), the final solution is chosen according to the stopping
condition of each method.
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Fig. 2.28. Two-peak problem fi(z,w), (A = 10, Ap = 8, By = 11w, Br =
117/10, w = 0)

Table 2.6. Comparison of numerical results

o Method Solution Error (%) m Generation

0.01 1 0.0436 4.2 20 3000

(zr, = 0.046) 2 0.0486 22.2 1 12000
3 0.0458 2.3 5 8000

0.05 1 0.539 2.0 20 3000
(zr = 0.546) 2 0.523 91 1 12000
3 0.545 1.7 5 8000

In every case, the third method outperforms the others. On the other hand,
all results of the case o = 0.01 are inferior to those of o = 0.05, since around
the optimal solution for o = 0.01 (z,), the sensitivity of f; with w is higher
than that of the optimal solution for o = 0.05 (xg).

Another test problem with the five-modal objective function shown in
Figure 2.29 is also solved by each method,

a(z, w)|sin(57(z + w))[*5, (0.4 <z +w < 0.6)
a(z, w)sin®(5m(x +w)), otherwise

)

fa(z, w) Z{

where a(z,w) = exp[—2In 2(%)0.2]_

In this problem, the noisy parameter deviates under the normal distribu-
tion with ¢ = 0.02 and 0.04. As shown in Figure 2.29, the optimal solution
for each deviation locates at x, = 0.1 and at xp = 0.492, respectively. Figure
2.30 shows the behavior of the tentative solution during the generation for
o = 0.02. From this, it is known that the third method attains the optimal
solution x, fast, and keeps it steadily. This means that the result will not be
affected by the wrong selection of the stopping condition, or the oldest indi-
vidual can dwell on the optimal state safely. On the other hand, the second
method is inferior to the others. Figure 2.31 describes the result for o = 0.04.
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Fig. 2.29. Five-peak problem fa(z,w), (w = 0)
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In this case, the third method also outperforms the others. These results claim
that the third method can derive the solution steadily and safely regardless

of the stopping conditions.
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Fig. 2.30. Convergence property (o = 0.02)

2.5.2 Flexible Logistic Network Design Optimization

Under the influence of globalization and the introduction of advanced trans-
portation systems, industrial markets are acknowledging the importance of
flexible logistic systems favoring just-in-time and agile manufacturing. Focus-
ing on the logistic systems associated with supply chain management (SCM),
a method termed hybrid tabu search is applied to solve the problem under
deterministic customer demand [43]. In reality, however, a precise forecast
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Fig. 2.31. Convergence property (o = 0.04)

of demand is quite difficult. An incorrect estimate causes either insufficient
production when forecast goes below the actual demand or undue expen-
diture due to large inventory. It is important, therefore, to formulate the
problem by taking into account uncertainty in the demand. In fact, by as-
suming certain stochastic deviation, two-stage formulations using stochastic
programming have been studied [57, 58]. However, these approaches seem to
be ineffective for designing a flexible logistic network for the following two
reasons. First, customer satisfaction is evaluated by the demand basis but it
is left unrelated to other important factors like cost, flexibility, etc. Second,
they are unconscious of taking a property of decision variables into account
whether they are soft (control) or hard (design) variables.

To show an approach for deriving a flexible network against uncertain de-
mands, let us consider a hierarchical logistic network as depicted in Figure
2.32, and define index sets I, J and K for customer (CT), distribution center
(DC) and plant (PL), respectively. It is assumed that customer ¢ has an un-
certain demand D; obeying a normal distribution. To consider this problem,
a fill rate of demand termed service level is defined as follows:

s(ao) = / N [po, o]dp (o :naturalnumber), (2.28)

where N[-] stands for the normal distribution with average py and standard
deviation o. The service level corresponds to the probability that the network
can deliver products to customers whatever deviation of the demand might
occur within the prescribed extent.

For example, the network designed for the average demand can present
50% service level, and 84.13% for the demand corresponding to pg + o. Now
the problem is to minimize the total transportation cost with respect to the lo-
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Fig. 2.32. Scheme of a logistic network

cation of DC and the selection of a route between the facilities while satisfying
the service level. The following development also assumes the following:

1. Every customer is supplied via a route only as from PL to DC and from
DC to CT.

2. To avoid a separate delivery, each connection is limited to only one linkage
(single allocation).

Now, the problem without taking the demand deviation into account is
given by the following mixed 0-1 programs [40], which is a variant formulation®
of the downstream problem of logistic optimization in Sect. 2.4.1:

[Problem]  min Z Z fijEij + Z Zgjijkv (2:29)
i ik

subject to
Yyy=1, Viel (2.30)
fjj >y Di, Yiel, YjeJ, (2.31)
Zfij <z;U;, Vjel, (2.32)
Tp=Y zpM, VjelJ, (2.33)
Gik < ;kM, Vied, VkekK, (2.34)

Zgjk = Zfij, Vi e J, (2.35)
k ij

5 Fixed charge of location is ignored. Instead, the number of locations is set at p
and delivery between DC and DC is prohibited in this model.
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> gk < Sk, VkEK, (2.36)

j
Za:j =p, (2.37)
J

fag : integer,x,y,z € {Ovl}a

where x; denotes a binary variable that takes 1 when DC opens at the j-
th candidate and 0 otherwise. The binary variables y;; and z;; represent the
status of connection between CT and DC, and DC and PL, respectively. These
two binary variables (y;; and z;,) become 1 when connected and 0 otherwise.
Quantities f;; and g;i are shipping amounts from DC to CT, and from PL to
DC, respectively.

The objective function stands for the total transportation cost where F;;
denotes unit transportation cost between the i-th CT and the j-th DC and
Gji that between the j-th DC and the k-th PL.

On the other hand, each constraint denotes the conditions as follows: Equa-
tion 2.31 denotes demand satisfaction where D; represents the i-th demand;
Equations 2.30 and 2.33 the single linkage conditions; Equations 2.32 and 2.36
capacity constraints where Uj is capacity at the j-th DC and Sy that at the
k-th PL; Equation 2.35 flow balance; Equation 2.37 the required number of
open DC. Moreover, M in Equations 2.33 and 2.34 represents a very large
number.

To consider the problem, the decision variables are classified into hard
and soft variables depending on their generic natures. Hard variables are not
allowed to change once they have been determined (e.g., DC location). On
the other hand, soft variables can change according to the demand deviation
(e.g., distribution route). Then a two-level problem is formulated based on
the considerations from flexibility analysis [60] as follows:

[Problem) gnul%) Cr(z,u, w|po),
subject to
(z,u,w) € F(z,u,w|po), (2.38)
|lu —vf| <2¢, (2.39)

min Cr(z,v,w’|p;),
T,v,w

subject to (z,v,w’) € F(z,v,w'|p,),  (2.40)

x,u,v € {0,1}, w,w’ : integer,

where x denotes the location of DC (hard variable), u and v correspond to the
soft variables denoting the route for the nominal (average) demands, and the
deviated demands, respectively. When || - || denote the Hamming distance, £
refers to the allowable number of route changes. This is equivalently described
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as Equation 2.39. Moreover, w and w’ represent the other variables in the
original problem at the nominal and the deviated states, respectively.

Also, Cr(+|po) and F(:|po) in Equation 2.38 symbolically express the ob-
jective function (Equation 2.29) and the feasible region at the nominal (Equa-
tions 2.30 through 2.37), respectively. Similarly, Problem 2.40 stands for the
optimization at the deviated state. Due to the linearity of the constraints re-
garding demand satisfaction, i.e., Equation 2.31, we can easily describe the
permanently feasible region [61, 62]. This condition guarantees the feasibil-
ity even in the worst case of parameter deviations regardless of the design
and control adopted. Accordingly, the demand D; in F(:|p,) must be replaced
with the value corresponding to the prescribed service level. Finally, the lower
level problem tries to search the optimal route while satisfying the feasibil-
ity against every deviation under the DC location decided at the upper level
problem.

Even in the case where uncertainties are not considered, the formulated
problem belongs to the class of NP-hard problems. It becomes especially dif-
ficult to obtain a rigid optimal solution mathematically as the problem size
expands. The hybrid tabu search is applied as a core method to solve this
problem repeatedly for a parametric study regarding £. It is necessary to en-
gage in a tradeoff analysis on the flexible logistics decision at the next stage.

The effectiveness of the approach is examined through a variety of prob-
lems where the number of customers ranges from 50 to 150. Moreover, the
number of plants |K|, candidate DC |J|, designated open DC p and customer
|I| are set at the ratio 5: 15 : 7: 50, and these facilities are located randomly.
Then unit transportation costs E;; and G are given to be proportional to
the Euclid distance between them.

Three benchmark problems are solved to examine the properties of the
flexible solution through comparison with other methods. Table 2.7 shows the
results of the three strategies, i.e., the flexible decision (F-opt.), nominal one
(N-opt.), and conservative one (W-opt.). N-opt. and W-opt. are derived from
the other optimizations described below, respectively,

min Cp(z,u, w|py) subject to (x,u,w) € F(x,u,w|py),

min Cr(z,v,w’|p,) subject to (x,v,w’) € F(z,v,w'|p,).

Then, the objective values are compared with each other both at the nom-
inal (p,) and the worst (p, +30) states when £ = 5. The values in parenthesis
express the rates to the respective optimal values. In every case, N-opt. is
unable to cope with the deviated state. On the other hand, though W-opt.
has an advantage at the worst state, its performance degrades outstandingly
at the nominal state. In contrast, F-opt. can present better performance in
the nominal state while keeping a nearly optimal value in the worst case.

Results obtained from another class of problems reveal that the more dif-
ficult the decision environment and the more seriously the deviated situation
become, the more the flexible design takes the advantage.
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Table 2.7. Comparison of results for the benchmark problem

Problem ID Strategy At nominal At worst

(D-| K- J|(p)-I1])

state state

F-opt.

D-5-15(7)-50 N-opt.

45846 (1.25) 77938 (1.04)
36775 (1.00 NA

W-opt. 58377 (1.59) 74850 (1.00)

F-opt. 38127 (1.03) 47661(1.04)
D-10-30(14)-100  N-opt.

W-opt. 39321 (1.06) 45854 (1.00)

F-opt. 40886 (1.07) 48244 (1.05)

D-15-45(21)-150  N-opt.
W-opt.

38212 (1.00 NA

)
(1.00)
(1.59)
(1.03)
36918 (1.00)  NA
(1.06)
(1.07)
(1.00)
45834 (1.19) 45899 (1.00)

To make a final decision associated with the flexibility, the dependence
of adjusting margin £ on the system performance or total cost needs to be
examined. Since certain amounts of margin (£) can reduce the degradation
of performance (total cost) effectively, we can derive a rational decision by
compromising the attainability of these factors. An example of the tradeoff
analysis is shown in Figure 2.33. Due to the tradeoff between the total cost
and £, which increases along with the amount of deviation, decision making
at the next step should be addressed in terms of the discussion about the
sufficient service level and/or the allowable adjusting margin together with
the cost factor.
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Fig. 2.33. Relation between total cost and adjusting margin &
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2.6 Chapter Summary

In this chapter, we focused on a variety of single-objective optimization meth-
ods based on a metaheuristic approach.

These methods have emerged recently, and are nowadays filtering as prac-
tical optimization methods by virtue of the rapid progress of both computers
and computer science. Roughly speaking, they are direct search methods aim-
ing at a global optimum by utilizing a certain probabilistic drift. Their algo-
rithms are characterized mainly by the ways in which to derive the tentative
solution, how to evaluate it, and how to update it. They can even cope readily
with the combinatorial optimization. Due to these favorable properties, these
methods are being widely applied to some difficult problems encountered in
manufacturing optimization.

To solve various complicated and large-scale problems in a numerically
effective manner, we presented a hybrid approach that enables us to inherit
the conventional outcomes and fuse them together with the recent outcomes
straightforwardly. Types of hybrid approaches were classified, and an illus-
trative formulation was presented in terms of the combination of traditional
mathematical programming and metaheuristic optimization in a hierarchical
manner.

Then, three applications to manufacturing optimization were demon-
strated to show how effectively each optimization method can solve each topic.

The first topic took a logistic problem associated with supply chain man-
agement that is closely related to the network design of hub systems such
as transportation, telecommunication, etc. To deal with such large-scale and
complex problems practically, a hybrid method was developed in a hierarchical
manner. Through decomposing the problem into appropriate sub-problems,
tabu search and the graph algorithm as a LP solver of the special class were
applied to the resulting problems.

To increase the efficiency of the mixed-model assembly line for the small-
lot-multi-kinds production, it is essential to prevent line stoppages incurred
due to unexpected inconsistencies. The second topic concerned an injection
sequencing problem under uncertainty associated with defective products. Af-
ter formulating the problem, simulated annealing (SA) was employed to solve
the resulting problem in a numerically effective manner.

Effective scheduling is one of the most important activities in intelligent
manufacturing. However, little research has taken into account the role of hu-
man operators and cooperation between operators and resources. The third
topic concerned production scheduling involving multi-skilled human opera-
tors manipulating multiple types of resources such as machine tools, robots
and so on. A scheduling problem associated with human tasks was formulated
and solved by an empirical optimization method known as the dispatching
rule.

In the mathematical model employed for manufacturing optimization,
there exist more or less uncertain factors that are impossible to forecast before-
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hand. In the last section, as a new interest related to the recent development
of metaheuristic optimization methods, the application of GA to derive an
insensitive solution against uncertain parameters was introduced. By virtue
of its generic nature as a population-based algorithm, a high potential ability
of coping with the uncertainty was examined through numerical experiments.

Then, focusing on the logistic systems associated with supply chain man-
agement, the hybrid tabu search was used again to solve the problem under
uncertain customer demand. The idea from flexibility analysis was applied
by classifying the decision variables as to whether they are soft (control) or
hard (design). The results obtained there revealed that the approach is very
promising for making a flexible logistic decision under uncertainties from com-
prehensive points of view.
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3

Multi-objective Optimization Through Soft
Computing Approaches

3.1 Introduction

Recently, agile and flexible manufacturing has been required to deal with
diversified customer demands and global competition. The multi-objective
optimization has been gaining interest as a decision aid sutable for those
challenges. Accordingly, its importance might be intensified especially for real
world problems in many fields. In this section, new methods for a multi-
objective optimization problem (MOP)! will be presented associated with the
metaheuristic methods and the soft computing techniques.

Generally, we can describe the MOP as a triplet like (z, f, ), similar to
the usual single-objective optimization. However, it should be noticed that
the objective function in this case is not a scalar but a vector. Consequently,
the MOP is written, in general, by

[Problem] min f(x)={f1(x), fa(x),..., fn(z)}

subject to z € X,

where x denotes an n-dimensional decision variable vector, X a feasible region
defined by a set of constraints, and f an N-dimensional objective function
vector, some elements of which conflict and are incommensurable with each
other.

The conflicts occur when if one tries to improve a certain objective func-
tion, at least one of the other objective functions deteriorates. As a typical
example, if one weighs on the economy, the environment will deteriorate, and
vice versa. On the other hand, the term incommensurable means that the
objective functions lack a common scale to evaluate them under the same
standard, and hence it is impossible to incorporate all objective functions
into a single objective function. For example, environmental impact cannot

1A brief of review of the conventional methods is given in Appendix C.
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be measured in terms of money, but money is usually used to account eco-
nomic affairs.

To grasp the entire idea, let us illustrate the feature of MOP schematically.
Figure 3.1 describes the contours of two objective functions f; and fs in a
two-dimensional decision variable space. There, it should be noted that it is
impossible to reach the minimum points of the two objective functions p and
q simultaneously.

Here, let us make a comparison between three solutions, A, B and C.
It is apparent that A and B are superior to C because f1(A) < f1(C), and
f2(A) = f2(C), and f1(B) = f1(C), and f2(B) < f2(C). Thus we can rank the
solutions from these comparisons. However, it is not true for the comparison
between A and B. We cannot rank these as just the magnitudes of the objective
values because fi(A) < fi(B), and fa(A) > fo(B). Likewise, a comparison
between any solutions on the curve, p — ¢, which is a trajectory of the tangent
of both contour curves is impossible. These solutions are known as Pareto
optimal solutions. Such a Pareto optimal solution (POS) becomes a rational
basis for MOP since any other solutions are inferior to every POS. It should
be also recalled, however, that there exist infinite POSs that are impossible
to rank. Hence the final decision is left unsolved.

Fig. 3.1. Pareto optimal solution set in decision space, p — q

To understand intuitively the POS as a key issue of MOP, it is depicted
again in Figure 3.2 in the objective function space when N = 2. From this, we
also know that there exist no solutions that can completely outperform any
solution on the POS set (also called Pareto front) . For any solution belonging
to the POS set, if we try to improve one objective, the rest of the objectives
are urged to degrade as illustrated in the figure.

It is also apparent that it never provides a unique or final solution for the
problem under consideration. For the final decision under multi-objectives,
therefore, we have to decide a particular one among an infinite number of
POSs. For this purpose, it is necessary to reveal a certain value function of
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Fig. 3.2. Idea of a solution procedure in objective space

decision maker (DM) either explicitly or implicitly. This means that the final
solution will be derived through the tradeoff analysis among the conflicting
objectives by the DM. In other words, the solution process needs a certain
subjective judgment to reflect the DM’s preference in addition to the mathe-
matical procedures. This is quite different from the usual or single-objective
optimization problem (SOP) that will be completed only by mathematical
procedures.

3.2 Multi-objective Metaheuristic Methods

As a suitable method associated with MOP, the extension of evolutionary
algorithms (EA) has caused great interest. Strictly speaking, these methods
are viewed as a multi-objective analysis that tries to reveal a certain feature
of tradeoff among the conflicting objectives instead of aiming at obtaining
a unique preferentially optimal solution. Such multi-objective evolutionary
algorithm (MOEA) [1, 2, 3, 4] is an extension of EA in which the following
two aspects are considered:

How to select individuals belonging to the POS set.
How to maintain diversity so that elements of POS set are derived not
only as many as but also as varied as possible.

By considering multiple possible solutions simultaneously in search (popula-
tion-based approach), MOEA can favorably generate a POS set in a single
run of the algorithm. In addition, MOEA is less insensitive to the shape or
continuity of the Pareto front (e.g., they can deal with discontinuous and
concave Pareto fronts without paying special attention). These are the spe-
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cial advantages? over the conventional mathematical programming techniques
mentioned in Appendix C when dealing with the real world applications.

Below, only representative methods of MOGA will be outlined according
to the following classification [5]:

e Aggregating function approach
e Population-oriented approach
e Pareto-based approach

3.2.1 Aggregating Function Approaches

The most straightforward approach of MOP is obviously to combine the mul-
tiple objective functions into a scalar one (a so-called aggregating function),
and solve the resulting SOP using an appropriate method. Problem 3.1 with
the linearly weighted sum objective function is one of the simplest dealing
with this case,

N
[Problem] min Z w; fi(x), (3.1)
i=1

where w; > 0 is a weight representing the relative importance among the
N objectives, and is usually normalized such that Zfil w; = 1. Since EA
needs scalar fitness information to work, a plain idea is to apply the above
aggregating function value as a fitness. Though this approach is very simple
and easy to implement, it has the disadvantage of missing concave portions
of the Pareto front. Another difficulty is the determination of the appropriate
weights to derive a global Pareto front when we do not have enough informa-
tion about the problem a priori. These difficulties grow rapidly as the number
of objective functions increases.

Goal programming, goal attainment, and the e-constraint method are also
available for the same purpose.

3.2.2 Population-oriented Approaches

To overcome the drawbacks of the aggregating methods, approaches in this
class attempt to use the population-based effect of EA for maintaining the
diversity of the search. They are known as the lexicographic ordering method
[6], the method using gender to identify objectives [7] and randomly generated
weight and elitism [8], the weighted min-max approach [9], non generational
GA [10], etc.

The vector evaluated genetic algorithm (VEGA) proposed by Schaffer [11]
is a classical method of this type. VEGA is a simple extension of the single-
objective genetic algorithm with a modified selection mechanism. For a prob-
lem with N objectives, N sub-populations of size N, /N each are generated

2 Nevertheless, a comparison involving the computational load has been never dis-
cussed anywhere.
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from a total population size of V,. An individual in the sub-population, say
k, is assigned a fitness based only on the k-th objective function. Using this
value, the selection is performed per each sub-population. Since every mem-
ber in the sub-population is selected based on the fitness of the particular
objective function, its preference is consequently emphasized corresponding
to the respective objective function. To generate a new population, genetic
operations like crossover and mutation are applied after the sub-populations
are merged together and shuffled to mix up. This procedure is illustrated in
Figure 3.3.

Generation (7) Generation (1+1)

Individual 1 Subtpopu— Individual 1 Individual 1
lation 1
Individual 2 Sub-popu- Individual 2 Individual 2
lation 2
. . .
. Create M Shuffle . Apply .
Y é . ﬁ . — ) .
. Sub-popu- . entire . genetic .
lations population operators
. . . 0
o . . .
Sub-popu-
Individual N, lation M Individual N, Individual N,
Initial Population M sub-populations Individuals are now Start all over again
Size N, are created mixed

Fig. 3.3. Solution process of VEGA

Though this approach is easy enough to implement, some problems remain
unsolved. Since the concept of Pareto optimality is not directly incorporated
into the selection mechanism, the problem known as “speciation” arises. That
is, let us suppose that the solution has a good compromise solution for all
objectives (“middling” performance in all objectives), but it is not the best in
any of them. Under this selection scheme, such a solution will hardly survive
and be discarded nevertheless it could be very promising as a compromise
solution.

Moreover, since merging and shuffling all sub-populations corresponds to
averaging the fitness over the objective, the resulting fitness is substantially
equivalent to a linear combination of the objectives. Hence, in the case of the
concave Pareto front, we cannot attain the points on the concave portion by
this method. Though it is possible to provide some heuristics to resolve these
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problems?, the generic disadvantage associated with the selection mechanism
remains.

3.2.3 Pareto-based Approaches

Under this category, we can incorporate the concept of Pareto optimality in
the selection mechanism. Though various methods have been proposed in the
last several years, only the representatives will be introduced below.

A. Non-dominated Sorting and the Multi-objective Genetic Algorithm
(MOGA)

Methods in this class use a selection mechanism that favors solutions as-
signed high rank. Such ranking is performed based on non-dominance that
aims at moving the population fast toward Pareto front. Once the ranking
is performed, it is transformed into the fitness using an appropriate mapping
function. All solutions with the same rank in the population are assigned the
same fitness so that they all have the same probability of being selected.

Goldberg’s ranking method [12, 13] is to find a set of solutions that are
non-dominated by the rest of the population. Then, the solutions thus found
are assigned the highest rank, say “1”, and eliminated from further sorting.
From the remaining populations, another set of solutions are determined and
are assigned the next highest rank, say “2”. This process continues until the
population is suitably ranked. (see Figure 3.4). As is easily supposed, the per-
formance of this algorithm will degrade rapidly as the increase in population
size and the number of objectives. Goldberg also suggested the use of a nich-
ing technique [12] in terms of the sharing function so that the solutions cover
the entire Pareto front.

In the case of ranking by Fonseca and Fleming [14], each solution is ranked
based on the standard of how many other solutions will dominate it. When
an individual x; is dominated by p;(t) individuals in the current generation ¢,
its rank is given by Equation 3.2.

rank(z;,t) = 1+ p;(t). (3.2)

MOGA also uses a niche method to diversify the population. Though it can
reduce the demerits of Goldberg’s method and is relatively easy to implement,
its performance is highly dependent on an appropriate selection of sharing
parameter oghare that can adjust the niche. This property is common to all
other Pareto ranking techniques.

3 For example, add a few linearly weighted sum objectives with different weighting
coefficients, i.e., fn+j(z) = Zf\;l w! fi(x),(j = 1,2,...) to the original objective
functions.
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Fig. 3.4. Solution process of Goldberg’s ranking method

B. The Non-dominated Sorting Genetic Algorithm (NSGA)

Before the selection is performed, NSGA [15] ranks population NN, into mutu-
ally exclusive non-dominated sets P; on the basis of a non-domination concept,

K
Np = U -Pia
=1

where K is the number of non-dominated sets. This will classify the population
into several layers of fronts as depicted in Figure 3.5.

Then the fitness assignment procedure takes place from the most preferable
front (“1”) to the least (“K”) in turn. First, a fitness equal to the population
size IN,, is given to all solutions on front “1” to provide an equal probability
of selection, i.e., F; = N, (Vi € Front 1). To maintain the diversity among
the solutions in the front, the assigned fitness above is degraded in terms of

5

Front 4

Front 3

Front 2

Front 1

h

Fig. 3.5. Idea of non-dominated sorting
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the number of neighboring solutions, or sharing concept. For this purpose,
the normalized Euclidean distance from another solution in the same front is
calculated in the decision variable space. Then, by applying this value to the
sharing function and obtaining niche count nc;, the shared fitness is evaluated
as F; = I, /nec;. Next moving to the second front, we assign the fitness of all
solutions on this front at the value slightly smaller than the minimum shared
fitness at the first front, i.e., min;crront 1 ﬁ'i — ¢, and obtain the shared fitness
based on the same procedures mentioned above. This process is continued until
all layers of the front are considered. Since the solutions in the preferable front
have a greater fitness value than the less preferable ones, they are always likely
to be reproduced compared with the rest of the individuals in the population.

C. Niched Pareto Genetic Algorithm (NPGA)

This method [16] employs a selection mechanism called Pareto domination
tournament. First, a pair of solutions (7, j) are chosen at random in the pop-
ulation and they are individually compared with every member of a sub-
population Tj; of size tqyom based on the non-domination concept. If ¢ is non-
dominated by the samples and j is not, the ¢ becomes a winner, and wvice
versa (see also Figure 3.6). If there is a tie (both are either dominated or
non-dominated), then the sharing strategy will decide the winner. (At the be-
ginning, this step will be skipped, and ¢ or j is chosen with equal probability,
i.e., 0.5.) Based on the normalized Euclidian distance in the objective func-
tion space between i or j and k € @ (offspring population), the niche counts
nc; and nc; are computed. If nc; < nej, solution ¢ becomes the winner, and
vice versa. The above procedures are repeated again, and each winner be-
comes the next parents that will create a new pair of offspring through the
genetic operators, i.e., crossover and mutation. This cycle will be continued
to fill the population size of offspring by IV,,. Since this approach applies the
non-dominated sorting only to the limited sub-population and dynamically
updated niching, it is very fast and produces good non-dominated solutions
that can be kept for a large number of generations. Moreover, it is unnec-
essary to specify any particular fitness value to each solution. However, the
good performance of this approach greatly depends on a good choice of value
tdom as well as the sharing factor or niche count.

D. The Elitist Non-dominated Sorting Genetic Algorithm (NSGA-II)

NSGA-II [17], a variant of NSGA, uses the idea of elitism that can avoid both
deleting the superior solutions found previously and crowding to maintain the
diversity of solutions. In this method, non-dominated sorting is carried out
for all members of the parents P(t) and offspring Q(¢) populations (hence, a
total of 2M solutions are considered.). To create the parent population of size
N, at the next generation P(t+ 1), solutions on each front are filled in order
of preference class by reaching the size of IV,,. Generally, since it is impossible
to fill all members in the last class, a crowding distance is used to decide the
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members included in the population as depicted in Figure 3.7. The crowding
distance is an estimate of the density of solutions neighboring a particular
solution:
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Fig. 3.7. Solution process of NSGA2

Then the offspring population Q(t+1) is created from P(t+1) by using the
crowded tournament selection, crossover and mutation operators. Relying on
the non-dominated rank and local crowding distance, solution i wins solution
j if either of the following conditions is satisfied (the crowded tournament
selection).

e Solution ¢ belongs to a more preferable rank than solution j.
e When they are tied, the crowding distance of solution ¢ is greater than
that of j.
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By virtue of these operators, NSGA-II is considerably faster than its prede-
cessor NSGA and gives very good results for many problems.

F. Miscellaneous

Besides the methods described above, a variety of methods have been pro-
posed. For example, the vector optimized evolution strategy (VOES) [18],
and the predator-prey evolution strategy [19] are non-elitist algorithms in the
Pareto-based category. On the other hand, the distance-based Pareto genetic
algorithm (DPGA) [20], the strength Pareto evolutionary algorithm (SPEA)
[21], the multi-objective messy genetic algorithm (MOMGA) [22], the Pareto
archived evolution strategy (PAES) [23], the multi-objective micro-genetic
algorithm (MuGA) [5], and the multi-objective program (GENMOP) [24] be-
long to elitist algorithms.

A comparison of multi-objective evolutionary algorithms was made, and
revealed that elitism plays an important role in improving evolutionary multi-
objective search [25]. Moreover, regarding other meta-approaches besides GA,
multi-objective simulated annealing [26] is known, and the concept of non-
dominated sorting and a niche strategy are applied in tabu search [27]. Also,
extensions of DE are proposed in recent studies [28, 29]. A multi-objective
scatter search is applied to solve a mixed-model assembly line sequencing
problem [30].

Unfortunately, all these algorithms give only a set of solutions though we
are willing to have at most several candidate solutions in real world applica-
tions. This is because MOEA is not of concern about any preference informa-
tion imbedded by the DM, and highlights the diversity of solutions over the
entire Pareto front as a technique for multi-objective analysis. However, even
in multi-objective analysis, we should address the interest of the DM’s pref-
erence more elaborately. Let us consider this problem by taking the following
e-constraint method as an example:.

[Problem] min f,(xz) subject to fi(z) < ff+e; (i=1,2,...,N,i#p).

If a value function of that the DM conceived implicitly is described by V (f(x)),
the multi-objective analysis must be concentrated within the particular extent
that the DM prefers. According to this intention, the above problem should
be re-described as

[Problem] min fy(z) subject to { gléfj)aﬁ 2*0??:@17:”1.’;]'\['7’;\; Zp;é P)

In terms of this idea, a discussion of diversification is meaningful over the
entire front in the case of (a) in Figure 3.8, because the preference will increase
everywhere on the front if we reduce either objective functions. In the other
case (b) under a different value system, it is enough to emphasize the diversity
only in the limited extent of the front crossing with the painted triangle in
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Fig. 3.8. Two cases of meaningful Pareto front: (a) over the entire front, (b) in the
limited front

the figure. This is because we can obtain a more preferable solution by leaving
from the front outside of this region.

How to deal with problems with more than three objectives may be another
difficulty remaining unresolved for MOEA. This is easily supposed from the
fact that the simple schematic representation of the Pareto front is impossible
for N > 3.

3.3 Multi-objective Optimization in Terms of Soft
Computing

As mentioned in Chap. 1, soft computing (SC) is a collection of computational
techniques in computer science, artificial intelligence, and machine learning.
The major areas of SC are composed of neural networks, fuzzy systems and
evolutionary computation. SC has more tolerance regarding imprecision, un-
certainty, partial truth, and approximation; and makes a larger point on the
inductive reasoning than conventional computing. Moreover, new hybrid ap-
proaches are expected to be invented by a particularly effective combination
of SC. The multi-objective optimization method mentioned below presents a
new type of approach that may facilitate significant computing technologies
targeted at manufacturing systems.
Let us describe MOP in the general form again,

[Problem| min f(z) ={fi(x), f2(x),..., [n(z)}
subject to z € X. (3.3)

As mentioned already, we need some information on the DM’s preference
to attain the preferentially optimal solution of MOP in addition to the math-
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ematical procedures. To avoid a certain stiffness and shortcomings encoun-
tered in conventional methods, a few multi-objective optimization methods
in terms of soft computing (MOSC) will be presented below. They are called
multi-objective hybrid GA (MOHybGA [31]), the multi-objective optimization
method with a value function modeled by a neural network [32, 33] (MOON?)
and MOON?2# [34, 35], MOON? of radial basis function. These methods can
derive a unique solution that is the best compromise of DM. Due to this fact,
they are expected to be powerful tools for flexible decision making for agile
manufacturing.

3.3.1 Value Function Modeling Using Artificial Neural Networks

Since these methods belong to a prior articulation method of MOP, they needs
to identify a value function of DM a priori. To deal with the non-linearity
commonly embedded in the value function, the artificial neural network? is
favorably available for such modeling. A back propagation (BP) network is
used in MOHybGA and MOON?Z, while MOON?% employs a radial basis func-
tion (RBF) network [4]. The RBF network is more flexible and easier than the
BP network regarding the training and dynamic adaptation against incremen-
tal operations due to the change of neural network structure. That enables us
to model the value function more readily, depending on the unsteady decision
environment often encountered in real world problems.

To train the neural network, data standing for the preference of DM should
be gathered in an appropriate manner. These methods use pair-wise compar-
isons among the trial solutions that are composed of several reference solutions
spread over the search area in the objective function space. It is natural to con-
strain the modeling space within the hull convex enclosed by the utopia and
nadir solutions. For example, fu°P = (f1(z"P), fo(z"*P), ..., fn(z"P))T
and frad = (fy(axmad), fo(z™ad), .. fa(@™@)T) where 2**°P and ™4 are
utopia and nadir solutions in decision variable space, respectively. Several
methods to set up these reference solutions are known.

1. Ask the DM to reply his/her selections directly.

2. Set up them referring to the pay-off table®.

3. Do this in combination with the above, i.e., the utopia from the pay-off
table, and the nadir from the response from the DM.

The rest of the trial solution f° may be generated randomly so that they do
not locate too closely to each other. For example, it is generated successively
as follows:

fs _ futop +rand()(fnad _ futop), (34)
1f = flzd (t=1,....kt#s),

4 The basis of the neural network named here is outlined in Appendix D.
5 Refer to Appendix C for the construction of the pay-off matrix.



3.3 Multi-objective Optimization in Terms of Soft Computing 89

Table 3.1. Conversion table

Linguistic statement aij
Equally 1
Moderately 3
Strongly 5
Very strongly 7
Extremely 9

Intermediate judgments 2,4,6,8

where f! denotes the solutions derived previously, rand () a random number
in [0,1], and d a threshold to keep distance between the adjacent trial solutions
(refer to Figure 3.9).

Then, the DM is asked to reply which one he/she likes, and what the degree
is between every pair of the trial solutions, say f* and f7. Such responses will
take place by using the linguistic statements, and later transformed into the
score a;; as shown in Table 3.1, which is the same as AHP [29]. For example,
when the answer is such that f? is strongly preferable to f7, a;; becomes 5.

When the number of objectives is at most three, this is a rather easy
way to extract the DM’s preference. Especially, it should be noticed that this
pair-wise comparison can be performed more adequately than the pair-wise
comparison in AHP. That is, though we are alien to the comparison between
the abstract attributes, e.g., the importance between “swiftness” and “cost”,
we are used to the comparison between the candidates with concrete attribute
values, e.g., attractiveness between K-rail = {swiftness:2 hrs, cost: 4000 yen}
and J-rail = {swiftness:1 hr, cost: 6000 yen} to buy a train ticket. In fact, this
kind of pair-wise comparison is very often encountered in our daily life.

After doing such pair-wise comparisons over k trial solutions in turn, we
can obtain a pair-wise comparison matrix (PWCM) as shown in Figure 3.10.
Its (i, j) element a;; represents a degree of preference of f/ compared with
f? stated using a certain score in Table 3.1. It is defined as the ratio of the

/1

2 uto Modeling space

/i

Fig. 3.9. Generation method of trial solutions (two-objective problem)
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Fig. 3.10. Pair-wise comparison matrix

relative degree of preference, but it does not necessarily mean f* is a;; times
preferable to f7. According to the same conditions as AHP, such that a; = 1
and aj; = 1/a;;, DM is required to reply k(k — 1)/2 times in total. Under
these conditions, it is also easy to examine the consistency of such pair-wise
comparisons from the consistency index CI adopted in AHP,

O = (\max — &)/ (k — 1), (3.5)

where Apax denotes the maximum eigenvalue of PWCM. It is empirically
known if C'I exceeds 0.1, there are undue responses involved in the matrix. In
such a case, we need to revise certain scores to fix the inconsistency problem.

Generally speaking, it is almost impossible to give a mathematically defi-
nite form to the value function that is highly nonlinear. Since the preference
information of DM is imbedded in the PWCM, it is relevant to derive a value
function based on it. Under such understanding, a unstructured modeling
technique using neural networks is known to be suitable for such modeling.
PWCM provides a total of k% training data for the neural network. That is,
all objective values of every pair, say f* and f7/, (Vi,j € {1,2,...,k}) be-
come 2N inputs, and the (¢, j) element of PWCM q;; an output of the neu-
ral network. Thus a trained neural network using these data can be viewed
as an implicit function mapping 2/N-dimensional space to scalar space, i.e.,
Van @ (fi(z), fi(z)) € R*N — a;; € R'. Furthermore, let us notice the
following relation:

VN (f5 ) = aine = Vien (7, f5) = aji
& [ 7, (Vi g, k). (3.6)
Then, we can rank the preference of any solutions by the output of the neu-

ral network, a.r. It is calculated by fixing one of the input vectors at an
appropriate reference, say f&,

axR = VNN(f(x)’fR)-
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In other words, trajectories with the same output value of a.g are equiva-
lent to the indifference curves or contours of the value function in the objective
space. Such assertion is valid as long as the consistency of the pair-wise com-
parison is satisfied (i.e., CI < 0.1). Numerical experiments using a few test
problems reveal that a few typical value functions can be modeled correctly
by a reasonable number of pair-wise comparisons [31].

Now, Problem 3.3 can be transformed into the following SOP:

[Problem] max Vyy(f(x), ff) subject to z € X. (3.7

The following proposition supports the validity of the above formulation.

[Proposition] The optimal solution of Problem 3.8 is a Pareto optimal so-
lution of Problem 3.3 if the value function is identified so as to satisfy the
relation given by Equation 3.6.

(Proof) Let f*,(i = 1,...,N) be a value of each objective function for the
optimal solution Z* of Problem 3.8, i.e., f;-* = fi(@&*).

Here, let us assume that f* is not a Pareto optimal solution. Then
there exists f° such that for 3j, f]O < fj* — Afj, (Af; > 0) and f) <
;-*7 (i=1,---,N,i # j). Since DM obviously prefers f° to f*, it holds that
Van (2, fR) > Viyw (f*, fR). This contradicts that f* is the optimal solution
of Problem 3.8. Hence f * must be a Pareto optimal solution.

Regarding the setting of reference point fR, we can nominate some candi-
dates such as utopia, nadir, a center of gravity between them, and the point
where the total sum of distance from all trial points becomes minimum. Since
there exist no definite theoretical backgrounds for such a selection, the follow-
ing procedure similar to the successive linear approximation of function may
be amenable to improving the quality of solution.

Step 1: Obtain a tentative solution by setting the reference point at the
nadir point.

Step 2: Reset the reference to the foregoing tentative solution.

Step 3: Derive the updated solution.

Step 4: Repeat these procedures until the consecutive solutions coincide
with each other with the admissible extent.

3.3.2 Hybrid GA for Solving MIP under Multi-objectives

This section describes an extension of the hybrid GA presented in Sect. 2.3 to
solve MIP under multi-objectives (MOMIP) in terms of the foregoing model-
ing technique of the value function. The problem under consideration is given
as follows:
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[Problem)] Iilizn{fl(l‘,z),fg(l‘,z),...,fN(.I,Z)},

gi(x,2) >0 (i=1,...,mq)
. hi(x,z2)=0, (i=mi+1,...,m)
subject to 2>0, (real) ,
z >0, (integer)

where x and z represent an m-dimensional real value vector and an M-
dimensional integer value vector, respectively.

In addition to the multiple objectives, the existence of both integer and
real variables should be notable in this problem. To derive the POS set of
MOMIP, the following hierarchical formulation is possible:

[Problem) i folz, 2)

7

~—

subject to min fp(z,z
x>0:real

fi(x7z)gfi*+€l (Z:L"'vai?ép)
subject to < gi(x,2) >0 (i=1,...,my) ,
hi(z,z)=0 (i=my+1,...,m)

where f,(-) denotes a principal objective function, f/ the optimal value of
the i-th objective, and ¢; its amount of degradation. In the above, the lower
level problem refers to the usual e-constraint problem, which derive a Pareto
optimal solution even in the non-convex case. Moreover, to deal with this
hierarchically formulated scheme, the hybrid approach below is known to be
amenable. By solving this problem for a variety of ¢;, the POS set can be
derived in a systematic way.

As is commonly known, the best compromise solution should be chosen
from the POS set at the final step of MOP. For this purpose, an appropriate
tradeoff analysis among the candidate solutions becomes necessary. Eventu-
ally, such a tradeoff analysis refers to a process to adjust the attained level
of each objective value according to the DM’s preference. In other words, in
the above formulation, the best compromise solution is obtained by deciding
the most preferable amounts of degradation of the objective value, i.e., €;. To
make such a decision, the following idea is suitable:

Step 1: Define an unconstrained optimization problem to search integer vari-
ables and quantized amounts of degradation by GA.

Step 2: Solve the constrained optimization problem regarding real variables
by a certain mathematical programming (MP) while pegging the integer
variables at the values decided at the upper level.

Step 3: Return to the upper level with the optimized real variables.

Step 4: Repeat the procedures until a certain stopping condition has been
attained.
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Such a scheme can bring about a good match between the solution methods
and the properties of the problems, i.e., GA with the unconstrained combi-
natorial optimization, and MP with the constrained continuous one. How-
ever, the usual application of GA accompanies much subjective judgment of
the DM, which is actually impossible. To get rid of this inconvenience, the
scheme formulated below is suitable for applying a hybrid method of GA and
MP under multi-objectives. (see also Figure 3.11)

[Problem] max Vyn(e_p, fo(z,2); f5)

Z,6_p

subject to min f,(z, 2),
x:real

fl(:c,z) éfz*—’_el (Z:]-v,Nal#p)
subject to < gi(z,2) >0 (i=1,...,mq) ,
hi(z,z)=0(=m1+1,...,m)

where e_, means a vector composed of the e-constrained amount of every
element except for the p-th one, i.e., €_p, = (€1,...,€p—1,€p41,--.,€n) ", and
Vi n a value function identified through the pair-wise comparison between two

: olutions. i i gl \6 : :
candidate solutions, i.e., (¢, f;) and (€’ ,, f7)°. The detail of the algorithm

is described below on the basis of the simple GA [13].

NN value function
(Easy for numerous |:>
Evaluations)

GA: Master problem Discrete variables, z, &
R .
M%x Vin(€15 895000, [ (%,2) e €5 /7)) Unconstrained
z,

Pegging x ﬂ ﬂ Pegging z& ¢

MP: Slave problem
Continuous variables, x
]\/iin Jp(x,2)  subject to Constrained
fi(x,2) < f7+e; (i=L...,N,i# p)
gi(x,2z) 20, (i=1,..,m)
hi(x,z)=0, (i=m +1,..,m)

Fig. 3.11. Scheme of hybrid GA under multi-objectives

A. Chromosome Representation

Figure 3.12 shows a binary representation whose front half corresponds to the
integer variables, and the rear half to the quantized amounts of degradation
of e-constraints. They are decoded, respectively, as follows:

5 Considerations on the inactive e-constraints in the lower level problem are dis-
cussed in the literature [38].
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Fig. 3.12. Chromosome of hybrid GA

J
Zi :ZQj_lsij (i=1,...,M),
j=1

J/
6= 27 's;6e (i=1,...,N,i#p),
j=1

where each s;; denotes a 0-1 variable representing the binary type of allele,
and J¢; a grain of quantization”. Moreover, J and .J’ denote the number
of bits necessary to prescribe the interval of variables regarding z; and e;,
respectively. Integer variables can be precisely expressed by such a binary
coding. In contrast, the binary coding of real variables exhibits a tradeoff
problem between the efficiency (chromosome length) and the accuracy (grain
size). However, the present binary coding for real ¢; is a relevant representation
since people usually have a certain resolution magnitude that can identify the
preference difference between two solutions. Hence, its grain size de; can be
decided almost automatically. These facts support the adequateness of the
coding in this hybrid approach.

B. Genetic Operators

Reproduction: The usual roulette wheel strategy is employed in the applica-
tion [31].

Crossover: The usual one-point crossover per each part as shown in Figure
3.13 is simple and relevant (virtually two-points crossover).

Mutation: The usual binary bit entry flip (i.e., 0/1 or 1/0 ) is simple and
relevant.

Evaluation of fitness: The output of the value function modeled by using a
neural network is transformed properly in terms of an appropriate scaling
function to calculate the fitness value.

Moreover, relying on the nature of the population-based approach of GA,
the above formulation is applicable to an ill-posed problem where the relevant
objectives under consideration consist of both quantitative and qualitative

7 If the variable on the interval [0, 10] is described by the 4-bit length of the
chromosome, this becomes d¢; = (10 — 0)/(2* — 1).
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Fig. 3.13. Crossover of MOHybGA

objectives, e.g., [39]. Since the direct evaluation or the metric evaluation is
generally impossible for the qualitative objectives, it is rational to choose only
tentatively several promising candidates from the quantitative evaluation, and
leave the final decision to be based on the comprehensive evaluation by DM.
Such an approach can be easily realized by computing the transformed fitness
using a sharing function [13].

First, for the chromosome coded as shown in Figure 3.12, the Hamming
distance between m and n, d,,, is computed by

M J N J
Qo = Y | sij(m) = sig(n) |+ D) [ si5(m) = s55(n) |,
i=1 j=1 i=1 j=1
iF#p

where s;;(-) denotes the allele of the chromosome (binary code, i.e., 0 or 1).

After normalizing d, by the length of chromosome as dimn = domn J(JM+
J'(N — 1)), the modified (shared) fitness F,, is derived from the original F,,
as

Np
Fo = Fp/ Y {1~ ()"} (m=1,....N,),

where a(> 0) is a scaling coefficient and N, the population size.

Using the shared fitness, it is possible to generate various near-optimal
solutions that locate around the optimal one while being somewhat distant
from each other. These alternatives can have nearly the same fitness value
evaluated only by the quantitative objective function, but they are expected
to have a variety of bit patterns of the code due to the sharing operation.
Hence, there might exist several solutions that are individually different from
the qualitative evaluation. Consequently, a final decision is to be made by
inspecting these alternatives carefully through adding evaluation from the
qualitative objectives.

3.3.3 MOON?2E and MOON?
A. Algorithm of MOON*E

As shown already, the original MOP can be transformed into a SOP once the
value function is modeled using a neural network. Hence it is applicable to



96 3 Multi-objective Optimization Through Soft Computing Approaches

a variety of optimization methods known previously. The difference between
MOON? and MOON?2% (together termed MOSC, hereinafter) is only the type
of neural network employed for value function modeling, though the RBF
network is more adaptive than the BP network. The following statements are
developed on a case-by-case basis. Accordingly, the resulting SOP in MOONZE
is rewritten as follows.

[Problem] max Vger(f(z), ff) subject to z € X. (3.8)

When this approach is applied with the algorithm that requires gradients
of the objective function such as nonlinear programs, they need to be obtained
by numerical differentiation. The derivative of the value function with respect
to the decision variable is calculated from the following chain rule:

() () (452) o

With the analytic form of the second part in the right-hand side of Equa-
tion 3.9 and the following numerical differentiation, the calculation of the
derivative can be completed,

) x), f*
( VRBg;{((x) ! )> = (Veer(f1(2), ..., fi(x) + Afiy oy (), 17)

—Vasr(fi(2),..., filz) = Afi, ..., fn(2), f7)/24f;, (i=1,...,N).
(3.10)

Since most nonlinear programming software support numerical differentiation,
the algorithm is achieved without any special problems.

Moreover, any candidate solutions can be evaluated readily under the
multi-objectives through Virpr once x is given. Hence we can engage in MOP
by just using an appropriate method among a variety of conventional methods
for SOP. Not only direct methods but also metaheuristic methods like GA,
SA, tabu search, etc. are readily applicable. In contrast, any interactive meth-
ods of MOP are almost impossible to apply because they require too many
interactions making DM disgust and slipshod during the search.

Figure 3.14 shows a flowchart the procedure of which is outlined as follows:

Step 1: Generate several trial solutions in the objective function space.
Step 2: Extract DM’s preference through pair-wise comparison between every
pair of the trial solutions.

Step 3: Train a neural network based on the preference information obtained
from the above responses. This derives a value function Vyn or Vrpr.
Step 4: Apply an appropriate optimization method to solve the resulting

SOP, Problem 3.8.
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Fig. 3.14. Flow chart of the proposed solution procedure

Step 5: If DM is unsatisfied with the result obtained above, limit the search
space around there, and repeat the same procedure until the result is
satisfactory.

In this approach, since the modeling process of the value function is sep-
arated from the search process, the DM can carry out tradeoff analyses at
his/her own pace without worrying about the hurried and/or idle responses
often experienced with the interactive methods. In addition, since the required
responses are simple and relative, the DM’s load in such an interaction is very
small. These are special advantages of this approach.

However, since the data used for identifying the value function is obtained
from human judgment on preference, it is subjective and not rigid in a math-
ematical sense. In spite of this, MOSC can solve MOP under a variety of
preferences effectively as well as practically. This is because MOSC is consid-
ered to be robust against the element value of the PWCM just like AHP. In
addition, the optimality can be achieved on an ordinal basis rather than a
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cardinal one, or it is not so sensitive with respect to the shape of the function,
as illustrated in Figure 3.15.

VNN(f)

V() > Vi ()
V() > V()
LN B AN (D)

1)

i 7

Fig. 3.15. Insensitivity against the entire shape of the value function

However, inadequate modeling of the value function is likely to cause an
unsatisfactory result at Step 5 in the above procedure. Moreover, the compli-
cated nonlinearity of the value function and changes of decision environment
can sometimes alter the preference of the DM. Such a situation requires us
to modify the value function adaptively. Regarding this problem, the RBF
network also has a nice property. Its retraining easily takes place through in-
cremental operations against both increase and decrease in the training data
and the basis from the foregoing one as shown in Appendix D.

B. Application in an Ill-posed Decision Environment

Being closely related to the nature of people, there are many cases where the
subjective judgment such as the pair-wise comparison may involve various
confusions due to misunderstandings and/or unstable decision circumstance
at work. The more pair-wise comparisons DM needs to make, the more likely
it is that a lack of concentration and misjudgments will be induced in terms of
simple repetition of the responses. To facilitate a wide application of MOSC,
therefore, it is necessary to cope with such problems adequately and prac-
tically as well. Classifying such improper judgments into the following three
cases, let us consider the methods to find out the irrelevant responses in the
pair-wise comparisons, and revise them properly [40].

1. The case where the transitive relation on preference will not hold.

2. The case where the pair-wise comparison may involve over preferred
and/or underpreferred judgments.

3. The case where some pair-wise comparisons are missing.

Case 1 occurs when preferences among three trials f?, f7 , f* result in such
relations that the DM prefers f* to f7, f7 to f*, and f* to f*. On the other
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hand, Case 2 corresponds to the situation where the judgment on preference
differs greatly from the true one due to an overestimate or an underestimate.
When f? << f7, the response such as f! < f7 is an example of the overpre-
ferred judgment of f? to f7, or equivalently to say, the underpreferred one of f7
to f*. Here, notations < and <~ mean the relation that is preferable and very
preferable, respectively. By calculating the consistency index CI defined by
Equation 3.5, we can find the occurrence of these defects since such responses
will degrade C1T considerably. If CI exceeds the threshold value (usually, 0.1),
the following procedures are available to fix the problems.

For the first case, we can apply the level partition of ISM method (interpre-
tive structural modeling [2] ) after transforming PWCM into the quasi-binary
matrix as shown in Appendix E. From the result, we can detect the inconsis-
tent pairs, and ask the DM to evaluate them again.

Meanwhile, we cope with Case 2 as follows.

Step 1: First compute the weights w;(i = 1,..., k) representing the relative
importance among the trial solutions from PWCM ({a;;}) using the same
procedure as AHP.

Step 2: Obtain the completely consistent PWCM {a};} from the weights de-
rived in Step 1, i.e., aj; = w;/wj.

Step 3: Compare every element of (the inconsistent) PWCM with each of the
completely consistent matrix, and find some elements that are far apart
from with each other, i.e., the m-biggest |aj; — a;;|/aj;, (¥ 4,7).

Step 4: Fix the problem in either of the following two ways.

1. Ask the DM to reevaluate the identified undue pair-wise comparisons.
2. Replace the worse elements, say a;; with the default value, i.e.,

min{a;‘j, 9} if ai; > 1, or max{afj, 1/9} if ai; < 1.

Moreover, Case 3 occurs when the DM cannot decide his/her attitude im-
mediately or suspend it due to certain tedious correspondences associated with
the repeated comparison. Accordingly, some missing elements are involved in
the PWCM. We can cope with this problem by applying the method known
as Harker’s method [42]. It relies on the fact that the weight can be calculated
only from a part of PWCM if it is completely consistent. Hence, after calculat-
ing the weight even from the incomplete matrix, the missing element, say a;;,
can be substituted by w;/w;. Fixing every problem regarding the inconsistent

pair-wise comparisons by the above procedures, we can readily move on to
the next step of MOSC.

C. Web-based Implementation of MOSC

This part introduces the implementation of MOSC on the Internet as a client—
server architecture® to carry out MOP readily and effectively [33, 35]. The
core of the system is divided into a few independent modules each of which

8 http://www.sc.tutpse.tut.ac.jp/Research/multi.html



100 3 Multi-objective Optimization Through Soft Computing Approaches

is realized using the appropriate implementation tools. An identifier module
provides a modeling process of the value function using a neural network
where a pair-wise comparison is easily performed in an interactive manner
following the instructions displayed on the Web pages. An optimizer module
solves a SOP under the identified value function. Moreover, a graphic module
generates various graphics for illustrating outcomes.

The user interface of the system is a set of Web pages created dynami-
cally during the solution process. The pages described in HTML (hypertext
markup language) are viewed by the user’s browser, which is a client of the
server computer. The server computer is responsible for data management and
computation, whereas the client takes care of input and output procedures.
That is, users are required to request a certain service and input some param-
eters, and in turn, receive the result through visual and/or sensible browser
operation as illustrated in Figure 3.16. In practice, the user interface is a pro-
gram creating HTML pages and transferring information between the client
and the server.

Server

[2] Issue task

CGI
program

WWW server
application

[3] Return result

\ [4] Receive service

[1] Request service

Client

Browser

Fig. 3.16. Scheme of task flow through CGI

The HTML pages are programmed using common gateway interface (CGI)
programming languages such as Perl and/or Ruby. As is the role of CGI, every
job is executed on the server side and no particular tasks are assigned to the
browser side. Consequently, users are not only free from the maintenance of
the system but also unconstrained in their computation environment, like
operating system, configuration, performance, etc.

Though there are several Web sites serving the (single-objective) opti-
mization library?, none is known except for NIMBUS [43]'° regarding MOP.

9 e.g., http://www-neos.mcs.anl.gov/
10 http://nimbus.math.jyu.fi/
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Since the method employed in NIMBUS is interactive, it has some stiffness as
mentioned in Appendix C.

D. Integration of Multi-objective Optimization with Modeling

Usually, earlier stages of the product design task concern a model building that
aims at revealing a certain relation between requirements or performances and
design variables correctly. To add the value while keeping specification of the
product is the designer’s chance to show his/her ability. Under the diversified
customer demands, the decision on what are key issues for competitive product
development is strongly dependent on the designer’s sense of value. Eventually,
it may refer to an intent structure of the designers or a set of attributes of
the performance and the preference relation among them. In other words, we
need to model them as a value function at the next stage of the design task.
Finally, how much we can do well depends greatly on the success in modeling
of the value function.

In addition to the usual physical model-based approaches in product de-
sign/development, certain simulation-based approaches often take place by
virtue of the outstanding progress of the associated technologies, i.e., high per-
formance computers, sophisticated simulation tools, novel information tech-
nologies, etc. These technologies are in the process of bringing about a drastic
reduction in lead-time and human load in engineering tasks through rapid
inspection and evaluation of products. They are trying to replace certain
time-consuming and/or labor-intensive tasks like prototyping, evaluation and
improvement with an integrated intelligence in terms of computer-aided sim-
ulation, analyses and syntheses.

Particularly, if designers are engaged in multi-objective decisions, they are
required to repeat a process known as the P(lan)-D(0)-C(heck)-A(ct) cycle
many times before attaining a final goal. As depicted in the upper part of
Figure 3.17, even if they adopt the simulation-based approach, it might require
a considerable load to attain the final goal especially for complicated and
large-scale problems. Therefore, to cope with such a situation practically is
becoming of increasing interest. For example, the response surface method [44]
has been widely applied for SOP. It tries to attain a satisfactory and highly
reliable goal while spending fewer effort to create a response surface in the aid
of design of experiment (DOE) . The DOE is a useful technique for generating
response surface models from the execution results. DOE can encourage the
use of designed simulation where the input parameters are varied in a carefully
structured pattern to maximize the information extracted from the resulting
simulations or output results.

Though various techniques for mapping these input—output relations are
known, the RBF network used for value function modeling is adequate, since
we are concerned with the problem using the common technique. This kind of
approach is said to be a meta-model-base since the decision will be made based
on the model derived from a set of analyses given by another model, e.g., finite
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Fig. 3.17. Comparison between conventional and agile system developments

element model (FEM), regression model, ete. As illustrated in the lower part of
Figure 3.17, decision support with this scheme can be expected to drastically
reduce the lead time and effort required for product development toward agile
manufacturing based on flexible integrated product design optimization.
Associated with the multi-objective design, this approach becomes much
more favorable if the value system of a designer as a DM can be modeled in
a cooperative manner with the meta-modeling process. In doing so, it should
be noticed that the validity of the simulation is limited within a narrow space
concerned for various reasons. At the early stages of the design task, however,
it is quite difficult or troublesome to set up such a specified design space that
is close enough, or equivalently, precise enough to describe the system around
the final design which is unknown at this stage. Consequently, if the resulting
design is far from what the designer prefers, further steps should be directed
towards the improvement of both models, i.e., the design model and the value
system model. Though increasing the sampling points for the modeling is a
first thought to cope with such problem, it expands the load of responses in
value function modeling and consumes much computation time in the meta-
modeling. On the other hand, even under the same number of sampling points,
we can derive a more precise and relevant model if we narrow the modeling
space. However, this may cause such a risk that the truly desired solution
may be missed since it could lie outside the modeling space. In such dilemma,
a promising approach is to provide a progressive procedure by interrelating
the value function modeling to the meta-modeling. Beginning with building
a rough model for each, the approach is intended to attain the preferentially
optimal solution gradually through updating both models along with the path
that will guide the tentative solution to the optimal one. Such an approach
may improve the complex and complicated design process while reducing the
designer’s load to express his/her preference and to achieve his/her goal.
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As a rough modeling technique of the value function suitable at the first
stage, the following procedure is appropriate from a certain engineering sense.
After setting up the utopia and nadir of each objective function, ask the DM
to reply his/her upper and lower aspiration levels instead of the pair-wise
comparison procedure stated in Sect. 3.3.1. Such responses seem easier for
designers compared with the pair-wise comparison on the basis of objective
values. This is because the designer always conceives his/her reference values
when engaging in the design task. In practice, this will be done as follows.
Let us define the upper aspiration level fUAL as the degree to be “very”
superior to the nadir or “somewhat” inferior to the utopia, and the lower
aspiration level fUAL to be “fairly” superior to the nadir, or “pretty” inferior
to the utopia. Then, ask the DM to answer these values for every objective by
setting up appropriate standards. For example, define the upper aspiration
level as the point 20% inferior to the utopia or 80% superior to the nadir,
and the lower aspiration level 30% superior to the nadir, or 50% inferior to
the utopia. Results of the responses are transformed automatically by each
element of the predetermined PWCM as shown in Table 3.2. Being free from
the pair-wise comparison that may be a bit tedious for the DM, we can reduce
the load of the DM in the value function modeling at the first step.

Table 3.2. Pair-wise comparison matrix (primary stage)

t futop fUAL fLAL fnad
futop 1 3 7 9
fUAL 1/3 1 5 7
PR 17 1/5 1 3
frad 1/9 1/7 1/3 1

Equally: 1, Moderately: 3, Strongly: 5,
Demonstrably: 7, Extremely: 9

Since the first tentative solution resulting from the thus identified value
function and the rough meta-model is generally unsatisfactory for the DM,
a certain iterative procedure should be taken to improve the quality of the
solution. First the meta-model will be updated by adding new data near the
tentative solution and deleting old data far from it. Under the expectation
that the tentative solution tends gradually to the true optimum, some records
of the search process in the optimization provide useful information!'! for the
selection of new sampling data for the meta-modeling.

Supposing that the search process moves along the trajectory like {wz!,
22, ..., aF ..., 2"}, the direction d = &* — z¥ corresponds to a rough de-
scent direction to the optimal point in the search space. Preparing two hyper
spheres centered at the tentative solution and with the different diameters as

1 This idea is similar to that of long-term memory in tabu search.



104 3 Multi-objective Optimization Through Soft Computing Approaches

illustrated in Figure 3.18, it makes sense to delete the data outside the larger
sphere and to add some data on the surface of the smaller sphere besides the
tentative solution z*,

xk =% +rand(sign)r - di/ || di | (k=1,2,...),

where r denotes the diameter of the smaller sphere and rand(sign) randomly
takes a positive or a negative sign.

&: Add

@ : Remain

#: Delete

M : Scarching Point

g

Fig. 3.18. Renewal policy using the foregoing searching process

According to the rebuilt meta-model, the foregoing value function should
also be updated around the tentative solution. Additional points should be
chosen due to the fact that the pair-wise comparison between too close points
makes the subjective judgment difficult. After collecting the preference infor-
mation from the pair-wise comparison between the remaining trials and the
additional ones, a revised value function is obtained through relearning of the
RBF network. By replacing the current models with the revised models, in
turn, the problems will be solved repeatedly until a satisfactory solution is
obtained. In the value function, f% is initially set at the center of the search
space and at the tentative solution after that.

In summary, the design optimization procedure presented here makes it
possible to carry out MOP regardless of the nature of model, i.e., whether it
is a physical model or a meta-model. After the model selection, the next step
is merged into the same flow. To restrict the search space and the modeling
extent of the value function as well, the utopia and nadir solutions are to be
set forth in the objective function space. Within a thus prescribed space, sev-
eral trial solutions are generated properly. Then, ask the DM to perform the
pair-wise comparisons, or assign the under- and lower-aspiration levels men-
tioned already. If the consistency of the pair-wise comparisons is satisfied (the
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PWCM in Table 3.2 is consistent), they are used to train the neural network
and to identify the value function. If not, fix the consistency problems based
on the methods presented already. Finally, by applying an appropriate opti-
mization method, the tentative solution is derived. If the DM accepts it, stop.
Otherwise, repeat the adequate procedure depending on the circumstances
until a satisfied solution is obtained.

3.4 Applications of MOSC for Manufacturing
Optimization

Multi-objective optimization (MOP) has received increasing interest as a de-
cision aid supporting agile and flexible manufacturing. To facilitate the wide
application of MOP in complex and global decision environments under the
manifold sense of value, applications of MOSC ranging from a strategic plan-
ning to an operational scheduling are presented below.

The location problem of a hazardous waste disposal site is an eligible in-
terest associated with environmental and economic concerns. From such an
aspect, a site location problem of hazardous waste is shown first. The sec-
ond topic concerns a multi-objective scheduling optimization that has been
increasingly considered an important problem-solving in manufacturing plan-
ning. Though several formulations have been proposed as mathematical pro-
gramming problems, few solution methods have been found for the multi-
objectives due to the special complexity of the problem class. Against this, the
suitability of the MOSC approach will be shown. Thirdly, a multi-objective
design optimization will be illustrated by taking a simple artificial product
design first, and extending it to the integrated optimization of value func-
tion modeling and meta-modeling. Here, meta-model means the model that
maps independent variables to dependent ones after these relations have been
revealed by using another model.

Because of the generic property of MOP mentioned already (subjective
decision problem), it is impossible to derive a preferentially optimal solution
by the mathematical conditions only. To verify the effectiveness of the method
throughout the following applications, therefore, we suppose the common vir-
tual DM whose preference will be given as a utility function defined by

1/p

N nad _ £ (.. p
U(f(x)) = lzw{W} ] (p=1,2,...), (3.11)

where w; denotes a weighting factor, p a parameter to specify the adopted
norm'?, and f;"*°" and fP2 utopia and nadir values, respectively.

12 (1) linear norm (p = 1), (2) squared norm (p = 2), and (3)min-max norm (p = co)
are well-known.
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Moreover, to simulate the virtual DM’s preference, i.e., subjective judg-
ment in the pair-wise comparisons, the degree of preference already mentioned
in Table 3.1 is assumed to be given by

BU(f)-U(/* i ' 4
{aij =1+ [W +0.5], if U(f*) = U(f7) ) (3.12)

a;; = 1/a;;, otherwise

where [-] denotes the Gauss symbol. This equation gives autop,nad = 9 for such
a statement that the utopia is extremely favorable to the nadir. Also when
1 = j, it returns, a;; = 1. By comparing the result obtained from the MOSC to
the reference solution that will be derived from the direct optimization under
Equation 3.11, i.e., Problem 3.13, it is possible to verify the effectiveness of
the approach,

[Problem] max U(f(x)) subject to z € X. (3.13)

3.4.1 Multi-objective Site Location of Waste Disposal Facilities

Developing a practical method of location problem for hazardous waste dis-
posal [31] is meaningful as a key issue in considering a sustainable technology
under environmental and economic concerns.

A basic but general formulation of the location problem of the disposal
site shown in Figure 3.19 is described such that: for rational disposal of the
hazardous waste generated at L sources, choose the suitable sites up to K
among the M candidates. The objective functions are composed of cost and
risk, and decision variables involve real variables giving the amount of waste
shipped from source to site, and 0-1 variables each of which takes 1 if the site
is open and 0 otherwise.

Generation points

Candidate disposal sites

Fig. 3.19. A typical site location problem

Since the conflict between economy and risk is common to this kind of
NIMBY (not in my back yard) problem, this problem can be described ade-
quately as a bi-objective mixed-integer linear program (MILP) ,
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M L M
[Problem] r;lin {fi= Z Z Cijxij + ZFl-zi,
” i=1 j=1 i=1
M ’ L M
fo=Y_Y Rijzij+ ) QiBizi},
i=1 j=1 i=1

M .
Yoicixij =D (j=1,...,L)
subject to { Y7 @iy < Bz (i =1,..., M) (3.14)
Yz <K

In the above, f; and f; denote the objective functions evaluating cost and
risk, respectively. They are functions of the amount of waste shipped from
source j to site 4, x;;(> 0), and 0-1 variable z;(€ {0,1}), which takes 1 if the
i-th site is chosen and 0 otherwise. Moreover, D; denotes demand at the j-th
source and B; capacity at the i-th site. Then, the first condition of Equation
3.14 describes that the waste is shippable at each source, and the second one
is disposable at each site. Moreover, K is an upper bound of the allowable
construction of the site.

On the other hand, C;; denotes the shipping cost from j to i per unit
amount of waste, and F; the fixed-charge cost of site i. R;; denotes the risk
constant accompanying transportation per unit amount from j to i. Generally,
it may be a function of distance, population density along the traveling route,
and other specific factors. Likewise, (Q; represents the fixed-portion of risk at
the i-th site per unit capacity; it is considered to be a function of population
density around the site, and some other specific factors.

The above problem is possible to solve by the MOHybGA mentioned in
Sect. 3.3.2 after reformulation in a hierarchical manner,

M
[Problem] — maxVyy(fi(z,2), e f7) — P - max]|0, ZZZ - K],
i=1

Z,€2
subject to min f(z, z)
x

fQ(‘TaZ) §f§+€2
subject to § S @i > D; (j=1,...,L)
Zf:137ij < Bz (i=1,...,M)

The pure constraint on integer variables is handled by a penalty term in
the objective function at the master problem where P denotes a penalty coeffi-
cient, and max/[-] is the operator returning the greatest among the arguments.

Since the system equations and two objective functions are all linear func-
tions of the decision variables, it is easy to solve the slave problem using linear
programming even if the problem size may become very large.
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Numerical experiments take place for the problem where M =8, L = 6
and K = 3. Parameters of GA are set as crossover rate = 0.1, mutation rate
= 0.01, and population size = 50 for the chromosome 11 bits long.

A virtual DM featured in Equations 3.11 and 3.12 evaluates the prefer-
ence among five trial solutions (B, C, D, E, F), shown in Figure 3.21. Using
the value function modeled by the PWCM in Figure 3.20, a best compromise
solution is obtained after 14 generations. In Figure 3.21, the POS set is im-
posed on a set of contours of value function. The best compromise solution is
obtained at point A, which locates on the POS set and has the highest value
of the value function at the same time.

71 72 73 utopia | nadir
s 1 3 1/3 15 5
f? 1 145 1/6 3
73 1 1/3 5
utopia a; = l/ai, 1 g
nadir 1

Fig. 3.20. Pay-off matrix for the site location problem

3.4.2 Multi-objective Scheduling of Flow Shop

The multi-objective scheduling has received increasing attention as an im-
portant problem-solving method in manufacturing. However, optimization of
production scheduling refers to integer and/or mixed-integer programming
problems whose combinatorial nature makes the solution process very compli-
cated and time-consuming (NP-hard). Since its multi-objective optimization
will amplify the difficulty, it has scarcely been studied previously [45].
Among others, Murata, Ishibuchi and Tanaka [46] recently studied a flow
shop problem under two objectives such as makespan and total tardiness
using a multi-objective genetic algorithm (MOGA). In Bogchi’s book [47],
flow shop, open shop and job shop problems were discussed under the two
objectives, makespan and average holding time. Bogchi applied NSGA and
a elitist non-dominated sorting genetic algorithm (ENGA). Moreover, Saym
and Karabau [48] used a branch and bound method for a similar kind of
problem. A parallel machine problem was solved by Tamaki, Nishino and
Abe [49] under consideration of total holding time and discrepancy from due
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Fig. 3.21. Best compromise solution for the site location problem

date using parallel selection Pareto reserve GA (PPGA) and also by Mohri,
Masuda and Ishii [50] so as to minimize the maximum completion time and
maximum lateness. On the other hands, Sakawa and Kubota [51] studied the
job shop problem under three fuzzy objectives by multiple-deme GA and a
multi-objective tabu search was applied for a single-machine problem with
sequence-dependent setup times [52]. However, these studies only derived the
POS set that presents a bulk of candidates of the final solution.

In what follows, MOON?% is applied to derive the preferentially optimal
solution for a two-objective flow shop scheduling problem. Under the mild
assumptions that no jobs are dividable, simultaneous operations are inhibited
on machines and every processing time and due date are given, the problem
is formulated. The goal of this problem is to minimize the sum delay of due
time f; and the total changeover cost fs. The scheduling data is generated
randomly within certain extents, i.e., between 1 and 10 for due time and every
four intervals between 4 and 40 for changeover cost, respectively.

Among the trial solutions generated as shown in Figure 3.22, PWCM of
the virtual DM is given as Table 3.3 based on Equations 3.11 and 3.12 (p = 1,
wy = 0.3, wy = 0.7). The total number of responses becomes 35 in this case
(@utop,nad = 9 is implied).

In Figure 3.23, the contours of preference (indifference curves) are com-
pared with those of the presumed ones and Vggsr (f, f1)'® when p = 1. Except
for the marginal regions, the identified (solid curve) and the original (dotted
line) almost coincide with each other.

13 Presently, f% is set at (0,0).
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Fig. 3.22. Location of trail solutions

Table 3.3. Pair-wise comparison matrix (p = 1)
[ A Sl A S A A
1 9 3 7 5 3 7 4 6
FmM1/9 1 1/71/31/51/71/31/6 1/4
fH1/37 1 4 3 1 4 2 3

fA1/7 3 1/4 1 1/31/4 1 1/3 1
/5 51/3 3 1 1/3 3 1/2 2
Y137 1 4 3 1 5 2 4
P73 1/4 1 1/31/5 1 1/41/2
ffl1/461/2 3 2 1/2 4 1 3
fr1/6 4 1/3 2 1/21/4 2 1/3 1

With the thus identified value function, the following three flow shop
scheduling problems are solved by MOON?# with SA as the optimization
technique:

1. One process, one machine and seven jobs
2. Two processes, one machine and ten jobs
3. Two processes, two machines and ten jobs.

The SA employed the conditions that the insertion neighborhood is
adopted, reduction rate of the temperature = 0.95, and number of iterations
= 400.

Table 3.4 summarizes numerical results in comparison with the reference
solutions. It is known that MOON?% can derive the same results in every case
(p = 1). Figure 3.24 is a Gantt chart showing a visual examination of the
feasibility of the result.

As the number of trial solutions is decreased gradually from the foregoing
9 to 7 and 5, the number of required responses of the DM will decrease until 20

14 A randomly selected symbol is inserted into a randomly selected position, e.g.,
A—-(B)—-C—-D-()—E—F is changed into A—C—-D—-B—-E—F if the
parentheses denote the random selections.
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Fig. 3.23. Comparison of contours of value functions (p = 1).

Table 3.4. Comparison of numerical results(p = 1, 2)

Type Type of value function

of p=1 p=2
problem  Reference Vgrpr Reference Vgrpr
(1,1, 7) " 3.47 3.47 1.40 1.40
(2,1,10)  7.95  7.95 292 2.92
(2,2,10) 340 340  1.60 1.60

* Number of process, machine, and job.

SiMu Jz|fz|]3| Js | J7 |

SiM:z | Js Jio
S:Mu |Jz||]4| |Js-

SaM: | Js |Jz | J3| Js | J7 | Jio |
T
0 s 10 15 %) s 30 35 )

Fig. 3.24. Gantt chart of the (2,2,10) problem (p = 1).

and 10, respectively. The last number is small enough for the DM to respond
acceptably. Every case derived the same result as shown in Table 3.4. This
means the linear value function can be identified correctly with a small load
of interaction.

In the same way, the case of the quadratic form of the value function is
solved successfully as shown both in Figure 3.25 and Table 3.4 (p = 2). Due to
the good approximation of the value function (the identified: solid curve, the
original: broken line), MOSC can also derive the same results as the reference.
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Fig. 3.25. Comparison of contours of value functions (p = 2)

3.4.3 Artificial Product Design
A. Design of a Beam Structure

Here, we show the results of applying MOON? to the beam structure design
problem as formulated below,

[Problem] min f(z)={f

- _ _9.78x10%;
= 180 4.096x 107 —x2% = 0

)
g2(x) =752 —x2 >0
subject to { gz(z) = z2 — 40 >0 , (3.15)
)

h1(.13) =T —5.132 =0

where z1 and x5 denote the tip length of the beam and the interior diameter,
respectively, as shown in Figure 3.26. Inequality and equality equations repre-
sent the design conditions. Moreover, objective functions f; and f> represent
the volume (equivalently, weight) of the beam [mm?] and static compliance of
the beam [mm/N], respectively. These are described as follows:

™

fi(z) = 1 (21 (D22 - 1322) + (- 1) (D12 — 9522)] )

(@) 64 K 1 1 ) - 13
xT) = — T —_— | ,
2 3nE D24 — x24 D14 — $14 ! 1)14 - .7314

where E denotes Young’s modulus. There is a tradeoff such that the smaller
static compliance needs the tougher structure (larger volume), and vice versa.

Figure 3.27 shows the locations of the trial solutions generated based on
Equation 3.4. The pair-wise comparison matrix of the virtual DMDM!virtual
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Fig. 3.26. Beam structure design problem

is given in Table 3.5 for p = 1. Omitting some data left for the cross validation
(shown in italics in the table), these are used to model the value function by a
BP neural network with ten hidden nodes. Both inputs and an output of the
neural network are normalized between 0 and 1. Then, the original problem
is rewritten as follows:

% 6.3E-04]

£ Nz " Nadir
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= f

g s
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o 4.3E-04 R
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«n » Utopia ’ ’
O 3.3E-04

3.0E+06 4.0E+06 5.0E+06 6.0E+06 7.0E+06  8.0E+06
f: Volume [mm?]

Fig. 3.27. Generated trial solutions (linear)

[Problem] max Van(fi(z), f2(x), fF) subject to Equation 3.15.

To solve the above problem, the sequential quadratic programming (SQP)
is applied with the numerical differentiation described as Equation 3.9.

Numerical results for three cases, i.e., p = 1,2, and oo are shown in
Figure 3.28 and Table 3.6. From the figures, where contours of value function
are superimposed, it is known in every case that:

1. The shape of the value function is described properly.
2. The solution (“By MOON?") locates on the Pareto optimal set and it is
almost identical to the reference solution (“By utility function”).
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Fig. 3.28. Preferentially optimal solution: (a) linear norm, (b) quadratic norm, (c)

min-max norm

The results summarized in the table include the weighting factor w, in-
consistency index CI, and root mean squared errors e at the training and
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Table 3.5. Pair-wise comparison matrix (p = 1)
futop fnad fl f2 f3 f4
FU°P[ 1.0 9.0 3.67 5.32 3.28 7.82
frad 011 1.0 0.16 0.21 0.15 0.46
' 10.27 6.33 1.0 2.650.72 5.14
f? 10.19 4.68 0.38 1.0 0.33 3.49
f2 103 6.721.393.04 1.0 5.53
f*10.13 2.180.190.29 0.18 1.0

Table 3.6. Summary of results

Type Reference MOON?
Linear (p = 1) f 5.15E+46 5.11E+6
w=(0.3,0.7) f2 3.62E-4 3.63E-4
CI = 0.051 T 251.4 253.6
e =(1.8E-3,3.5E-2) 2 503 50.7
Quadratic (p = 2) f1 4.68E+6 4.56E+6
w=(0.3,0.7) f2 3.77TE-4 3.82E-4
CI = 0.048 T 275.7 281.5
e =(1.3E-2,14E-1) =x2 55.1 56.3
Min-Max (p = o) fi 4.5E4+6 4.3E+6
w=(0.4,0.6) fa 3.8E-4 3.9E-4
CI =0.019 x1 2834 2929
e =(6.7E-3,5.3E-2) 2 56.7 586

validation stages of the neural network. It is known that satisfactory results
are obtained for every case.

Except for in the linear case, however, there is a little room left for im-
provement. Since the utility functions become more complex in the order of
linear, quadratic, and min-max form, modeling of the value functions becomes
more difficult in the same order. This causes distortion of the value function
everywhere where the evaluation is far from the fixed input f. Generally, it
is hard to attain the rigid solution only by the search performed within the
global space. To obtain the more correct solution, it is necessary to limit the
search space around the earlier solution and repeat the same procedure as
described in the flow chart in Figure 3.14.

B. Design of a Flat Spring Using a Meta-model

Let us consider the design problem of a flat spring as shown in Figure 3.29.
The aim of this problem is to decide the shape of spring (z1, z2, z3) so as to
increase the rigidity fo while reducing the stress f;. Because it is impossible
to achieve these objectives at the same time, it is amenable to formulating
the problem as MOP.

Generally, as the shape of a product becomes complicated, it becomes
accordingly hard to model mathematically the design objectives with respect
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Fig. 3.29. Flat spring design

Table 3.7. Design variables and design objectives

x1 x2 w3 fi(stress) fo(rigidity)

0.0 0.0 0.0 0.0529 0.0000
0.0 0.5 0.6 0.0169 0.0207
0.0 1.0 1.0 0.0000 0.0322
0.5 0.0 0.6 0.1199 0.1452
0.5 0.5 1.0 0.0763 0.1462
0.5 1.0 0.0 0.9234 0.3927
1.0 0.0 1.0 0.2720 0.4224
1.0 0.5 0.0 1.0000 1.0000
1.0 1.0 0.6 0.5813 0.8401

(Normalized between 0 and 1)

to design variables. Under such circumstances, computer simulation methods
such as the finite element method (FEM) has been widely used to reveal
the relation between them. In such a simulation-based approach, DOE also
plays an important role. Presently, three levels of the designed experiments
are set for each design variable. Then two design objectives are evaluated by
a set of design variable values derived from the orthogonal design of DOE.
Results of the simulation from the FEM model are then used to derive a
model that can explain the relation or to construct the response surface. For
this purpose, meta-models of f; and f with respect to (21, x2,x3) are derived
by using an RBF network that uses the FEM results shown in Table 3.7. For
the sake of convenience, the results of such modeling will be represented as
Meta- f1(x1, 2, z3) and Meta- fo(x1, z2, x3).

On the other hand, to reveal the value function of the DM, the utopia and
nadir are set, respectively, at (0, 0) and (1, 1) after normalizing the objective
value on a basis of unreachability'®. Within the space surrounded by these two
points in the objective space, seven trial solutions are generated randomly, and
the imaginary pair-wise comparison is performed as before under the condition
that p = 1,w; = 0.4, we = 0.6. Then, the RBF network is trained to derive
the value function as Vrpr (Meta- f1, Meta- f5), by which we can evaluate the

15 Hence, 0 corresponds to utopia, and 1 to nadir.
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Table 3.8. Comparison between two methods

Reference MOONZF

1st 2nd
Design 1 [mm)] 43.96 43.96 43.96
variable z2 [mm)] 565 5.92  5.95
z3 [mm] 9.11 9.65 9.10
Objective f1 [MPa]  1042.70 867.89 964.795
function fo [N/mm] 9.05 823  8.57

objective functions for the arbitrary decision variables. Now the problem can
be described as follows:

[Problem] max Vipr(Meta-f1(z), Meta- f2(z))
0<z <Py
subject to{ 0 < zp < z3 (3.16)
0<z3< P

where Meta-f1(x) and Meta-fo(z) denote the meta-model of the stress and
the rigidity, respectively, and P; and P> denote the parameters specific to the
shape of the spring. The resulting optimization problem is solved using the
revised simplex method (refer to Appendix B) that can handle the upper and
lower bound constraints.

By comparing the results between the columns named “Reference” and
“MOON?% (1st)” in Table 3.8, “MOON2%” solution is shown to be very close
to the reference solution in the decision variable space. In contrast, there
exists some discrepancy between the results in the objective function space
(especially regarding f1). This is because f; is very sensitive with respect to
the design variables around the (tentative) optimal point. By supposing that
the DM would not be satisfied with the result, let us move on and revise the
tentative solution in the next step. After shrinking the search space around the
tentative solution, the new utopia and nadir are set at (0.03, 0.60) and (0.25,
0.818), respectively. Then the same procedures are repeated, i.e., generate
five trial solutions, perform the pair-wise comparison, and so on. Thereafter,
a new result is obtained as shown in “MOONZ2® (2nd)” in Table 3.8. The
foregoing results are known to be updated quite well. If the DM feels that
there still remains some room for improvement in the result, further steps
are necessary. Such action gives rise to additional procedures to correct the
meta-model around the tentative solution. Presently since both meta-model
and value function are given by the RBF network, we can use the increment
operations of RBF network to save the computation loads for these revisions.

C. Design of a Beam through Integration with Meta-modeling

The integrated approach through inter-related modeling of the value system
and the meta-model will be illustrated by reconsidering the beam design prob-
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Table 3.9. Results of FEM analyses

No. z1 [mm] z2 [mm] Cs [mm/N]
1* 10 40 0.000341
2% 10 57.5 0.000375
3% 10 75 0.000490
4% 255 40 0.000351
Primal 5 255 57.5 0.000388
6 255 75 0.000550
T* 500 40 0.000408
8 500 57.5 0.000469
9 500 75 0.000891
10 320.57 64.11 0.000438
Addi- 11 337.05 67.41 0.000472
tional 12 274.43 65.29 0.000433
13 366.72 62.94 0.000445

lem [53]. However, this time it is assumed that the static compliance of the
beam is available only as a meta-model. By denoting such a meta-model of
the compliance as Meta- fo(x), the design problem is described as follows:

[Problem| min {fi(z)= %(xl(Dg —23) + (I — 21)(D? — 22)), Meta-fo(x) }

_ 3.84x10'°  3.072x107x;
g1 =180 — max(w(loohmg)’ (807 —21) )=0

g2 =T752—222>0
subject to g3 =1x2—40>0

ga=x120

h1:$1—5$2=0

Table 3.10. Primal references and additional trial

fi [mm’]  fo[mm/N]

2,02 x10° 3.38 x10°*

Primal  fYAl 3.16 x10° 4.70 x10~*
fEAL 543 x10% 7.33 x107*

fred 6,57 x10° 8.64 x1074
Additional fT 3.71 x10%° 4.45 x10~ 1

To have the meta-model, the FEM analysis is carried out for every pair of
three levels of x1 and x. Then using the results x1, x2, and Cg; listed in Table
3.9 (primal), the primal meta-model is derived as a RBF network model, i.e.,
(1,22) — Cg. On the other hand, the primal value function is obtained from
the preference information that will not depend on the pair-wise comparison
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and use the references. That is, data shown in Table 3.10 (primal) is adopted
as the reference values.

Table 3.11. Comparison of the results after compromising

oy [mm] @5 mm] fi [mm’]f> [mm/N]

Reference 343.58 68.72 3.17 x10%° 4.79x10~ %

MOON?ZE 15t 3.21 x10° 64.11 3.72 x10° 4.66 x10~*
2nd  3.44x10° 68.72 3.17 x107* 4.89x10™* (Meta- f2)

Following the procedures mentioned already, the primal solution is ob-
tained as shown by “lst” in Table 3.11 by applying SQP as the optimization
method.
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Fig. 3.31. Value function error near the target: (a) 1st stage, (b) 2nd stage

Such a primal solution would not normally satisfy the DM (actually there
are discrepancies between by “Ist” and “reference” solutions.). The next step
to update the solution is taken by rebuilding both primal models. For meta-
model rebuilding, the data marked by asterisks (1, 2, 3, 4, 7) are deleted and
four data are augmented as shown in Table 3.9. Meanwhile, the value function
is modified by adding the data shown in Table 3.10 and this requires the DM
to make the pair-wise comparisons between the added and the existing data.
(The value function of the virtual DM is prescribed as before with parameters
like p = 1, wy = 0.4, we = 0.6). Errors in the course of model building are
compared in Figure 3.30 for the meta-model, and Figure 3.31 for the value
function, respectively. From these results, the simultaneous improvement is
achieved by the integrated approach.
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3.5 Chapter Summary

To deal with diversified customer demands and global competition, require-
ments on agile and flexible manufacturing are being continuously increased.
Multi-objective optimization (MOP) has accordingly been taken as a suitable
decision aid supporting such circumstances. This chapter focused on recent
topics associated with multi-objective problems.

First, the extended applications of evolutionary algorithm (EA) were pre-
sented as a powerful method associated with the multi-objective analysis.
Since every EA considers the multiple possible solutions simultaneously in
the search, it can favorably generate the POS set in a single run of the algo-
rithm. In addition, since it is insensitive to the concave shape or continuity
of the Pareto front, it can reveal the tradeoff relation for real world problems
advantageously.

As one of the most promising methods for MOP, a few methods in terms
of soft computing were explained from various viewpoints. Common to those
methods, a value function modeling method using neural networks was in-
troduced. The training data of such neural network was gathered through
another pair-wise comparison that is easier for the DM than AHP.

By virtue of the identified value function, an extension of the hybrid GA
was shown to solve effectively MIP under multi-objectives. Moreover, using
the shared fitness of GA, this approach is amenable for solving MOP including
the qualitative objectives. As the major interest in the rest of this chapter,
the soft computing method termed MOON? and MOON?% were presented.
The difference of these methods is the type of neural network employed for
the value function modeling. These methods can solve MOP under a variety
of preferences effectively as well as practically even for an ill-posed decision
environment. Moreover, to carry out MOP readily, implementation on the
Internet was shown as a client—server architecture.

At the early stages of product design, designers need to engage in model
building as a step of problem definition. Modeling the value functions is also an
important design task at the next stage. As a key issue for competitive product
development, an approach for the integration of multi-objective optimization
with the modeling both of the system and the value function was presented.

To facilitate wide application in manufacturing, a few applications ranging
from strategic planning to operational scheduling were demonstrated.

First, under the two objectives the location problem of a hazardous waste
disposal site was solved by the hybrid GA. The second topic concerned multi-
objective scheduling optimization, which is increasingly being considered as an
important problem-solving task in manufacturing. Due to the special difficulty,
however, no effective solutions methods are known under multi-objectives. For
such a problem, MOSC was applied successfully. Third, we illustrated multi-
objective design optimization taking a simple artificial product design, and its
extension for the integration of modeling and design optimization in terms of
meta-modeling. Here meta-model means a model that can relate independent
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variables to dependent ones after these relations have been revealed by another
model.
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Appendix A

Introduction to IDEFO0

IDEFO0 (integrated definition for function modeling zero) is an activity mod-
eling technique developed by the United States Air Force as a result of the
Air Force’s Integrated Computer Aided Manufacturing (ICAM) program. The
IDEFO activity modeling technique [1, 2], typically, aims at identifying and
improving the flow of information within the enterprise, but it has been ex-
tended to cover any kind of process in which not only information but other
resources are also involved. One use of the technique is to identify implicit
knowledge about the nature of the business process, which can be used to im-
prove the process itself (e.g., [3, 4]). IDEF0 activity models can show which
persons, teams or organizations participate in the same activity and the exist-
ing software tools that support such activity. For example, this helps identify
which computing technology is necessary to perform a specific activity. Activ-
ity modeling shows the information that is used or produced by an activity.
Consequently, data requirements can be identified for producing an informa-
tion model and ontologies such as those described in Chap. 6.

IDEFO activity models are developed in hierarchical levels. It is possible,
therefore, to start with a high-level view of the process that is consistent
with global goals, and then decompose it into layers of increasing details. A
rectangular box graphically represents each activity with four arrows reading
clockwise around the box as shown in the upper part of Figure A.1. These
arrows are also referred to as ICOM (inputs, constraints or controls, outputs
and mechanisms). Input is the information, material or energy used to produce
the output of an activity. The input is going to be acted upon or transformed
to produce the output. Constraint or control is the information, material or
energy that constrains and regulates an activity. Output is the information,
material or energy produced by or resulting from the activity. Mechanism
represents the resources such as people, equipment, or software tools that
perform an activity. After all, the relation between input and output represents
what is done through the activity, while control describes why it is done, and
the mechanism by which it is done.

An IDEF0 diagram is composed of the following:
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Fig. A.1. A basic and extended structures of IDEF0

1. A top level diagram that illustrates the highest level activity and its
ICOMs.

2. Decomposition diagrams, which represent refinements of an activity by
showing its lower level activities, their ICOMSs, and how activities in the
diagram relate to each other.

3. A glossary that defines the terms or labels used on the diagrams as well
as natural language descriptions of the entire diagram.

Activities are named by using active verbs in the present tense, such as “de-
sign product,” “simulate process,” “evaluate plant,” etc. Also all decomposed
activities have node identifiers that begin with a capital letter and numbers
that show the relation between a parent box and its child diagrams. The A0
top level activity is broken down into the next level of activities with node
numbers A1, A2, A3, etc., which in turn are broken down and at the next level
labeled A11, A12, A13, etc. In modeling activities, it is important to keep in
mind that they will define the tasks that cross-functional teams and tools will
perform. Because different persons may develop different activity models, it
is important to define requirements and context at the outset of the process
improving process. From this aspect, its simple modeling rules are very helpful
for easy application, and its hierarchical representation is suitable to grasp a
whole idea quickly without dwelling on the precise details too much.
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This hierarchical activity modeling technique endows us with the following
favorable properties suitable for the activity modeling in manufacturing.

1. Explicit description about information in terms of the control and the
mechanism in each activity is helpful to set up some sub-goals for the
evaluation.

2. We can use appropriate commercial software having various links with
simulation tools to evaluate certain important features of business process
virtually.

3. Since the business process belongs to a cooperative work of multi-disciplinary
nature, the IDEFO0 provides a good environment to share common recog-
nition among them.

4. Having a structure to facilitate modular design, the IDEF0 is easy to
modify and/or correct the standard model corresponding to the particular
concerns.
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Appendix B

The Basis of Optimization Under a Single
Objective

B.1 Introduction

Let us review briefly traditional optimization methods under a single-objective
function or usual optimization methods in mathematical programming (MP) .
Optimization problems are classified depending on their properties as follows:

e Form of equations

1. Linear programming problem (LP)

2. Quadratic programming problem (QP)

3. Nonlinear programming problem (NLP)
e Property of decision variables

1. (All) integer programming problem (IP)

2. Mixed-integer programming problem (MIP)

3. (All) zero-one programming problem

4. Mixed-zero-one programming problem
e Number of objective functions

1. Single-objective problem

2. Multi-objective problem
e Concern with uncertainty

1. Deterministic programming problem

2. Stochastic programming problem

— expectation-based optimization
— chance-constraint optimization

3. Fuzzy programming problem
e Size of the problem

1. Large-scale problem

2. Medium-scale problem

3. Small-scale problem
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Since a description covering all of these! is beyond the scope of this book,
only an essence of several methods that are still important today will be
explained to give a basis for understanding the contents of the book.

B.2 Linear Programming and Some Remarks on Its
Advances

We start with introducing a linear program or a linear programming problem
(LP) that can be expressed in standard form as follows:

. T . Az =0

[Problem] min z=c" z subject to {x >0

where z is an n-dimensional vector of decision variables, and A ((m X n)-
dimension) and b (m-dimension) are a coefficient matrix and a vector of the
constraints, respectively. Moreover, ¢ (n-dimension) is a coefficient vector of
objective function, and T denotes the transpose of a vector and/or a matrix.
All these dimensions must be consistent for matrix and/or vector computa-
tions. Matrix A generally has more columns than rows, i.e., (n > m). Hence
the simultaneous equation Az = b is under determined, and this allows choos-
ing = to minimize ¢’ z. Assuming every equation involved in the standard form
is not redundant, or the rank of matrix A is equal to the number of constraints
m, let us divide the vector of decision variables into two sub-sets represent-
ing an m-dimensional basic variable vector x5 and a non-basic variable vector
composed of the remaining variables x 5. Then, rewrite the original objective
function and constraints accordingly as follows:

T T T B T T
z=c x=(cp, cyp) (-TNB> = CpTB + CNBINB;

Az = [B, AnB] (;j\i) =b,

where c¢p and B denote a sub-vector and a sub-matrix corresponding to x g,
respectively. It should be noticed here that B becomes a square matrix. On
the other hand, ¢yg and Ayp are a sub-vector and a sub-matrix for zypg.
For an appropriately chosen xp, it is supposed that the matrix B is regular
or it has an inverse matrix B~!. Then we have the following equations:

xp =B '(b— AxprNB)
:Bilb—BilANBQJNB, (Bl)

! Refer to other textbooks [1, 2, 3, 4], for examples.
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z=cEB W4 (chp — 5B *Anp)zNB. (B.2)

Since the numbers of solution are finite, say at most ,,C,,, we can find the
global optimal solution with a finite computation load by simply enumerating
all possible solutions. However, such a load expands rapidly as n and/or m
become large. The solution forcing zyp = 0 or 27 = (2%, 07) is called a basic
solution. Any feasible solution and its objective value can be obtained from
the solution of the following linear simultaneous equations:

()= ()

As long as there is a solution, the above equation can be solved as Equation
B.4 by noticing the following formula:

-1
-, [ B0l [ B0
B = {—cg 1 T kBT (B-3)

(=)= (2) - (fota):

This expression is equivalent to the results obtained from Equations B.1
and B.2 by letting xnyp equal zero. From the discussions so far, it is easy
to understand that the particular basic solution becomes optimal when the
following conditions hold:

B~ >0
{C%B — C%B_lANB > 0T -

These equations are known as the feasibility and the optimality conditions,
respectively. Though these conditions provide necessary and sufficient condi-
tions for the optimality, they say nothing about a procedure how to obtain
the optimal solution in practice.

The simplex method developed by Dantzig [5] more than 40 years ago has
been popularly known as the most effective method for solving linear pro-
gramming problem for a long time. It takes an iterative procedure by noticing
that the basic solutions represent extreme points of the feasible region. Then
the simplex method searches from one extreme point to another one along
the edges of the boundary of the feasible region toward the optimal point
successively.

By introducing slack variables and artificial variables, its solution proce-
dure begins with transforming the original Problem B.5 into the standard
form like Problem B.6,
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Al.%' S bl
[Problem] min z=c'z subject to { Asx = by , (B.5)
Agl‘ Z b3
Ale + 51 = b1
[Problem] min z=c'xz subject to { Agx +wy = by , (B.6)

Asx — 83 + w3 = by

where s1 and s3 denote slack variable vectors, and wsy and w3 artificial variable
vectors. Rearranging this like

T
53
[Problem] min z= (T, 0T, 07, oF, 0T) | s1 |,
w2
w3
T
Al 0 11 00 S3 bl
subject to | A2 0 0 Iy 0 s1 | =102 ],
A3 —100 Ig wa bg
w3

we can immediately select s1,ws, and ws as the basic variable vectors. Fol-
lowing the foregoing notations, the simplex method describes this status as
the following simplex tableau:

Ang I b
Here, the following correspondence should be noticed:
Ala 0 Il 0 0 bl
Anp= A2, 0 |, I=]|0L 0|, b=1|b|],
AB, _I O O 13 b3
C%B = (CTa 0T)7 cg =0,
Z%B - [xTa 5?’:]7 Cﬂg - (8,{3 wga ng)

Since such a solution that s; = by, wo = by, w3z = bz, and x = s3 = 0 is
apparently neither optimal nor feasible, we need to move toward the optimal
solution while recovering the infeasibility in the following steps.

Before considering this, it is meaningful to review the procedure known as
pivoting in the simplex method. It is an operation to replace a basic variable
with a non-basic variable in the current solution to update the basic solution.
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This can be carried out by multiplying the matrix expressed in Equation B.3
from the left-hand side to the matrix of Equation B.7:

Bl 0 A I b . B_lANB B! B~
cEB7 1| | =cLg0T 0| | cEB'ANg — kg cEB7 cEBT1D |

As long as the condition c5B~1Apy —ck 5 > 0 holds, we can improve the
current solution by continuing the pivoting. Usually, the non-basic variable
with the greatest value of this term, say s, will be selected first as a new
basic variable. Then according to this choice, will be withdrawn such a basic
variable that becomes critical to keep the feasibility condition B~'b > 0, i.e.,
miney, i)j/ajs, (for ajs > 0). Here Ip is an index set denoting the basic
variables, and ajs, (j, s)-element of the tableau, and Ej the current value of
the j-th basic variable. Substituting c5B~! = 77 (simplex multiplier), the
above matrix can be rewritten compactly as follows:

BilANB Bl B
7T Anp — C%B T 7T |-

Now let us go back to the problem of how to sweep out the artificial
variables that appear by transforming the problem into the standard form.
We can obtain a feasible solution if and only if we sweep out every artificial
variable from the basic variables. To work with this problem, there exist two
major methods, known as the two-phase method and the penalty function
method. The two-phase method tries to recover from the infeasibility first,
and then turns to optimization. On the other hand, the penalty function
method will consider only the optimal condition. Instead, it urges the artificial
variables to leave the basic solutions as soon as possible, and restricts them
from coming back to the basic solutions once they have left the basic variables.

In the two-phase method, an auxiliary linear programming problem is
solved first under the following objective function:

[Problem] min v= Z Wa; + Z ws;.

If and only if every artificial variable becomes zero, does the optimal value
of this objective function also become zero. This is equivalent to saying that
there exists a feasible solution in the present problem since every artificial
variable has been swept out or turned to the non-basic variables at this stage.
Now we can continue the same procedure under the original objective function
until the optimality condition has been satisfied.

On the other hand, the penalty function method will modify the original
objective function by augmenting penalty terms as follows:
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[Problem] min 2z’ = Z i + (Mg Z way; + M3 Z w3i> )
i i i

Due to the large values of penalty coefficients My and Ms, the artificial vari-
ables are likely to leave the basic variables and be restricted to the basic
variables again once they have left.

There are many interesting findings to be noted regarding the simplex
method and LP, for examples, the graphical solution method and a geometric
understanding of the search process; the revised simplex method to improve
the solution efficiency; degeneracy of basic variables; the dual problem and its
relation to the primal problem; dual simplex method, sensitivity analysis, etc.

Recently, a new algorithm known as the interior-point method [6] has
been shown especially efficient for solving very large problems. By noticing
that such problem has a very sparse coefficient matrix, these methods are
developed based on the techniques from nonlinear programming. Though the
simplex method visits the extreme points one after another along with the
ridges of the admissible region, the interior-point methods search the inside
of the feasible region while improving a series of tentative solutions.

The successive linear programming and separable linear programming are
extended applications of the ordinal method. In addition to these mathemati-
cally interesting aspects, the importance of LP is due to the existence of good
general-purpose software for finding the optimal solution (not only commercial
but also free software is available from the Web [7]).

As a variant of LP, integer programs (IP) requires all variables to take in-
teger values, and mixed-integer programming (MIP) requires some of the vari-
ables to take integer values and others real values. As a special class of these
programs, zero-one IP or zero-one MIP, which restrict their integer variables
only to zero or one, are widely applicable since manifold combinatorial and
logical conditions can be modeled through zero-one variables. These classes of
programs often have the advantage of being more realistic than LPs, but the
disadvantage of being much harder to solve due to the combinatorial nature of
the solution. The most widely available general-purpose technique for solving
these problems is a procedure called “branch-and-bound (B & B) method”

[8]. Tt tries to search the optimal solution by deploying a tree of potential
solutions derived from the related LP relaxation problem that allows integer
variables to take real numbers.

In the context of LP, there are certain models whose solution always turns
out to be integer when every coefficient of the problem is integer. This class
is known as the network linear programming problem [9], and make it unnec-
essary to deal with the problem as difficult as MIP or IP. Moreover, it can be
solved 10 to 100 times faster than general linear programs by using specialized
routines of the simplex method. It tries to minimize the total cost of flows
along all arcs of the network subject to conservation of flow at each node, and
upper and/or lower bounds on the flow along each arc.
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The transportation problem is an even more special case in which the
network is bipartite: all arcs run from nodes in one subset to the nodes in a
disjoint subset. In the minimum cost flow problem in Sect. 2.4.1, a network
is composed of a collection of nodes (locations) and arcs (routes) connecting
selected pairs of nodes. Arcs carry a physical or conceptual flow, and may
be directed (one-way) or undirected (two-way). Some nodes become sources
(permitting flow to enter the network) or sinks (permitting flow to leave).

A variety of other well-known network problems such as shortest path
problems solved by Dijkstra’s method in Sect. 2.5.2, maximum flow problems,
and certain assignment problems can also be modeled and solved like the
network linear programs.

Industries have made use of LP and its extensions for modeling a variety of
problems in planning, routing, scheduling, assignment, and design. In future,
they will continue to be valuable for problem-solving including transportation,
energy, telecommunications, and manufacturing in many fields.

B.3 Non-linear Programs

Non-linear programs or the non-linear programming problem (NLP) has a
more general form regarding the objective function and constraints, and is
described as follows:

[Problem] min f(x) subject to {gz(x)

hj(x)

where z denotes an n-dimensional decision variable vector. Such a prob-

lem that all the constraints g(z) and h(z) are linear is called linearly con-

strained optimization, and if the objective function is quadratic, it is known

as quadratic programming (QP) . Another special case where there are no
constraints at all is called unconstrained optimization.

Most of the conventional methods of NLP encounter some problems asso-
ciated with the local optimum that will satisfy the requirements only on the
derivatives of the functions. In contrast, real world problems often have an
objective function with multiple peaks, and pose difficulties for an algorithm
that needs to move from a peak to a peak until attaining at the highest one.
Algorithms that can overcome this difficulty are termed global optimization
methods, and most recent metaheuristic approaches mentioned in the main
text have some advantages on this point.

Since any equality constraint can be described by a pair of inequality
constraints (h(z) = 0 is equivalent to the conditions h(z) > 0 and h(z) < 0),
it is enough to consider the problem only under the inequality constraints.
Without losing generality, therefore, let us consider the following problem:
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[Problem] min f(x) subject to g(z) > 0.

Under mild mathematical conditions, the Karush-Kuhn-Tucker conditions

give necessary conditions for this problem. These conditions also become

sufficient under a certain condition regarding convexity as mentioned below.
Let us start by giving the Lagrange function as follows:

L(z, ) = f(z) — Ag(z),

where ) is a Lagrange multiplier vector. Thus by transforming the constrained
problem into an unconstrained one superficially in terms of Lagrange multi-
pliers, the necessary conditions for the optimality will refer to the stationary
condition of the Lagrange function. Here x* becomes a stationary point of
function f(z) if the following extreme condition is satisfied:

(0f/02)s- = 7 f(2*) = 0T (B.8)

Moreover, the sufficient conditions for a minimal extremum are given by

V@) =07,
[0(0f)02)T 0z 4+ = 72 f(z*) (Hesse matrix) is positive definite.

Here, we call matrix A positive definite if ¥’ Ad > 0 holds for an arbitrary
d(# 0) € R™, and positive semi-definite if dZ Ad > 0. A so-called saddle
point locates on the point where it is neither negative nor positive definite.
Moreover, function f(z) (—f(z)) is termed a convex (concave) function when
the following relation holds for an arbitrary «, (0 < o < 1) and !, 2? € R™

flaz! + (1 = a)2?) < af(z') + (1 - a)f(2?).

Finally, the stationary conditions of the Lagrange function making x* a
local optimum point for the constrained problem are known as the following
Karush-Kuhn—Tucker (KKT) conditions:

Vel (z*, X)) = (0f)03) o — NT(0g/02)y- = 0T
VaL(z®, )T =g(z*) > 0

)\*Tg(l'*) =0

>0

When f(z) is a convex function and the feasible region prescribed by
g(x) > 01is a convex set, the above formulas also give the sufficient conditions.
Here, a convex set is defined as a set satisfying the conditions that when both
o' and 22 are contained in a certain set S, az! + (1 — a)z? is also a member
of S for an arbitrary a (0 < a < 1).
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The KKT conditions that neglect g(x) and A accordingly are equivalent to
those of the unconstrained problem, or simply the extreme condition shown
in Equation B.8. The linearly constrained problem guarantees the convexity
of the feasible region, and QP has a concave objective function and a convex
feasible region.

Golden section search and the Fibonacci method are popular algorithms
for deriving the optimal solution numerically for the unconstrained problem
with a scalar decision variable. Though they seem to be too simple to deal with
real world applications, they are conveniently used as a subordinate routine
of various algorithms. For example, many gradient methods require finding
the step size to the prescribed search direction per iteration. Since this refers
to a scalar unconstrained optimization, these methods can serve conveniently
for such a search.

Besides these scalar optimization methods, a variety of pattern search
algorithms have been proposed for vector optimization so far, e.g., the Hooke—
Jeeves method [10], the Rosenbrock method [11], etc. Among them, here we
cite only the simplex method for unconstrained problems, and the complex
method for constrained ones. These methods can have some connection to
the relevant metaheuristic methods. It is promising to use these methods in
a hybrid manner as a generating technique for initial solutions, an algorithm
for the local search and a refining procedure at the end of search.

The simplex method? is a common numerical method for minimizing the
unconstrained problem in an n-dimensional space. The preliminary idea was
originally proposed by Himsworth, Spendley and Hex, and then extended by
Nelder and Mead [17]. In this method, a geometric figure termed simplex plays
a major role in the algorithm. It is a polytope of n+1 vertices in n-dimensional
space, and has a structure that can easily produce a new simplex by taking
reflection of the specific vertex with respect to the hyper-plane spanned by
the remaining vertices. In addition, the reflection to the worst vertex may give
a promisingly better solution. Relying on these properties of the simplex, the
algorithm is deployed only by three operations mentioned below. Beforehand,
let us specify the following vertices for the minimization problem:

1. 2" is a vertex such that f(2") = max; {f(xi)7 1=1,2,...,n+ 1}.
2. z* is a vertex such that f(z®) = max; {f(xl),z =1,2,....n+1, i # h}.
3. 2! is a vertex such that f(z!) = min, {f(acz), 1=1,2,...,n+ 1}.
4. x% is the center of gravity of the simplex except for i # h, i.e., 2% =
n+1 i
Zi:l, i#h T /n.
By applying the following operations depending on the case, a new vertex
will be generated in turn (see also Figure B.1):
e Reflection: 2" = (1 + o)z — az",
where a(> 0) is a constant and a rate of distance (2" — %) to (2" — 2%).
This is the basic operation of this method.

2 The name is same as a method of LP.
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X

(@) (c)

Fig. B.1. Basic operations of the simplex method: (a) Reflection, (b) expansion,
(c) contraction

e Expansion: 2¢ = (1 —)z% + ya”,
where (> 1) is a constant and a rate of distance (z¢ — 2%) to (2" — 2%).
This operation takes place when the further improvement is promising
beyond z" in the direction (2" — 2¢).

e Contraction: 2¢ = (1 — 8)z% + Ba",
where 3 (< 1) is a constant and a rate of distance (z¢ — x%) to (2" —
x%). This operation shrinks the simplex when z" fails. Generally, this will
frequently appear at the end of search.

The algorithm is outlined below.

Step 1: Let t = 0. Generate the initial vertices, and specify 2", 2%, 2! among

them by evaluating each objective function, and calculate z&.
Step 2: Apply the reflection to obtain z".
Step 3: Produce a new simplex from one of the following operations.

3-1: If f(2!) < f(a") < f(2®), replace x* with z".

3-2: If f(2") < f(a!), further improvement is expectable toward 2" — 2¢.
Apply the expansion, and see whether f(z¢) < f(z") or not. If it is,
replace 2" with z¢. Otherwise go back to z", and replace 2" with z".

3-3: If f(2°) < f(2") < f(z"), apply the contraction after replacing z"
with 2", In the case of f(z") > f(2"), contract without such substi-
tution. After either of these operations, if f(x¢) < f(x"), replace 2"
with 2°. Otherwise shrink the simplex entirely toward 2!, i.e., z°:=
(' +2H/2,(i=1,2,....,n+1,i #1).

Step 4: Examine the stopping condition. If satisfied, stop. Otherwise, go back
to Step 2.

Similar to most conventional multi-dimensional optimization algorithms,
this occasionally gets stuck at a local optimum. The common approach to
resolve this problem is to restart the algorithm with a new simplex starting
at the current best value.

This method is also known as the flexible polyhedron method. Relating to
such a name, we can compare this method to one of the recent metaheuristic
methods if we view the simplex as a life like ameba. According to a certain
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stimulus, it will stretch and/or shrink its tentacle to the target, e.g., food,
chemicals, etc.

Many variants of the method exist depending on the nature of actual
problem being solved. For example, an easy extension for the constrained
problem is to move the new vertex x’ on its boundary x” when it violates
the constraints. In the case of linearly constrained problem (af'z < b;, (i =
1,2,...,m)), the boundary point is easily calculated by

2t = 2% 4 X (2% — 2M),

where \* is a constant decided from

b; —alz@ Ty
N e gy e =t s> b
The complex method developed by M.J. Box [13] is available for the con-
strained optimization problem subject to the constraints shown below,

G'<zr<H (i=1,2,...,m),

where the upper and lower constraints H® and G’ are either constants or
nonlinear functions of decision variables. The feasible region subject to such
constraints is assumed to be a convex set and there exists at least one feasible
solution in it.

Since the simplex method uses (n 4 1) vertices, its shape tends to become
flat near the boundary of the constraints as a result of pulling back the violated
vertex. Consequently, the vertex is likely to become trapped in a small sub-
space adhering to the hyper-plane parallel to the boundary. In contrast, the
complex method employs a complex composed of k (> n+1) vertices to avoid
such flattening. Its procedure is outlined below?>.

Step 1: An initial complex is generated by a feasible starting vertex and k—1
additional vertices derived from z* = G* +r;(H' — G%) ,(i=1,...,k—1)
where r; is a random number between 0 and 1.

Step 2: The generated vertices must satisfy both the explicit and implicit
constraints. If at any time the explicit constraints are violated, the vertex
is moved a small distance ¢ inside the boundary of the violated constraint.
If an implicit constraint is violated, the vertex point is moved a half of the
distance to the centers of gravity of the remaining vertices, i.e., ¥, =
(x4 +29)/2, where the center of gravity of the remaining vertices z¢ is

calculated by

3 Box recommends values of a = 1.3 and k = 2n.



140 B The Basis of Optimization Under a Single Objective

k—1

1 ) )
G __ J
¥ = 7 Qv — )

=1

This process is repeated until all the implicit constraints are satisfied.
Then the objective function is evaluated at each vertex.

Step 3 (Over-reflection): The vertex having the highest value is replaced with
a vertex 2© calculated by the following equation (see also Figure B.2):

29 = 2% + (2 — 2h).

Step 4: If € might give the highest value on consecutive trials, it is moved
a half of the distance to the center of gravity of the remaining points.
Step 5: Thus resulting vertex is checked as to whether it satisfies all con-

straints or not. If it violates any constraints, adjust it as before.
Step 6: Examine the stopping condition. If satisfied, stop. Otherwise go back
to Step 3.

XO
L]

Fig. B.2. Over-reflection of the complex method

Both methods mentioned above are called “direct search” since their al-
gorithms use only the evaluated value of the objective function. This is the
merit of the direct search since the other methods require some information
on the derivatives of function, which is not always easy to calculate in real
world problems.

In spite of this, various gradient methods are very popular for solving both
unconstrained problems and constrained ones. In the latter case, though a few
methods try to calculate the gradient through projection on the constrained
boundaries, some penalty function methods are usually employed to consider
the constraints conveniently.

The Newton—Raphson method is a straightforward extension of the New-
ton method, which is a method to solve the algebraic equation numerically.
Since the necessary conditions for optimality are given by an algebraic equa-
tion derived from first-order differentiation (e.g., Equation B.8), application
of the Newton method to the optimization needs second-order differentiation
eventually. It is known that the convergence is rapid, but the computational
load is considerable.
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As one of the most effective methods, the sequential quadratic program-

ming method (SQP) has been widely applied recently. It is an iterative solution
method that updates the tentative solution of QP successively. Owing to the
favorable properties of QP for solving problems in its class, SQP provides a
fast convergence with a moderate amount of computation.
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Appendix C

The Basis of Optimization Under Multiple
Objectives

C.1 Binary Relations and Preference Order

In what follows, some mathematical basis of multi-objective optimization
(MOP) will be summarized while leaving more detailed explanation to other
textbooks [1, 2, 3, 4, 5, 6, 7].

A binary relation R(X,Y) is a subset of the Cartesian product of the
vector set X and Y having the following properties.

[Definition 1] A binary relation R on X is

. reflexive if xRz for every x € X.

. asymmetric if Ry — not yRz for every z,y € X.

. anti-asymmetric if xRy and yRx — x =y for every z,y € X.
. transitive if xRy and yRz — xRz for every z,y,z € X.

. connected if xRy or yRx (possibly both) for every z,y € X.

Tk W N

When a set of alternatives is denoted as A, a mapping from A to the
consequence set is described such that X(A) : A — X. Since it is adequate
for the decision maker (DM) to rank his/her preference over the alternatives
in the consequence space, the following concerns should be addressed on this
set.

The binary relation < on X (A) or X 4 will be called the preference relation
of the DM and classified as follows (read © < y as y is preferred or indifferent
to ).

[Definition 2] A binary relation < on a set X4 is

1. weak order «+»= on X 4 is connected and transitive.
2. strict order «»= on X 4 is anti-symmetric weak order.
3. partial order «»= on X 4 is reflexive and transitive.

In terms of =<, two additional relations termed indifference ~ and strict
preference < are defined on X 4 as follows.
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[Definition 3] A binary relation ~ on X4 is an indifference if x ~ y —
(x <y, y < x) for every z,y € X.

[Definition 4] A binary relation < on X4 is a strict preference if x <
y < (z =<y, not y 3 x) for every z,y € X.

Now we will present some well-known properties without proof below.

[Theorem 1] If < on X4 is a weak order, then

1. exactly one of x <y, y <z, x ~ y holds for each z,y € X 4.

2. < is transitive, ~ is an equivalence (reflexive, symmetric and transitive).

3. (z=<y,y~z),—max<zand (x~y, y<z) >z <=z

4. <’ on the set of equivalence classes of X 4 under ~, X 4/ ~ is a strict order
where <’ is defined such that a =" b — z <y for every a,b € X,/ ~ and
some x € a and y € b.

From the above theorem, it is predictable that there is a real-valued func-
tion that preserves the order on X 4/ ~. In fact, such existence is proven by
the following theorem.

[Theorem 2] If < on X4 is a weak order and X4/ ~ is countable, then
there is a real-valued function u(z) on X4 such that z < y < u(z) < u(y) for
every xz,y € Xa.

The above function u(z) is termed a utility function, and is known to be
unique in the sense that the preference order is preserved regarding arbitrary
monotonic increasing transformations. Therefore, if the explicit form of the
utility function is known, multi-objective optimization is reduced to a usual
single-objective optimization of u(x).

Pareto’s Rule and Its Extremal Set

It often happens that a certain rule with preference of DM = is reflexive
but not connected. Since the preference on the extremal set! of X4 with <g,
M (X 4,=4) cannot be ordered for such a case, optimization on X4 is not
well-defined. Hence if this is the case, the main concern is to obtain the whole
extremal set M (X 4,=g4) or to introduce another rule by which a weak or
strict order can be established on it.

The so-called Pareto optimal set? is defined as the extremal set of X 4 with
=p such that the following Pareto’s rule holds.

Pareto’s rule: x =, y <>  — y is contained in the nonnegative orthant.

Since the preference in terms of Pareto’s rule is known to be only a par-
tial order, it is impossible to order the preference on M (X4, <,) completely.

U If  is contained in the extremal set M (X4, <q), then there is no such z (# #)
that £ =4 Z in Xa.
2 The term non-inferior set or non-dominated set is used interchangeably.
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Table C.1. Classification of multi-objective problems

When How to Representative methods
Prior Lottery Optimize utility function
Non-interactive|Optimal weighting method
inquiry Lexicographical method
Goal programming
Optimi- | Gradual Derived from single-objective optimization
zation Interactive |*Heuristic/Random search, IFW, SWT
inquiry *Pair-wise comparison method, simplex method

Interactive goal programming
*STEM, RESTEM, Satisfying tradeoff method

Preserved Pair-wise  |AHP
comparison |MOON?, MOONZF

Analysis - Schematic |e-constraint method,
weighting method, MOGA

However, noticing that =<, is a special case of <4 (this implies that <,C=y),
the following relation will hold between extremal sets:

M(XA7 jp) 2 M(XA7 jd)

This implies that the Pareto optimality is the condition necessary at least
in the multi-objective optimization. Hence, another rule becomes essential for
choosing the preferentially optimal solution or the best compromise solution
from the Pareto optimal set.

C.2 Traditional Methods

There are a variety of methods for MOP so far, and they are classified as
summarized in Table C.1. Since the Pareto optimal solution plays an im-
portant role, its derivation has been a major interest in the earlier studies
to the recent topics associated with metaheuristic approaches mentioned in
Sect. 2.2. Roughly speaking, solution methods of MOP are classified into prior
and interactive methods. Since the prior articulation methods try to reveal
the preference of the DM prior to the search process, no articulation is done
during the search process. On the other hand, the interactive methods can ar-
ticulate the conflicting objectives adaptively and elaborately during the search
process. For these reasons, the interactive methods are used popularly now.

C.2.1 Multi-objective Analysis

As mentioned already, obtaining the Pareto optimal solution (POS) set or
non-inferior solution set is a primal procedure for MOP. Moreover, in the case
where the number of objectives is small enough to depict POS set graphically,
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say no more than three, it is possible to choose the best compromise solution
based on it. Therefore, a brief explanation of generating methods of the POS
set will be described below in the case where the feasible region is given by

X={z]gi(z) 20 (j=1,...,m), > 0}.
A. The Weighting Method and the e-constraint Method

Both the weighting method and the e-constraint method are well-known as
methods for generating the POS set. These methods are considered as the first
approaches to multi-objective optimization. According to the KKT conditions,
if 2* is a POS, then there exists such w; > 0 and strictly positive for 3j,
(j=1,...,N)and \; >0, (j =1,...,m) that satisfy the following Pareto
optimal conditions?:

e X
)\j?vj(i‘*)z() (j=1,...,m) .
> i1 wi(0f;/0x)ae — 3771 Aj(0g/0x)4- = 0

Inferring from these conditions, we can derive the POS set by solving
the following single-objective optimization problem repeatedly while varying
weights of the objective functions parametrically [8]:

N
[Problem] min ijfj(x) subject to =z € X.

Jj=1

On the other hand, the e-constraint method is also formulated by the
following single-objective optimization problem:

[Problem] min  f,(z)
reX
fJ(I) Sf;—i_ej (j:L...,N, ]7&]9) ’

where f, and f; represents a principal objective and an optimal value of
fj(z), respectively. Moreover, €;(> 0) is an amount of degradation of the j-th
objective function. In this case, by varying €; parametrically, we can obtain
the POS set.

From a computational aspect, however, these generation methods unfor-
tunately require much effort to draw the whole POS set. Such efforts expand
as rapidly as the increase in the number of objective functions. Hence, these
methods are amenable for dealing with cases with two or three objectives
where the tradeoff on the POS set can be observed visually. They are useful
for generating a POS as a candidate solution in the iterative search process.

subject to {

3 These conditions are necessary and when all f;(z) are convex functions and X is
a convex set, they become sufficient as well.
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C.2.2 Prior Articulation Methods of MOP

This section shows a few methods that belong to the prior articulation meth-
ods in the earlier stage of the studies. A common idea in this class is to obtain
a unified objective function first, and derive a final solution from the resulting
single-objective function.

A. The Optimal Weight Method

The best-compromise solution must be located on the POS set that is tangent
to the indifference curve. Here, the indifference curve is a solution set that
belongs to the equivalence class of a preferentially indifferent set.

Noticing this fact, Marglin [9] and Major [10] have shown that the slope of
the tangent plane at the best compromise is proportional to the weights that
represent a relative importance among the objectives. Hence if these weights,
called the optimal weight w*, are known beforehand, the multi-objective op-
timization problem refers to a usual single-objective problem,

N
[Problem| min Zw;fj (z) subject to z € X.
j=1

However, in general, since it is almost impossible to know such an optimal
weight a priori, iteration becomes necessary to improve the preference of so-
lution. Starting with an initial set of weights, the DM must adjust the weights
to articulate the conflicting objectives. The major difficulty in this approach
is that the optimal weight should be inferred in the absence of any knowledge
about the POS set.

B. Hierarchical Methods

Though the optimal weight is hardly known a priori, we might rank the order
of importance among the multiple objectives more easily. If this is true, it
is possible to take a simple procedure as follows [11, 12]. Since the multiple
objectives are placed in order of the relative importance, the first step tries
to optimize the objective with the highest priority?,

[Problem) min fi(z) subject to x € X. (C.1)

After this optimization, the second problem will be given under the objec-
tive with the next priority,

reX
i) S ff+AfL7

where f; and Af;(> 0) represent, respectively, the optimal value of Problem
C.1 and the maximum amount of degradation allowed to improve the rest.

[Problem] min fo(z) subject to {

4 The suffix is supposed to be renumbered in the order of importance.
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Continuing this procedure in turn, the final problem will be solved for the
objective with the lowest priority as follows:

[Problem] min fy(z)
reX
file) < fr+Af(G=1, ..., N-1)"

Though the above procedures are intelligible, applications seem to be re-
stricted mainly due to the two defects. It is often hard to order the objectives
lexicographically following the importance beforehand. How to decide the al-
lowable degradation in turn (Afy, Afs, ..., Afn_1) is another difficulty.

Consequently, these methods developed in the earlier stage seem to be
applicable only to the particular situation in reality.

subject to {

C. Goal Programming and Utility Function Theory

Goal programming was originally studied by Charnes and Cooper [13] for
linear systems. Then it was extended and applied to many cases by many
authors. A basic idea of the method relies on minimizing a weighted sum of
the absolute deviations from an ideal goal,

N
[Problem] min ij|dj|
j=1

subject to {CEEX
u 7 . ,
! file) = fr<d; (G=1, ..., N)

where f?‘ is the ideal value for the j-th objective that is set forth by the
DM, and each weight w; should be specified according to the priority of the
objective.

Goal programming has computational advantages particularly for linear
systems with linear objective functions, since it refers to LP. In any case,
it has a potential use when the ideal goal and weights can reflect the DM’s
preference precisely. It is quite difficult, however, to obtain such quantities
without any knowledge about what tradeoffs are embedded in the POS set.
In addition to it, it should be noticed that the improper selection of the ideal
goal cannot yield a POS from this optimization. Therefore, setting the ideal
goal is especially important for goal programming.

Utility function theory has been studied mainly in the field of economics
and applied to some optimizations in engineering field. The major concerns of
the method refer to the assessment of the utility function and its evaluation.
The utility function is generally a function of multiple attributes that takes
a greater value for the consequence more preferable to DM. The existence
of such function is proven as shown in Theorem 2 in the preceding section.
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Fig. C.1. General framework of the solution procedure of an interactive method

Hence, if the explicit form of the utility function is known, MOP also refers to a
single-objective optimization problem searching the alternative that possesses
the highest utility in the feasible region. However, no general specification
rules deciding a form of the utility function exist except for the condition that
it must monotonically increase as the preference of the DM increases.

Identification of the utility function is, therefore, not an easy task and is
peculiar to the problem under consideration. Since a simple form of the utility
function is favorable for application, many efforts have been paid to obtain
the utility function with a suitable form under mild conditions. The simplest
additive form is derived under the conditions of the utility independence of
each objective and the preference independence between the objectives. A
detailed explanation regarding the utility function theory is found in other
literatures [14, 6].

C.2.3 Some Interactive Methods of MOP

This class of methods relies on iterative procedures, each of which consists of
a computational phase by computer and a judgment phase by DM. Through
such human—machine interaction, the DM’s preference is articulated progres-
sively. Referring to the general framework depicted in Figure C.1, it is possible
to invent many methods by combining reference items for adjusting, avail-
able information in tradeoff, and decision rules to obtain a tentative solution.
Commonly, the DM is required to assess his/her preference based on the local
information around a tentative solution or by direct comparison between the
candidate solutions. Some of these methods will be outlined below.

Through the assessment of preferences in objective space, the Frank—Wolf
algorithm of SOP is extended to MOP [15] assuming the existence of an
aggregating preference function U(f(x)). U(:) is a monotonically increasing
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function with f, and is known only implicitly. The hill climbing technique
employed in non-linear programming is used to increase the aggregating pref-
erence function most rapidly. For this purpose, the direction search problem is
solved first through the value assessment of the DM to the tentative solution
&% at the k-th step,

N
[Problem] max wa(—afj/(?m)iky subject to y € X,
j=1

where w¥(j = 1,..., N) is defined as

wh = (0U/f;)/(0U)0fy)sr (=1, ..., N, j #p).

Since the explicit form of the aggregating function U(f(x)) is unknown
a priori, the approximate values of wf must be induced from the DM as
the marginal rates of substitution (MRS) of each objective to the principal
objective function f,. Here MRS between f,, and f; is defined as a rate of loss
in f, to the gain at f;,(j = 1,...,N,j # p) when the DM is indifferent to
such changes while all other objectives are kept at their current values.

Then, a one-dimensional search is carried out in the steepest direction
thus decided, i.e., y — #*. By assessing the objective values directly, the DM
is required to judge how far the most preferable solution will be located in
that direction. The result provides an updated solution. Then going back to
the direction search problem, the same procedures will be repeated until the
best compromise solution is attained.

The defects of this method are as follows:

1. Correct estimation of the MRS is not easy in many cases, though it might
greatly influence the convergence of the algorithm.

2. No significant knowledge about trade-off among the candidate solutions
can be conceived by the DM, since most of the solutions obtained in the
course of the iteration do not belong to the POS set.

In the method by Umeda et al. [16], the weighted sum of each objective
function is used as a basis for generating a candidate solution,

N
[Problem] min ijfj(x) subject to {:1: %\/X .
= Zj:l w; =1
Supposing that the candidate solution can be generated corresponding to
the different sets of weights, the search incorporated with value assessment by
the DM can be carried out conveniently in the parametric space of weights.
The simplex method [17] in non-linear programming is used to search the
optimal weights with a technique of pair-wise comparison for evaluating the
preference between the candidates. The ordering among the vertices shown
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Fig. C.2. Solution process of the interactive simplex method

in Figure C.2 is carried out on the basis of preference instead of the values
in the original SOP method. Since this method requires no quantitative reply
from the DM, it seems suitable for the nature of human beings. However,
the pair-wise comparison becomes increasingly troublesome and is likely to
be inconsistent as the number of objective functions increases. It is possible
to develop a similar algorithm in e-space by using the e-constraint method to
derive a series of candidate solutions.

Geometrical understanding of MOP claims that the best compromise so-
lution must be located at the point where the trade-off surface and the in-
difference surface are tangent with each other. Mathematically this requires
that the tradeoff ratio to the principal objective is equivalent to the MRS at
the best compromise point f*,

6pj(f*):mpj(f*) (j:].,...,N, j#p% (02)
where 3,; and m,,; are the tradeoff ratio and the MRS of the j-th objective
to the p-th objective, respectively. Noticing this fact, Haimes and Hall [18, 19]
developed a method termed the surrogate worth tradeoff (SWT) method. In
SWT, the tradeoff ratio can be obtained from the Lagrange multipliers for
the active e-constraint whose Lagrange function is given as follows:

N
Liz, \) = fom) + Y Milfi(@) = f7 =€),

J=1j#p

where A\p;, (j =1,...,N,j # p) are Lagrange multipliers.

To express Ap;j or (p; as a function of f,(x), Haimes and Hall used regres-
sion analysis. For this purpose, the e-constraint problem is solved repeatedly
by varying a certain ¢;, (3j # p) parametrically while keeping other e con-
stant. Instead of evaluating Equation C.2 directly, the surrogate worth func-
tion Wp,;(f) is introduced to reduce the DM’s difficulties to work with this.
The surrogate worth function is defined as a function that indicates the degree
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of satisfaction of each objective with the specified objective in the candidate
solution. This is usually an integer-valued function of ordinal scale varying on
the interval [—10,10]. The positive value of this function means that further
improvement of the j-th objective is preferable as compared with the p-th ob-
jective, while the negative value corresponds to the opposite case. Therefore,
the indifference band of the j-th objective is attained at the point where Wp;
becomes zero, as shown in Figure C.3. Here, the indifference band is defined
as a subset of the POS set where the improvement of one objective function is
equivalent to the degradation of the other. In the SWT method, a technique
of interpolation is recommended to decide this indifference band.

Based on the DM’s assessment by the surrogate worth function, the best
compromise solution will be obtained from the common indifference band of
every objective. This is equivalent that the following conditions are satisfied:

Wp](f*)zo (.]:Lva.]?ép)

The major difficulty of this method is the computational load when as-
sessing the surrogate worth function that expands rapidly as the number of
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objectives increases. Additionally, the method has such a misunderstanding
that the ordinal scale of the surrogate worth function is treated as if it might
be cardinal.

The step method (STEM) developed by Benayoun et al. [20] is viewed
as an interactive goal programming. In STEM, closeness to the ideal goal
is measured by Minkowski’s p-metric in objective space. (p = oo is chosen in
their method.) At each step, the DM interacts with the computer to articulate
the deviations from the ideal goal or to rank the relative importance under
the multiple objectives. At the beginning of the procedure, a pay-off matrix
is constructed by solving the following scalar problem:

[Problem] min f;j(x) subjectto =€ DF (Vj e IF 1),

where D* denotes a feasible region at the k-th step. It is set at the original
feasible region initially, i.e., D' = X.

The (¢, j) element of the pay-off matrix shown in Figure C.4 represents the
value of the j-th objective function evaluated by the optimal solution of the
i-th problem z7, i.e., f;(z}). This pay-off matrix provides helpful information
to support the interactive correspondences. For example, a diagonal set of the
matrix can be used to set up an ideal goal where any feasible solution cannot
attain in any way. On the other hand, from a set of values in each column, we
can observe the degree of variation or sensitivity of the objective with respect
to the different solution, i.e., ¥, (i =1,...,N).

Since the preference will be raised by approaching the ideal goal, a solution
nearest to the ideal goal may be chosen as a promising preferential solution.
This idea leads to the following optimization problem, which is another form
of the min-max strategy based on the L., measurement in the generalized
metric:

x € DF

A2 W) - 1) G =1, W), ()

[Problem| min A subject to {

where wf represents a weight on the deviation of the j-th objective value from
its ideal value at the k-th step. It is given as wf =1/f; and Zj w; = 1.

S19={1,...,N}
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In reference to the pay-off matrix, the DM is required to classify each
objective value of the resulting candidate solution fj’? into a satisfactory class
I* and an unsatisfactory class I¥. Moreover, for Vj € I¥ the DM needs to
respond the permissible amounts of degradation Af; that he/she can accept
for the tradeoff. Based on these interactions, the feasible region is modified
for the next step as follows:

fi(z) < ff ("j€1})

Also, new weights are recalculated by setting the weights equal to zero for
the objectives that have already been satisfied, i.e., Vj € I*¥. Then going back
to Problem C.3, the same procedure will be repeated until the index set I*
becomes empty.

Shortcomings of this method are the following:

DF+1 — Dk A {x fi(x) < ka"'Afj (" Elf)}, (C.4)

1. The ideal goal will not be updated along with the articulation. Hence the
weights calculated based on the non-ideal values at the current step are
likely to be biased.

2. Nevertheless it is not necessarily easy for the DM to respond the amounts
of degradation Af;; the performance of the algorithm depends greatly on
their proper selection.

The revised method of STEM termed RESTEM [21] has much more flexi-
bility in the selection of degradation amounts, and also gives more information
to aid the DMs interaction. This is brought about by updating the ideal goal
at each step and by introducing a parameter that scales the weight properly.
This method solves the following min-max optimization® to derive a candidate
solution in each step:

x € DF

[Problem] min A subject to {A > wi(fi(z) = f;*) (G=1,...,N)"

where fi’”c denotes the ideal goal updated at each iteration given as follows:
fi*k = {Gf’ (vi € 15_1)7 fz‘kilv (vi € I§_1>}’

where, G¥ (Vi € I¥~1) denotes the i-th diagonal value of the k-th cycle pay-off
matrix, and f¥71, (Vi € I¥=1) the preferential value at the preceding cycle.

5 The following augmented objective function is amenable to obtaining practically
the strict Pareto optimal solution:

[Problem] min X+ €( Z wf(fl(x)—fl*k)—k Z wf(fi(ét)—ff_l)),

ierk—t ierk—t

where € is a very small value.
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Moreover, each weight w! is computed by the following equation:

N
ot =ty 3o
=1
GE—fit . _
(- (G ) () i ety
J J

where aff = e y . )
w () (7). cie sy
J J

where parameter p is a constant to scale the degree of the DM’s tradeoff be-
tween the objectives in I and I,,. When p = 0, the DM will try to improve the
unsatisfied objectives at the expenses of the satisfied objectives by degrading
by A ff‘l in the next stage. This corresponds to the algorithm of STEM in

which the selection of A fjl-“1 plays a very important role. On the contrary,
when p = 1, the preferential solution will stay at the previous one without
taking part in the tradeoffs at all. By selecting a value between these two ex-
tremes, the algorithm can possess a flexibility against the improper selection
of Af;. This property is especially important since every DM may not always
conceive his/her own preference definitely.

Then the admissible region is revised as Equation C.4, and the same pro-
cedure will be repeated until every objective has been satisfied.

This method is successfully applied to a production system [22] and a
radioactive waste management [23] system and its expansion planning [24].
Another method [25] uses another reference such as aspiration level to specify
the preference region more compactly, and is more likely to lead the solution
to the preferential optimum.

Evaluation of the interactive method was compared among STEM, IFW
and a simple trial and error procedure [26]. A benchmark problem is solved on
a fictitious company management problem under three conflicting objectives.
Then the performance of the methods is evaluated by the seven measures
listed below.

1. The DM’s confidence in the best compromise solution.

2. Easiness of the method.

3. Understandability of the method logic.

4. Usefulness of information provided to aid the DM.

5. Rapidity of convergence.

6. CPU time.

7. Distance of best compromise solution from the efficient (non-inferior) sur-
face.

Since the performance of the method is strongly dependent on the problem
and the characteristics of the DM, no methods outperformed the others in all
the above aspects.
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Fig. C.5. Example of car selection

C.3 Worth Assessment and the Analytic Hierarchical
Process

The methods described here enable us to make a decision under multi-
objectives among a number of alternatives in a systematic and plain manner.
We can use the methods for planning, setting priorities and selecting the best
choice.

C.3.1 Worth Assessment

According to the concept of worth assessment [27, 28], an overall preference
relation is described by the multi-attributed consequences or objectives that
are structured in a hierarchy. In the worth assessment, the worth of each al-
ternative is measured by an overall worth score into which every score should
be combined. The worth score assigned to all possible values of a given perfor-
mance measure must range commonly on the interval [0, 1]. This also provides
a rather simple procedure to find out the best choice among a set of alterna-
tives by evaluating the overall worth score.

Below, major steps of the worth assessment are shown and some explana-
tions are given for an illustrative example regarding the best car selection as
shown in Figure C.5.

Step 1: Place a final objective for the problem-solving under consideration
at the highest level. (The “best” car to buy.)

Step 2: Construct an objective tree by dividing the higher level objectives
into several lower level objectives in turn until the overall objectives can
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be defined in enough detail. (“Best” for the car selection is judged from
three lower level indicators, i.e., “cost, aesthetics, and safety”. At the next
step, “cost” is divided into “initial” and “maintenance”, and so on.)

Step 3: Select an appropriate performance measure for each of the lowest
level objectives. (Say, the initial cost in money (dollars).)

Step 4: Define a mathematical rule to assign a worth score to each value of
the performance measure.

Step 5: Assign weights to represent a relative importance among the objec-
tives that are subordinate to the same objective just by one level higher.
(Child indicators that influence their parent indicator.)

Step 6: Compute an effective weight p; for each of the lowest level objectives
(leaf indicators). This will be done by multiplying the weights along the
path from the bottom to the top in the hierarchy.

Step 7: The effective weight is multiplied by the adjustment factor «; that
reflects the DM’s confidence placed in the performance measures.

Step 8: Evaluate an overall worth score by >, &;S;(A;), where S;(A;) de-
notes the worth score of alternative A; from the i-th performance measure
and §; an adjusted weight, i.e., & = a;p; /X ;.

Step 9: Select the alternative with the highest overall worth score.

C.3.2 The Analytic Hierarchy Process (AHP)

The analytic hierarchy process (AHP) [29] is a multi-objective optimization
method based on a hierarchy that structures the value system of the DM.
By just carrying out the simple subjective judgments in terms of a pair-
wise comparison between decision elements, the DM can choose the most
preferred solution among a finite number of decision alternatives. Just like
the worth assessment method, it begins with constructing an objective tree
through breaking down successively the upper level goals into their respective
sub-goals” until a value system of the problem has been clearly defined. The
top level of the objective tree represents a final goal relevant for the present
problem-solving, while the decision alternatives are placed at the bottom level.
The alternatives are connected to every sub-goal at the lowest level of the
constructed objective tree. This last procedure is definitely different from the
worth assessment method where the alternatives are not placed (see Figure
C.6).

Then the preference data collected from the pair-wise comparisons men-
tioned below is used to compute a weight vector to represent a relative im-
portance among the sub-goals. Though the worth assessment asks the DM
directly respond to such weights, the AHP requires only the relative judg-
ment through pair-wise comparison, which is easier for the DM. This is also
different from the worth assessment method and a great advantage over it.

7 It does not matter even if they are qualitative sub-goals like the worth assessment
method.
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Fig. C.6. An example of the hierarchy of AHP

Table C.2. Conversion table.

Linguistic statement aij
Equally 1
Moderately 3
Strongly 5
Very strongly 7
Extremely 9

Intermediate judgments 2,4,6,8

Finally, by using the aggregating weights over the hierarchy, the rating of each
alternative is carried out to make a final decision.

At the data gathering step of AHP, the DM is asked to express his/her
relative preference for a pair of sub-goals. Such responses take place by us-
ing linguistic statements, and are then transformed into the numeric score
through the conversion table as shown in Table C.2. After doing such pair-
wise comparisons repeatedly, a pair-wise comparison matrix A is obtained,
whose i-j element a;; represents a degree of relative importance for the j-th
sub-goal f7 to the i-th f?. Assuming that the value represents the rate of de-
gree between the pair, i.e., a;; = w; /w;, we can derive two apparent relations
like a;; = 1 and a;; = 1/a;;. This means that we need only N(N — 1)/2 pair-
wise comparisons over N sub-goals. Moreover, transitivity in relation, i.e.,
aij - Qi = ik, (Vi,j, k) must hold from the definition of the pair-wise com-
parison. Therefore, for example, if you say “I like apples more than oranges”,
“I like oranges more than bananas”, and “I like bananas more than apples”,
you would be very inconsistent in your pair-wise judgments.
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Eventually, the weight vector is derived from the eigenvector corresponding
to the maximum eigenvalue A4, of A. Equation C.5 is the eigenequation to
calculate the eigenvector , which is normalized to be Y w; = 18,

(A=A =0, (C.5)

where I denotes a unit matrix, and w; = wi(AmX)/ziNzl Wi (Amax), (I =
1,...,N).

In practice, before computing the weights, a degree of inconsistency is
measured by the consistency index CI defined by Equation C.6,

o = dmax =NV
N -1

Perfect consistency implies a value of zero of CI. However, perfect consis-
tency cannot be demanded since subjective judgment of human beings is often
biased and inconsistent. It is empirically known that the result is acceptable
if CI <0.1. Otherwise the pair-wise comparison should be revised before the
weights are computed. There are several methods to fix various shortcomings
associated with the inconsistent pair-wise comparisons as mentioned in Sect.
3.3.3.

Thus calculated weights for every cluster of the tree are used to derive the
aggregating weights for the lowest level objectives that are directly connected
to the decision alternatives. By adding the evaluation among the alternatives
per each objective®, the rating of the decision alternatives is completed from
the sum of weighted evaluation since the alternatives are connected to all of
the lowest level objectives. The largest rating represents the best choice. This
totaling method is just the same as that of the worth assessment method.

The outstanding advantages of AHP are summarized as follows.

(C.6)

1. It needs only simple subjective judgments in the value assessment.

2. It is one of the few methods where it is possible to perform multi-objective
optimization with both qualitative and quantitative attributes without
paying any special attention.

These are the major reasons why AHP has been applied to various real
world problems in many fields. In contrast, the great number of pair-wise com-

parisons necessary to do in the complicated applications is the inconvenience
of AHP.

8 There are some mathematical techniques such as eigenvalue, mean transforma-
tion, and row geometric mean methods.

9 Just the same way as the weighting of the sub-goals is applied among the set of
alternatives.
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Appendix D

The Basis of Neural Networks

In what follows, the neural networks employed for the value function modeling
in Sect. 3.3.1 are introduced briefly, while leaving the detailed description to
another book [1]. Another type known as the cellular neural network appeared
in Chap. 4 for intelligent sensing and diagnosis problems.

D.1 The Back Propagation Network

The back propagation (BP) network [5, 2] is a popularly known feedforward
neural network as depicted in Figure D.1. It consists of at least three layers of
neurons fully connected to those at the next layer. They are an input layer,
middle layers (sometimes referred to hidden layers), and an output layer. The
number of neurons and layers in the middle should be changed based on the
complexity of problem and the size of inputs.

A randomized set of weights on the interconnections is used to present the
initial pattern to the network. According to an input signal (stimulus), each
neuron computes an output signal or activation in the following way. First,

Input layer Hidden layers Output layer

Fig. D.1. A typical structure of the BP network
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. . . . . —1 -
the total input z7 is computed by multiplying each output signal y;"" " times

. . . -1
the random weight on that interconnection wfjn ,

T} = Zw;}’"_lyffl, Vj € n— — layer.
K3
Then this weighted sum is transformed by using an activation function f(x)
that determines the activity generated in the neuron by the input signal. A
sigmoid function is typically used for such a function. It is a continuous, S-
shaped and monotonically increasing function and asymptotically tends to the
fixed value as the input approaches +oco. Setting the upper limit to 1 and the
lower limit to 0, the following formula is widely used for this transformation:

yi = f(a}) =1/(1 +exp” @ F0)),

where 6; is a threshold. Throughout the network, outputs are treated as inputs
to the next layer. Thus the computed output at the output layer from the
forward activation is compared with the desired target output values to modify
the weights iteratively. The most widely used method of the BP network tries
to minimize the total squared error in terms of the d—rule. It starts with
calculating the error gradient J; for each neuron on the output layer K,

6 =y (L—y;)(dj —y"),

where d; is the target value for output neuron j.
Thus the error gradient is determined for the middle layers by calculating
the weighted sum of errors at the previous layer,

07 =y (L—y) Do e
k

Likewise, the errors are propagated backward one layer. The same proce-
dure is applied recursively until the input layer has been reached. To update
the network weights, these error gradients are used together with a momen-
tum term that adjusts the effect of previous weight changes on present ones
to adjust the convergence property,

n,n—1 _ . nn—1 n,n—1
W5 (t+1)= Wi (t) + Awij (t)

and

3

n,n—1 _ n, n—1 n,n—1
Aw; 2" (1) = B8}y + adw" (- 1),

where ¢t denotes the iteration number, 3 the learning rate or the step size dur-
ing the gradient descent search, and a a momentum coefficient, respectively.

In the discussion so far, the BP is viewed as a descent algorithm that
tries to minimize the average squared error by moving down the contour of
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Output layer

Fig. D.2. Traditional structure of the RBF network

the error curve. In real world applications, since the error curve is a highly
complex and multi-modal curve with various valleys and hills, training the
network to find the lowest point becomes more difficult and challenging. The
following are useful common training techniques [3]:

1.

Reinitialize the weights: This can be achieved by randomly generating the
initial set of weights each time the network is made to learn again.

Add step change to the weights: This can be achieved by varying each
weight by adding about 10% of the range of the oscillating weights.
Avoid over-parameterization: Since too many neurons in the hidden layer
cause poor predictions of the model, the network design with reasonable
limits is desirable.

Change the momentum term: Experimenting with different levels of the
momentum term will lead to the optimum very rapidly.

Avoid repeated or less noisy data: As easily estimated, duplicated infor-
mation is harmful to generalizing their features. This can also be achieved
by adding some noise to the training set.

Change the learning tolerance: If the learning tolerance is too small, the
learning process never stops, while a too large tolerance will result in poor
convergence. The tolerance level should be adjusted adequately so that no
significant change in weights is observed.

D.2 The Radial-basis Function Network

The radial basis function (RBF) network [4] is another feedforward neural
network whose simple structure (one output) is shown in Figure D.2. Each
component of input vector z feeds forward to the neuron at the middle layer
whose outputs are linearly combined with the weight w to derive the output,

y(z) = ijhj(x)v
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where y denotes an output of the network and w a weight vector on the inter-
connection between the middle and output layers. Moreover, h;(-) is an output
from the neuron at the middle layer or input to the output layer.

The activation function of the RBF network is a radial basis function that
is a special class of function whose response decreases (or increases) mono-
tonically with distance from a center. Hence, the center, the distance scale,
and the type of the radial function become key parameters of this network. A
typical radial function is the Gauss function that is described, for simplicity,
for a scalar input as

(z—o)?

h(l’) = eXp(_ 2 )7

r
where ¢ denotes the center and r the radius.

Using a training data set such as (z¢, d*), (i = 1,...,p), an accompanying
form of the sum of the squared error F is minimized with respect to the
weights (d* denotes an observed output for input z?),

p m
i=1 j=1
where A;,(j = 1,...,m) denotes regularization parameters to prevent the

individual data from sticking to too much or from overlearning. For a single
hidden layer network with the activation function fixed in position and size,
the expensive computation of the gradient descent algorithms used in the BP
network is unnecessary for the training of the RBF network. The above least
square problem refers to a simple solution of the m-dimensional simultaneous
equations described in matrix form as follows:

Aw = H"d,
where A is a variance matrix, and H a design matrix given by

hi(zt) ho(zt) -+ hpm(zh)
Ba(22) ha?) -+ o (22)

h1(xp) hg(.fp) R hm(.fp)
Then A1 is calculated as
A7V = (HTH + )7,

where A is a diagonal matrix whose elements are all zero except for those
composed of the regularization parameters, i.e., {A}; = ;. Eventually, the
optimal weight vector that minimizes Equation D.1 is given as
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w=A"THTy.

Favorably, the RBF network enables us to model the value function adap-
tively depending on the unsteady decision environment often encountered in
real world problems. For example, in the case of adding a new training pat-
tern p + 1 after p, the update calculation is given by Equation D.4 using the
relations in Equations D.2 and D.3,

A, =HIH, + A, (D.2)
H,
HP+1 = |:th :| ) (D3)
p+1
A hy b AT
DS e e M i e (D.4)

L+ hy oy Ay e
where H, = (h1, ha, ..., h,) denotes the design matrix of the p-pattern.

On the other hand, when removing an i-th old training pattern, we use
the relation in Equation D.5,

A hih] AT
Al =A7 42 P (D.5)
P P14+ n Ay

Since the load required for these post-analysis operations! are considerably

reduced, the effect of time saving is obvious as the problem size becomes large.
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Appendix E

The Level Partition Algorithm of ISM

In what follows, the algorithm of ISM method [1, 2] will be explained by
limiting the concern mainly to its level partition. This procedure starts with
defining the binary relation R on set S composed of n elements (s1, sa, . .., Sn).
Then it is described as s; Rs; if s; has relation R with s;. The ISM is composed
of the following three major steps.

1. Enumerate elements to be structured in S, {s;}.

2. Describe a context or content of relation R to specify a pair of the ele-
ments.

3. Indicate a direction of the relation between every pair of element s;Rs;.

Viewing each element and relation as node and edge, respectively, such
a consequence can be represented by a digraph as shown in Figure E.1. For
numerical processing, however, it is more convenient to describe it by a binary
matrix whose (i, 7) element is given by representing the following conditions:

a;; =1, if i relates with j
a;; = 0, otherwise ’

Fig. E.1. Example of a digraph

The collection of such a relationship over every pair builds a binary matrix.
From the thus derived matrix A, called the adjacency matrix, the reachability
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matrix 7" is derived by repeating the following matrix calculation on the basis
of Boolean algebra:

T=A+D'=(A4+DF# A+ D)L
Then, two kinds of set are defined as follows:

{R(Si) = {51 S S|m” = 1}
A(Sl) = {Sl S S|mﬂ = 1} ’

where R(s;) and A(s;) denote a reachable set from s; and an antecedent set
to s;, respectively. In the following, R(s;) N A(s;) means the cap of R(s;) and

Finally, the following procedure derives the topological relation or hierar-
chical relationship among the nodes (level partition):

StepO: Let L():(ZS7 T():T, SOZS,jzl

Step 1: From Tj—l for Sj—17 obtain Rj—l(si) and Aj_l(si).

Step 2: Let us identify the element that holds R;_1(s;)NA;j_1(s:) = Rj_1(s:),
and include it in L;.

Step 3: If S; = S;_1 — L; = {¢}, then stop. Otherwise, let j := j + 1 and go
back to Step 1.

The result of the level partition makes the set L group into its subset L;
as follows:

L=1L, Lo,....,-Lu,

where Ly stands for the set whose elements belong to the top level, and L,
locates at the bottom level. Finally, ISM can reveal a topological configuration
of the entire members of the system. For example, the foregoing graph is
described as shown in Figure E.2.

()
OB O=—0
&)

Fig. E.2. ISM structural model
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Based on the above procedure, it is possible to identify the defects con-
sidered in the value function modeling in Sect.3.3.1. First let us recall that
from the definition of the pair-wise comparison matrix (PWCM), any of the
following relations holds:

If i > f7, then a;; > 1.
If f* ~ f7, then a;; = 1.
If fl < fj, then a5 < 1.

Hence transforming each element of PWCM using the relation

gj =1, lf A5 > 1,
' :1*, 1faij:1,

ij
Lo=0, if a;; <1,

ij

S

we can transform the PCWM into a quasi-binary matrix. Here, to deal with
the indifference case (a;; = 1) properly in the level partition of ISM, notation
1* is introduced, and defined by the following pseudo-Boolean algebra:

e Ix1*=1% 1"x1*=0, 1*x0=0
F+1* =1, 1+1*=1, 1* +0=1*

Then, at each level Ly revealed by applying the level partition of ISM, we
have the consequence where Ry, (s;) # si,Vs; € Ly causes a conflict on the
transitivity. Here Ry, denotes the reachable set from s; in level L.
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direct search, 140
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distribution, 57
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flexibility, 60

flexibility analysis, 68

flow shop scheduling, 110
Fourier transform, 8

Frank—Wolf algorithm, 149
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Gauss function, 166
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generation, 15
genetic algorithm, see GA
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optimization, 22, 135
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goal programming, 148
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grain of quantization, 94
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greedy algorithm, 24
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hard variable, 68

hierarchical method, 147

hybrid approach, 7, 36
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ideal goal, 153
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image processing, 7
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information technology, see IT
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injection sequencing, 39, 48
input, 3, 125
integer program, see IP
integrated optimization, 105
intelligent agent, 5
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manufacturing system, 1
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mathematical programming, see MP
Maxwell-Boltzmann distribution, 24
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mechanism, 3, 125

memetic algorithm, 34

merge, 56
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meta-model-base, 101

metaheuristic, 5, 6, 9, 13

MILP, 106

min-max strategy, 153

minimum cost flow problem, see MCF
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momentum term, 164
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MOSC, 96
MP, 36, 129
MRS, 150, 151
multi-objective analysis, 86, 145
multi-objective evolutionary algorithm,
see MOEA
multi-objective genetic algorithm, see
MOGA
multi-objective optimization, see MOP
multi-objective scheduling, 105, 108
multi-skilled operator, 54
multi-start algorithm, 21
multiple allocation, 39
mutant vector, 28, 29
of ADE, 30
mutation, 15, 19
of ADE, 30
of DE, 28
mutation rate, 63

nadir, 88, 116

natural selection, 14

neighbor, 23, 26, 32, 53

neighborhood, 24

network linear programming, 134

neural network, see NN

neuron, 163

Newton—Raphson method, 140

niche count, 84

niche method, 82

niched Pareto genetic algorithm, see
NPGA

NLP, 36, 135

NN, 2, 5, 6, 163

non-basic variable, 130

non-dominance, 82

non-dominated rank, 85

non-dominated sorting genetic
algorithm, see NSGA-IT

non-inferior solution set, 145

nonlinear programming problem, see
NLP

NP-hard, 41, 52, 69

NPGA, 84
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numerical differentiation, 96
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one-point crossover, 94
ontology, 5, 9, 125
operation, 54, 55

optimal weight, 147
optimal weight method, 147
optimality, 131

output, 3, 125

overlearning, 166

pair-wise comparison, 88, 89, 150, 157
pair-wise comparison matrix, see
PWCM
parallel computing, 34, 38
parent, 18
Pareto
domination tournament, 84
front, 79
optimal condition, 146
optimal solution, 78, 145
optimal solution set, see POS set
ranking, 82
rule, 144
Pareto-based, 80, 82
particle swarm optimization, see PSO
pay-off matrix, 153, 154
PDCA cycle, 5, 101
penalty coefficient, 107
penalty function, 37, 61, 133
permanently feasible region, 69
phenotype, 15
pheromone trail, 34
pivot, 132
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population-based, 60, 79, 94
POS set, 78, 92, 108, 144-147
position, 32
positive definite, 136
positive semi-definite, 136
post-operation, 57
pre-operation, 57
preference relation, 143
preferentially optimal solution, 79, 102
premature convergence, 18
prior articulation method, 88, 145, 147

process, 54

production scheduling, 4
proportion selection, 17
PSO, 32

PWCM, 89, 108, 158, 171

QP, 135
quadratic programming, see QP

radial basis function, see RBF
ranking selection, 17

RBF, 88, 165, 166
reachability matrix, 170

real number coding, 22, 27, 32
reference point, 91

reference set, 34

reflection, 137

regularization parameter, 166
reproduction, 15, 16

resource, 1, 8, 54, 55

response surface method, 101
RESTEM, 154

revised simplex method, 117
Rosenbrock function, 31
roulette selection, 17

SA, 22, 39, 52, 110
saddle point, 136
SC, 5, 6, 77, 87
scaling technique, 16
scatter search, 34
scheduling problem, 39, 54
schemata, 21
SCM, 38, 39, 65
selection, 81

of ADE, 31

of DE, 27, 29
separation, 32
sequential quadratic programming, see

SQP

service level, 66
shared fitness, 84
sharing function, 82, 95
short term memory, 26
shortest path problem, 45, 135
shuffling, 81
sigmoid function, 164
signal analysis, 7
signal processing, 5
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simplex tableau, 132 tournament selection, 18
simulated annealing, see SA tradeoff
simulation-based, 101, 116 ratio, 151
single allocation, 39 surface, 151
slack variable, 131 tradeoff analysis, 69, 79, 92
small-lot-multi-kinds production, 38 training data, 90
soft computing, see SC transition probability, 24
soft variable, 68 transitivity, 158
speciation, 81 trial solution, 88, 89
SQP, 113, 141 trial vector, 29
standard form, 130, 131 TS, 26, 44, 46
stationary condition, 16, 136 two-phase method, 133
steady signal, 7
STEM, 153 uncertainty, 6, 60, 66
step method, see STEM unconstrained optimization, 135
stochastic optimization, 60 unsteady signal, 7
strict Pareto optimal solution, 154 upper aspiration level, 103
strict preference, 143 utility function, 105, 144
string, 15 utility function theory, 148
subjective judgment, 79, 104 utopia, 88, 116
supply chain management, see SCM
surrogate worth function, 151 value function, 78
surrogate worth tradeoff method, see vector evaluated genetic algorithm, see

SWT VEGA
sweep out, 133 VEGA, 80
SWT, 151 velocity, 32
systems thinking, 1

wavelet, 5

tabu list, 26, 46 transform, 8, 11
tabu search, see TS weighting method, 146
tabu tenure, 26 Wigner distribution, 8
tabu-active, 27 WIP, 48, 53
target vector, 28 work-in-process, see WIP

temperature, 23 worth assessment, 156
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