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Abstract

Knowledge, experience, and intuition are integral parts of decision making. However, these alone
are not sufficient to manage today’s industrial systems. Often predictive models are required to
weigh options and determine potential changes which provide the best outcome for a system.
In this respect, the dissertation develops approximate models, metamodels, of industrial systems
to facilitate a means to quantify system performance when the trade-off between approximation
error and efficiency (time and effort spent on model development, validation, maintenance and
execution) is appropriate.

Discrete-event simulation (DES) is widely used to assist decision makers in the management of
systems. DES facilitates analysis with high fidelity models as a consequence of its flexibility.
However, this descriptiveness introduces an overhead to model building and maintenance. Fur-
thermore, due to stochastic elements and the size of the systems modelled, model execution times
can be computationally demanding. Hence, its use in operational tasks such as design, sensitivity
analysis and optimisation can be significantly undermined when efficiency is a concern. In this
thesis, these shortcomings are addressed through research into the use of genetic programming
for metamodelling.

Genetic programming is a branch of evolutionary algorithms which emulate the natural evolu-
tion of species. It can evolve programs of a domain via symbolic regression. These programs can
be interpreted as logic instructions, analytical functions etc. Furthermore, genetic programming
develops the models without prior assumptions about the underlying function of the training
data. This can provide significant advantage for modelling of complex systems with non-linear
and multimodal response characteristics. Exploiting these properties, the dissertation presents
research towards developing metamodels of manufacturing systems (or their DES models) via
genetic programming in the context of symbolic regression. In particular, it contributes to; (1)
exploration of an appropriate experimental design method suitable to use with genetic program-
ming, (ii) to a comparison of the performance of genetic programming with neural networks,
using three different stochastic industrial problems to identify its robustness; (iii) research into

an improved genetic programming and dynamic flow time estimation.
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Part I

Introduction to Evolutionary
Metamodelling



Chapter 1
Introduction

This chapter constitutes the first part of the introduction to the dissertation prior to illustration of
the methodology in the following chapter. First, the subject of the thesis is introduced. This is
followed by a brief overview of the research approach. Next, the objectives and contributions are

summarised. Finally, the chapter describes the organisation of the dissertation.

1.1 Introduction

Management of complex systems, such as in semiconductor manufacturing, require predic-
tive models to quantify the impact on system configuration changes on system performance.
Companies like Seagate, Analog Devices and Intel struggle with being able to predict changes,
such as, product mix changes, to their systems. Several types of methodologies are available, in-
cluding analytical, static (spreadsheet) and simulation models for analysis of industrial systems,
e.g., manufacturing and supply chain systems. Analytical models are computationally efficient
methods, however, they may require restrictive assumptions to make complex systems more
tractable for modelling (Altiparmak et al., 2007). Spreadsheet simulations are primarily used;
but, provide low fidelity models as they do not capture the dynamics of the system. Spreadsheet
simulations may not be effectively utilised for modelling complex systems due to limitations
such as simple data structures static computations (Seila, 2006). In contrast, discrete-event sim-
ulation (DES) can provide accurate models; but are very difficult to develop and maintain and in
many cases take too long to execute to support planning (McNally and Heavey, 2004; Valentin
and Verbraeck, 2005). These observations about the common predictive models imply that there

is trade-off between the fidelity of the models and their efficiency !. This trade-off has motivated

1. Efficiency, in this thesis, refers to time and effort spent on model development, validation, maintenance and
execution.



the use of approximation strategies (e.g., response surface methods) as computationally efficient
metamodels of simulation models.

A metamodel > can be defined as an approximation to the underlying function of a system
response dependent on a set of input-output (I/O) observations obtained from the system decision
space. Typically, the response (output, performance) from a system (or its simulation) is sampled
at different settings of its decision (input, process, predictor) variables. This generates a set of
training data which maps input configurations to corresponding responses from the system. Next,
a model, which is assumed to represent the response behaviour, is fitted to the training data
by using regression analysis. Traditionally, regression refers to the use of numeric techniques
to iteratively minimise the errors against training data by estimating model parameters (e.g.,
coefficients, constants, etc.). Such a procedure can produce metamodels with high execution
speed like analytical models and with the accuracy of simulation models. The convenience and
usefulness of such approximate models are illustrated in previous studies (Li et al., 2008; Person
et al., 2008; Li et al., 2010).

This dissertation aims to develop predictive models of manufacturing systems using a multi-
variate regression method, genetic programming (GP) based symbolic regression (SR). GP is a
tree-based evolutionary algorithm (EA) which emulates the natural evolution of species. EAs are
population based meta-heuristics developed for solving difficult optimisation problems. The no-
tion of population in EAs provides them with the ability to process multiple solutions in parallel
at each iteration of the algorithm. This is an important characteristic used to evolve diverse solu-
tions in this study. Using evolutionary operators, such as crossover, GP can construct symbolic
expressions, i.e. regression models, dependent on functional primitives (analytical functions) and
terminal variables (problem constants and decision variables). Throughout the evolutionary pro-
cess, synthesised models are evaluated against a training data set representative of the system
leading to a measure of “goodness of fit” for each individual function. This measure is an im-
portant property of the evolved models which drives the algorithm towards constructing better
symbolic expressions.

As a consequence of the complexity of contemporary industrial systems, the structure of this
function is often unknown in advance. Furthermore, the implicit relationship between the input
parameters and the output can vary such that it can be difficult to identify their contributions.
These characteristics can be tackled with non-parametric regression approaches which do not
assume a model type or structure a priori. Indeed, this is one of the key properties of GP exploited
in this study.

2. The prefix ‘meta’ indicates an abstraction from another concept (i.e. model here). Source:
http://en.wikipedia.org/wiki/Meta



GP is an inventive method which evolves explicit functions underlying a training data set
without assumptions on the model structure and the interactions among decision variables. This
property can be of considerable use to practitioners. Such compact functions can immediately
provide a viable platform for; analysing and understanding the dynamics of an industrial system,
predicting the performance against changes to decisions variables. GP can provide a tangible
functional decomposition of the system to facilitate efficient system behavioural analyses. In this
respect, SR via GP can provide a window into the “black box” of a system (or its simulation) by
providing explicit analytical functions.

In the remainder of this introductory chapter, the objectives and the contributions will be
summarised first. Next, an overview of the research approach is provided. The chapter is finalised

by a presentation of the organisation of the dissertation.

1.2 Aims and contributions

The literature presents a range of non-parametric regression methods in simulation-based
metamodelling of manufacturing systems. Adaptive regression splines, artificial neural networks
(ANNSs) and Kriging (KG) have been commonly applied approaches in this respect. On the other
hand, as a non-parametric approach, GP has not found application in simulation-based metamod-
elling of industrial systems as seen in the reviews presented in Simpson et al. (2001b); Smith
(2003); Chen et al. (2006) and in recent comparative studies by Kleijnen (2009) and (Li et al.,
2010).

The main aim of this thesis is to explore the use of GP in developing simulation-based per-
formance models of industrial systems as a function of decision variables. The ability of GP in
this context is analysed in terms of accuracy and generalisation capacity of the resultant models
on a range of stochastic industrial problems. This contributes to one of the few applications of
GP in modelling stochastic manufacturing processes (Ross and Imada, 2009).

The main contribution of this study is the introduction of the GP approach to simulation-
based metamodelling. First, its performance against different sampling strategies, i.e., design of
experiments (DOEs), needs to be evaluated since GP does not assume a predefined model struc-
ture. With the increasing complexity and the size of the industrial systems, the computational
overhead of simulation only allows collection of sparse data from the decision space. The ob-
jective here is therefore to identify a DOE strategy which renders the generation of a descriptive
training data for GP efficiently. For this purpose, space-filling experimental designs are analysed
considering different sampling sizes. The serial production lines with different sizes are used as

example cases and GP metamodels based on the buffer allocation levels are evolved to predict



throughput rates.

Secondly, motivated from the positive results obtained from the experimental design work,
the notion of general applicability, ease of calibration and competitiveness of the GP in meta-
modelling are investigated. For this purpose, an empirical comparison with a predominantly
used method, ANNS, is performed. GP and ANN are compared using varying parameter settings
across 3 different industrial problems in terms of accuracy, generalisation and computational ex-
pense. This allowed the identification of the advantages and shortcomings of GP in developing
metamodels of simulated systems.

As the last contribution, the dynamic modelling capability of GP is analysed. The objective in
this part is to efficiently create generalisable metamodels to estimate lot flow times in production
lines. While assisting on-line decision making, these metamodels will support development of
lumped parameter models in a future study. The GP models are referred to as dynamic models
since they incorporate autoregressive components and dynamic leading state variables from the
system. This part further contributes to the literature by introducing extensions to the standard
GP algorithm. These extensions are utilised to evolve more generalisable metamodels in a timely
fashion. This is facilitated by manipulation of convergence dynamics of the algorithm through
the use of simple constraints and multiple data sets. First, a residual based indicator function is in-
troduced to constrain the crossover operations to solutions which demonstrate different precision
characteristics. This is performed to improve the efficiency of generation of diverse expressions
according to error behaviour on the training data. Also, multiple data sets are used to harvest

only the new expressions which are more generalisable to form the new generations.

1.3 Overview of the research approach

This section provides an overview of the research approach presented in this thesis. It follows
the systematic methodology of metamodelling which is based on inductive learning. For this
purpose, the thesis incorporates; GP as the metamodelling tool and the DES as the simulator of
industrial systems used to generate training and testing data for the metamodel.

The general methodology for developing metamodels follows the steps:

1. Selecting a model class representative of the system response,

2. Collecting the training with a suitable sampling method and possibly testing data,
3. Construct the model through regression analysis,

4. Validate the models on the unseen data.



Throughout the empirical chapters (Chapter 3 to 5), these steps are followed to evolve approx-
imate models of industrial systems using GP. However, due to the characteristics of GP where
no prior model class representative of the system response needs to be identified, Step 1. is not
required.

To begin with, GP forms the basis for the first step as it facilitates development of analytical
functions based on observed data. It is used to evolve metamodels which approximate to the
underlying function implied by training data. To perform this, it only requires the definition of; a
functional set including the arithmetic operators to construct analytical functions, a terminal set
consisting problem variables and constants as the arguments to these functions. Such analytical
functions, i.e., metamodels, are randomly created to form the initial content of the algorithm.
Each function needs to be tested for goodness-of-fit. To facilitate this, a training data set needs
to be sampled from the system decision space. This carries us forward to the second step of
metamodelling.

The collection of the training data is performed prior to model building through the applica-
tion of systematic experimental design approaches. For instance, Chapter 3 analyses space-filling
experimental designs to use with GP. DES models of the selected problems are developed to en-
able the collection of data. System decision variables are varied according to the experimental
design procedure and the corresponding performance is calculated using simulation.

Once the training data is collected, the third step is initiated. This step utilises regression
analysis where the error of the models against training data is iteratively minimised. This way,
regression steers the GP towards development of optimal models where the models depict close
proximity to training data. This is established by means of quantifying goodness of fit of these
models with respect to error functions such as mean squared error (mse).

The last step is the validation of the metamodels. It involves execution of these models against
data which are not already in the training data. Sometimes seen as an auxiliary step, this is a
very critical part of the approach since it allows the assertion of the reliability for the developed
metamodels. A metamodel depicting good validity results has the potential to replace the DES
models.

In this section, a very brief summary of the research approach is provided for introductory
purposes. A more detailed discussion on the topic illustrating the steps and the approaches from
the literature can be found in Chapter 2. In the next section, this chapter will be finalised with the

outline of the thesis.



1.4 Organisation of the Dissertation

The development of GP based SR models of DES models is presented in three main parts in
this dissertation. Part I is the introductory part where the problem statement and methodology is
presented. Readers new to metamodelling and genetic programming are therefore suggested first
to read Chapter 2 in particular. The remaining two parts, Part II and Part III, consists of chapters
each of which is based on individual articles submitted to international journals. Due to scope of
each of these individual articles, relevant literature reviews are included within each chapter. The
organisation of the manuscript is outlined as below.

Part I consists of two introductory chapters. Chapter 1 provides an introduction to the manuscript
and explains the objectives. Chapter 2 outlines the methodology providing background informa-
tion on the overall framework. It starts with the statement of motivation identifying the necessity
of efficient models to support decision making in industrial systems. Next, the predictive models
used in quantification of the performance of manufacturing systems are presented. Following,
an introduction to the research methodology, inductive learning, is provided. Also, a review on
the theory of predominant metamodelling approaches, such as polynomial regression, neural net-
works and Kriging is provided.

Part II presents an analysis of metamodelling with genetic programming. In Chapter 3, space-
filling DOE:s are utilised to benchmark the behaviour of genetic programming. Metamodels of
production lines with different sizes are developed using Uniform Designs, Maximum Entropy
Sampling and Latin Hypercube sampling. In line with the discussion provided in Section 1.2,
Chapter 4 extends the empirical analysis with a comparison between genetic programming and
artificial neural networks using three stochastic industrial systems and using Uniform Designs,
reflecting on the results from Chapter 3.

In Part III, dynamic metamodelling with genetic programming is explored. For this purpose,
Chapter 5 considers the metamodelling of flow times in manufacturing systems by incorporating
leading state indicators; namely, work-in-process (WIP) inventory and component WIP. Due to
the sequential nature of the processes in manufacturing, statistical analysis is performed to take
into account the dependence of subsequent operations on each other into consideration during
metamodel development. In this chapter, variations on the standard genetic programming algo-
rithm are presented to achieve better predictive behaviour. The SR models constructed in this
chapter can be utilised to develop lumped parameter models by following concepts similar to
those presented in Kock et al. (2008) and Veeger et al. (2010a).

Finally, Chapter 6 summarises the dissertation and provides future directions. The empirical

data regarding experiments in Chapter 3 to 5 can be found in Appendix A.3, B.3, C.4, respec-



tively.



Chapter 2
Metamodelling of Manufacturing Systems

This chapter presents an overview on simulation based metamodelling of manufacturing systems.
Following from Chapter 1, this chapter revisits and presents in more detail the motivations for
the reseach carried out in this dissertation. Following, a brief overview of predictive models
used to quantitatively model discrete event systems, and specifically manufacturing systems, is
presented. Next, we introduce the metamodelling approach illustrating various aspects with a
focus on regression analysis. This is followed by a discussion on the methodology, inductive
learning, in Section 2.3.2. Subsequently, an overview of existing metamodelling approaches is
presented. In Section 2.4, a description of genetic programming is given, which is the main
method used in this thesis. Lastly, an overview of the software tools used in this thesis is provided
in Section 2.4.1.

2.1 Motivation

In a demand driven environment, with the irrevocable emergence of global competitors, most
companies now need to adopt to rapid changes in both technology and customer expectations.
While knowledge, experience, and intuition are integral parts of decision making, these alone
are no longer sufficient to manage today’s industrial systems as a consequence of complex in-
teractions within the system. In order to remain competitive, a systems approach regarding the
product cycle from raw material to product delivery needs to be considered by decision makers.
This often necessitates providing decision makers with advanced quantitative decision support
to cope with system complexity. Figure 2.1.1 illustrates the relationship between a a system and
its model. The models are generally used to quantify the impact of changes in decision variables
(inputs, factors, progress variables), x = {x,x2, ..., X;, }, on relevant performance metrics (output,

responses), Y = {y1,2,...,Vr}, to assert the value of decisions.
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Figure 2.1.1: Models measuring the performance of a system.

The literature comprises a variety of methodologies to develop predictive models. These can
be grouped into two fundamental categories; analytical methods and discrete-event simulation
(DES). Analytical methods provide an efficient numerical framework to evaluate the impact of
the changes to system inputs to performance. However, they can be mathematically challenging
when modelling systems with complex interactions; and hence unrealistic assumptions may be
necessary for simplification of the system. On the other hand, DES facilitates development of
high fidelity models. With the rapid advances in software technology, most complex systems can
now be modelled with DES providing high proximity to reality. Unfortunately, this descriptive-
ness of DES may lead to development and maintenance costs as well as computational expensive
models. Therefore, conducting extensive simulation studies may be prohibitive in practice. To
this end, simpler approximate models, metamodels (surrogate models), can be utilised to assist
decision making (Kleijnen, 1986).

In metamodelling, an approximation to the underlying function of system performance is
derived based on a set of input-output (I/O) observations obtained from the problem decision
space. As a consequence of the complexity of contemporary industrial systems, the structure of
this function often is not known in advance. Furthermore, the degree of interactions among the
input parameters and the output can vary such that it could become difficult to identify their
contributions. These observations imply the necessity of using inventive (i.e. in identifying the
structure and components) approaches in constructing metamodels of the industrial systems (or
simulation models). One such approach which has found rare application in modelling of manu-
facturing processes is genetic programming (GP) (Baykasoglu, 2008).

Genetic programming (GP) is an evolutionary algorithm first introduced by Koza (1992) (see
Section 2.4). Evolutionary algorithms (EAs) are metaheuristics which imitate concepts from na-

tural evolution. For instance, they incorporate evolutionary dynamics, such as recombination,
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similar to gene exchange in human DNA through crossover. Due to flexibility in their imple-
mentation several variations have emerged. A number of studies presented comparisons of their
application in various problem domains (Hrstka et al., 2001; Shilane et al., 2009; Ascia, 2011). A
key feature of EAs is in processing of multiple solutions simultaneously which distinguish them
from other metaheuristics such as simulated annealing (Salamon et al., 2002) and Tabu search
(Glover and Laguna, 1997). This property allows EAs to solve difficult optimisation problems
by enhancing the capability of exploration of the problem decision space and allowing compari-
son of multiple solutions simultaneously (Zitzler et al., 2000). GP is an evolutionary algorithm
which can evolve explicit functions underlying I/O data using functions, decision variables and
constants of a domain (Koza, 1992). In this respect, GP can be used to construct analytical func-
tions providing a viable platform for analysing the dynamics of industrial processes based on a
training data sampled from the system decision space. To facilitate this, GP does not require a
specification on the structure of or the impact of the process variables on the measure of interest
to be modelled. This study exploits these properties of GP in order to develop approximate func-
tions of performance related measures such as throughput rate and flow time in manufacturing
systems.

In the literature, developing data dependent models is referred to as metamodelling (Kleijnen,
2009). In the remainder of this chapter, first a review of models for evaluation of manufacturing
system performance will be provided in Section 2.2. Subsequently, Section 2.3.1 will first in-
troduce the metamodelling technique; followed by a description of the methodology, inductive
learning (Section 2.3) outlining its link to metamodelling. Then a literature review on the state-
of-the-art (Section 2.3.3) of metamodelling is given. Next, Section 2.4 presents an explanation
on the theory of GP. This introductory chapter is finalised by providing an over of the software
tools used in this thesis (Section 2.4.1).

2.2 Models of manufacturing systems

A manufacturing system is a collection of entities that interconnect and interact with each
other to accomplish an objective while satisfying certain performance criteria. Essentially, many
business processes and activities can be considered as a system embodying a set of parts and
relations among those parts. The complexity of a system depends on the number of parts and the
amount of interaction among these parts. The complexity of a system determines how the system
is changed for the purpose of improvement. For instance, for simple processes the focus can be
on the individual parts whereas the increasing complexity necessitates more focus on relations

among the parts due to potentially increasing interactions. Such analyses often require predictive
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Table 2.1: Abstraction level, benefits and disadvantages of predictive models of manufacturing
systems.

Benefits Disadvantages
. Includes feedback loops; Aggregate approach;
High Operational System dynamics relates cause to effect not for detailed problems
Fidelity | (Activity-based) DES Captures details of activities; | Lacks feedback among
relates cause to effect variables
Excellent for understanding | Cumbersome when used to
. Network models . .
T Analytical relations among entities model complex problems
(Mathematical) Well-accepted; Data dependent; assumes
Metamodels . .
many tools available system will not change
Easy to learn Applies to unique problem;
Low Ad Hoc Spreadsheet Easiest and quickest to use dependent on model builder

models to assert the impact of changes on performance prior to decision making.

There are three main classes of models in terms of fidelity of the the model (see Table 2.1
for a summary). At the lowest level of fidelity, there are task specific ad hoc models with low
consistency in structure; hence the predictive ability of the model varies greatly (mostly depen-
ding on who builds the model for what task). A better fidelity level is achieved with analytical
(or mathematical) models which tend to be equations based on data (queueing theory, empirical
models etc.). The highest level of fidelity, i.e. low abstraction, captures the details of processes
and activities within the system close the reality. To this end, the literature distinguishes two
mainstream approaches for developing models of manufacturing systems; analytical models and
discrete-event simulation where in both cases generally concepts from queueing theory are utili-
sed.

Behaviour of customers in queues is often perceived analogous to manufacturing systems.
To illustrate with an example, a customer arrives at a bank, queues up for service behind the
customers previously arrived, and leaves after being served. Similar to this input/output (I/0)
behaviour, in a manufacturing processes, jobs (in lots, or tasks) arrive at the system to often go
under multiple operations at different workstations. This behaviour can be modelled based on
interarrival time of the jobs and the corresponding service time distributions at workstations.
Consequently, queueing theory conceptually has found wide spread application in modelling the
manufacturing systems regarding both analytical and simulation-based approaches.

Typically, queueing theory applies to long term, steady-state behaviour where average arrival
rate equates to departure rates (i.e., applies to a system in equilibrium). A well-known equation
relating to this average behaviour is Little’s Law which states that the number of tasks in a sys-
tem is equal to the product of arrival rate and mean response time. Once a model as shown in

Figure 2.2.1 is obtained analytically is extended to multiple servers it is called a queueing net-

12



ﬁ Queue

Arriva Service
rate (1) rate (1/p)

Figure 2.2.1: Single server queueing system.

work (Papadopoulos and Heavey, 1996). Vidalis et al. (2005) model a serial production line as
a tandem queueing network and utilises Markov chain analysis to formulate the throughput rate
and work-in-process. Recently, Manitz (2008) exemplifies the use of queueing models in the ana-
lysis of assembly lines to derive the throughput rate of the system. There exist several examples
illustrating the means of extending single server models to model larger systems which can be
used in estimation of performance in manufacturing systems (Terracol and David, 1987; Sadr and
Malhame, 2004). Alden (2002) obtains a general model exploiting the buffer states in a simple
production line to calculate the throughput rate. Blumenfeld and Jingshan (2005) extended this
model to obtain a formula for the throughput rate of longer serial production lines with further as-
sumptions of identical unreliable workstations with fixed processing times and random failures.
Gershwin (1987) presented a decomposition method. Similar to queueing models, a distribution
based approach is used to determine the parameters. The approach relies on the equilibrium of
the flow between the isolated system and the actual systems. Dallery et al. (1989) showed that the
throughput rates obtained via decomposition match the simulation results with a typical deviation
of less than 5%, particularly for longer production lines. The analytical models are a synthesis
of mathematical equations; thus they are very efficient in computing the system performance.
However, developing such analytical models may require restrictive assumptions in order to ren-
der a complex system more tractable for mathematical modelling. Hence, decision makers can
end up making decisions based on too many assumptions that very rarely hold true (Altiparmak
et al., 2007; Cope et al., 2007). Consequently, analysis based on performance metrics, such as
flow time, throughput rate, product mix can be undermined.

Analytical methods facilitate efficient means to perform quantitative analysis to an approxi-
mate system as a consequence of restrictive assumptions. In contrast, with the advances in soft-

ware technology and computational power, complex systems and interactions can now be model-
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led with high fidelity (e.g., Plant Simulation !, SystemDynamics %). These models are most useful
when modelling large and complex systems such as those in semiconductor manufacturing. In
this sense, simulation appears as an indispensable analysis method due to the high fidelity of the
models and accuracy in system evaluation.

Simulation modelling facilitates a descriptive environment for modelling and analysis of ma-
nufacturing systems with as much detail as required. As a consequence of flexibility of its built-in
components (e.g. entity classes etc.), it enables incorporation of an essential level of system de-
tail. It allows easy manipulation of the control factors (decision variables, input) of the system,
and supports decision making in an ad-hoc fashion with experimentation. These attributes of
DES can be critical for understanding the behaviour and the dynamics of complex systems. The-
refore, it has been popular in many operational applications, such as production planning and
scheduling Lee and Kim (2001), supply chain design and analysis (Kleijnen, 2003) and system
design and manufacturing operations (Smith, 2003). However, the versatility and descriptiveness
can potentially undermine its usage in industrial operations due to:

— large data requirements to build a model,

— long model development period,

— high maintenance cost,

— large and stochastic models with large computational overhead.

To begin with, constructing DES models requires specialised knowledge both on the methodo-
logy and system being modelled. Hence, companies either form a task force or prefer to outsource
for implementation and maintenance of simulation models. Data requirements for simulation
implementation and the effort for model maintenance can be quite high, especially considering
industries such as semiconductor manufacturing or complex supply chains (McNally and Hea-
vey, 2004; Valentin and Verbraeck, 2005; Jain, 2008). A second undermining factor in the use of
this flexible methodology is the computational overhead it can introduce to decision making. To
illustrate, entities, such as machines, transporters, in most real-world systems exhibit variability.
DES allows modelling of such stochastic characteristics elements within the system provided
sufficient amount of information is available. While this may introduce data collection related
challenges, it also requires specific analysis methods for evaluation of the system configurations.
Briefly, multiple replications or long simulation runs at steady-state of the system become a ne-
cessary part of the quantitative analysis. These are generally performed on the basis of acquiring
a statistical confidence, or to quantify risk, in the measurements at the expense of longer model

execution times. In line with the increasing complexity of the systems modelled, this computatio-

1. http://www.plm.automation.siemens.com/en_us/products/tecnomatix/plant_design/plant_simulation.shtml
2. http://sourceforge.net/projects/system-dynamics/
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nal overhead can severely restrict its application for systems where high fidelity is most needed.
These shortcomings of DES can prohibit its application in industry and may no longer attract
the use of DES in decision making due to operational concerns. Therefore, a variety of attempts
has emerged trying to address these shortcomings resulting in different approaches to building
and analysis of DES model. Many of these efforts often target a reduction in model development
costs (Mackulak et al., 1998; Nasereddin et al., 2007; Cope et al., 2007) and/or its complexity
(Hung and Leachman, 1999; Brooks and Tobias, 2000; Rose, 2000).

A means to work around this computational overhead introduced by DES is using spreadsheet
simulation which provides low fidelity static models with low evaluation cost (time-wise). In an
earlier article, Chwif et al. (2002) contrast spreadsheet and DES. It is emphasised that spreadsheet
models are static and deterministic which prevent them from describing the variability in the
components of a supply chain. On the other hand, DES can incorporate both static and dynamic
behaviour of the system which often appears as a necessity in analysis of real-world systems.

An alternative approach, which can be used for performance modelling or replacing parts of
a simulation model, focuses on the notion of distribution. The idea originates from the random
nature of the observations collected from a system or its simulation. These observations are
assumed to be realisations from a certain type of distribution, gamma or exponential in general,
and are used to find the first and the second moments of this distribution. In this context, Rose
(2000) attempts to model bottleneck station in a wafer fab with a delay distribution with gamma
density functions. Times to process the lots through this station are sampled from this distribution
to simulate part of a system. Even though there is no or little overtaking between lots exist in the
actual system (FIFO), it was observed that overtaking is induced in the simplified model due to
the random nature of realisations of the distribution. It also indicates that incorporation of the
correlation between subsequent realisations is necessary for reliability. The issue of overtaking
is illustrated with the inequality in Equation 2.2.1, where a; is the arrival time of lot &, and py is

the processing time derived from the distribution.

ai+pi>aj+pjlaj>a (2.2.1)

In a recent work, Kock et al. (2008) applied the concept of effective process times (EPT)
(Hopp and Spearman, 2000) to modelling of industrial systems. They utilise the algorithms im-
plemented by Jacobs et al. (2006) to quantify the EPT for the processes in the system. The key
property of EPT is that it quantifies claims of machine capacity by lots. Duration of this claim
will eventually include time losses due to down time, setup time, and other irregularities (Jacobs
et al., 2006). Similar to distribution fitting method summarised above, Kock et al. (2008) fit the

EPT realisations to gamma distributions to calculate the mean effective process time and the co-
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efficient of variation of multiserver flow lines with finite buffers. The results imply high accuracy
of the methodology in deriving aggregate measures such as average cycle time. In an industrial
case on wafer fabs, it is shown that an accurate flow time approximation could be obtained with
an error of 8% in the flow time approximation. Another application of the EPT concept is illustra-
ted with lumped parameter modelling. In this approach, EPTs of individual processes (machine
groups) are derived from arrival and departure times of lots using sample path equations (pg. 184,
Buzacott and Shanthikumar, 1993). Similar to Rose (2000), overtaking of lots can also be ob-
served in the EPT-based approach due to use of distribution sampling in estimations. Kock et al.
(2008) prefer to swap the departure time of subsequent lots when overtaking is observed. The
results on estimating average cycle time indicate that the estimations will not deviate too much,
remaining within 1-2% of the actual system. Later, Veeger et al. (2010a) developed algorithms
to estimate EPT distributions in cases where there is a product mix and a potential of overfitting.
While this approach is shown to provide good estimations to aggregate measures (e.g., deriving
cycle-time vs. throughput rate curves), the distribution based foundation of the method inhibits
the ability to estimate unit related measures such as flow time of an individual lot in a reliable
manner.

To sum up, fidelity and model execution efficiency are the key components in the modelling
of manufacturing systems. The review presented above indicates that high fidelity DES models
can be inefficient in terms of model development, maintenance and computational requirements.
On the other hand, analytical methods are shown to be computationally more efficient. However,
deriving such models often requires assumptions or simplifications on the industrial system so
that mathematical models can be used. Therefore, the question often comes down to accurate
modelling of an approximate problem or approximate modelling of an accurate problem. This
implicit trade-off has given rise to metamodels (surrogate or approximate models) which can
offer a compromise. In the following section, the metamodelling theory will be illustrated in

further details.

2.3 Metamodelling

We started out this chapter by introducing system modelling of manufacturing systems. A
model can be defined as an abstraction of concepts and principles essential to describe an empi-
rical reality. Depending on the nature of the reality, the models can be models of phenomena or
models of data>. As summarised in Section 2.2, a variety of modelling approaches are available

to construct models of data empirically collected from a system. These methodologies are com-

3. http://plato.stanford.edu/entries/models-science/#SemModRep
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monly termed metamodels. An alternative methodology which can be considered in this respect
is machine learning. Machine learning spans computer programs which can evolve behaviours,
rules, structures from empirical data. With a process of induction, responses of a system can be
learnt from a limited set of observations. In the remainder of this section, first a description of
metamodelling will be provided. Next, the concept of inductive learning will be explained to
illustrate the link between learning from data and the use of GP for metamodelling purposes.
Subsequently, a review on the predominant approaches used to develop metamodels of manufac-

turing systems will be provided in the context of simulation-based metamodelling.

2.3.1 Introduction to metamodelling

In this part, first metamodelling will be described. Following, an overview of common pre-

dictive models used in simulation-based metamodelling will be presented.

2.3.1.1 Problem formulation

The shortcomings of predictive models outlined in Section 2.2 have motivated development
of methods towards construction of metamodels. By definition, a metamodel refers to a model
of a model (Kleijnen, 1986), an abstraction which relates the process variables directly to the
performance of a system. Metamodels are developed based on observed data from the system,
hence can be considered as empirical models.

A system performance, y, dependent on a set of decision variables, X, can be represented as:

y=f(x) (2.3.1)

When this performance metric is measured via simulation this function takes the form of
Equation 2.3.2:
y=r(x) =E[L(x) o], (2.3.2)
where E [L(x), 0] quantifies the expected performance, and @ represents the stochastic nature of
the system. In simulation-based metamodelling, the idea is to develop an approximation to this
expected performance as in Equation 2.3.3.
y=E[L(x),0] =y(x)+e (2.3.3)

Here (in Equation 2.3.3), x is the list of decision variables which are arguments to the metamodel,

$(x), and e is the error in approximation. Due to final model generally being efficient for system
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evaluation, metamodelling has received attention in the systems modelling community.

Typically, a metamodelling study of a predefined problem needs to include four major steps:

— determination of type and the structure of the function,

— collection of training data from the decision space of the problem by sampling with a

design of experiments (DOE) method suitable for the chosen structure,

— discovery of model unknowns (e.g., coefficients) by means of regression and assessment

of goodness of fit,

— validation of the final model against data samples which are not in the training data set.
The success of a metamodeling study heavily relies on the functional form chosen and on sam-
pling of the training data. To illustrate, as the system complexity increases, the interaction among
the decision variables and the performance gets more complex. Nonlinear, multi-modal response
characteristics can be observed. Therefore, the functional form should sufficiently be able to
reflect these. Sampling is critical to develop an understanding of the system behaviour and to
capture its response characteristics against changes in system parameters (i.e. factors, decision
variables). In this respect, an approximation of a system will require sample data (training data)
which should be representative of the domain. After these two steps, the model chosen is fitted

to sampled data via regression analysis often using least squares estimation.

2.3.1.2 Performance of regression models

In statistics, the process of modelling the relationship between a dependent variable, i.e.,
response, and independent variable(s), i.e., decision variables, is known as regression. Traditio-
nally, regression refers the use of numeric techniques to iteratively minimise the deviations of
the model from an empirical data set, i.e. training data by estimating the model parameters (e.g.,
coefficients, constants, etc.). For this purpose, the least squares method is frequently used to cal-
culate the deviations and steer the search for an optimal model. To illustrate, let us have a training
data set of size n in the form of (x;, y;), where X; is the vector containing decision variable values,
and y; is the corresponding output from the system (see Figure 2.1.1). If y; is an estimation from
a model, then least squares minimises the sum of the squared error, sse (Equation 2.3.4). In the
formula presented in Equation 2.3.4, ¢; refers to the deviation of metamodel estimation from the

observations at the i sample point (see Equation 2.3.5).

i=n

sse = Z (e;) (2.3.4)

i=1

e =yi—Yi (2.3.5)
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Table 2.2: Measures of predictive performance (Witten and Frank, 2000).

’ Measure \ Formulation ‘
Y
mean squared error, mse M
Yvicn(i—¥i)*
root mean squared error, rmse S
mean absolute error, mae %ngn lvi — ¥il
relative absolute error, rae LY vicn W’;—”‘
f— 13

In metamodelling, the accuracy of the models are determined based on the deviations of the
estimations by approximate models from the sample data points (see Equation ). Such infor-
mation from the training data enables development of more accurate models. The constructed
models are iteratively updated with respect to the resultant performance. For instance, in poly-
nomial regression matrix inversion is used to update the coefficients of a low order polynomial
function (Reis dos Santos and Isabel Reis dos Santos, 2009). Apart from training the models, va-
lidation of the models is another major concern in asserting the performance of the metamodels.
The validation data set consists of unseen sample points which are not used during the model
development. The metamodels with better performance on the unseen data are considered to be
better metamodels since it implies the generalisation ability. Table 2.2 summarises some of the
error measure frequently used in metamodelling studies.

A common regression approach, least squares, utilises the sum of squared errors (sse) to
quantify the performance of the metamodels. Among the measures listed in Table 2.2, mse and
rmse are frequently used as performance measures (Lett and Zhang, 2004; Fan et al., 2006; Pat-
terson and Zhang, 2007). Despite the extensive use of these measures, they might be misleading
as squared measures are prone to excessive emphasis on the data points where estimations deviate
with relatively larger errors (Sharpe, 1971; Marron and Tsybakov, 1995).

An alternative approach in this respect is established by using of absolute deviations (Chen
et al., 2008a). Construction of regression models based on absolute deviations is referred to as
least absolute deviation (LAD). In this approach, predictive models are the minimisers of mea-
sures such as mae and rae (see Table 2.2). In previous studies (Pynnonen and Salmi, 1994; Maia
and de A.T. de Carvalho, 2008), LAD has been shown to be more robust against the irregularities
in deviations or model misspecifications *.

An extended discussion on performance measures will be provided in Chapter 5 since it
is beyond the context of this introductory chapter. In the remainder of this section, inductive

learning methodology will be described in relation to metamodelling of simulation models.

4. An extended discussion on this topic will be provided on this issue in Chapter 5.
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2.3.2 Inductive learning

The literature comprises a variety of learning tasks where inductive inference is utilised by
different tools. In particular, machine learning approaches such as artificial neural networks,
decision trees, genetic programming are extensively used in learning tasks. In general, these
learning tasks can be classified into three groups: supervised learning, unsupervised learning and
reinforcement learning.

Supervised learning refers to strategies which can infer mapping relationships implied by a
set of data. The reason this learning task is called supervised is that the data set provided stores
the input values and the corresponding true output values, hence the implicit association among
them. The predictive ability of the learning method is evaluated by a loss function, e.g., MSE.
Algorithms such as artificial neural networks, support vector machines, and genetic programming
are commonly used methods to perform supervised learning. Most common examples of this
concept involve regression (Chen, 1996; McKay et al., 1997; Jeng et al., 2003) and classification
problems (Liao and Wen, 2007; Su and Huang, 2009; Berlanga et al., 2010)

Unsupervised learning studies how systems can learn to represent particular input patterns
in a way that reflects the statistical structure of the overall collection of input patterns (Dayan
et al., 1999). Given a data set, problems such as learning structures, patterns, partitions within
the data are considered as unsupervised learning problems. For instance, finding a structure of
the data in the form of partitioned into two clusters is an unsupervised learning problem. An
interesting application of unsupervised learning algorithm is understanding gene data. Genes in
individuals can be grouped into clusters based on how genes respond to different experiments
(Costa, 2004). Another interesting application appears in image processing. If an image is input
to an unsupervised learning algorithm, it can learn to group different pixels together. Such a
clustering approach can help computer vision/image recognition tasks (Sonka et al., 1993).

Another form of learning is reinforcement learning which refers to problems where there is
no one-shot decision making. To illustrate, in a supervised learning cancer prediction problem
one can predict the type of cancer and infer a decision, i.e. whether a patient dies or survives.
In reinforcement learning, a sequence of decisions is made. The basic idea behind reinforcement
learning is the essence of a reward function. Imagine you are trying to train your dog. Every
time your dog does something good, you tap its head giving a positive reward. Everytime it does
something bad, you give a negative reward. Hopefully over time, the dog will learn to do the
right things to get more of the positive rewards and less of the negative rewards. Hence, you
have to specify what you want, i.e. what is a good and a bad behaviour . It is then up to the
learning algorithm how to maximise the positive rewards while minimising negative rewards.

Some interesting applications of reinforcement learning involve teaching a robot how to climb
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obstacles (Lee et al., 2006), or how to drive a car avoiding obstacles (Michels et al., 2005).

Principally, a metamodelling study involves constructing an approximate model of a perfor-
mance metric based on partial information from the system. Fundamentally, inferring models,
expressions, rules from a limited set of data which includes representative examples of a lar-
ger domain is called inductive inference (Angluin and Smith, 1983). This definition of inference
overlaps with learning from examples (Smith, 1984; Kitzelmann et al., 2006). In this respect,
applying genetic programming to construct symbolic regression expressions based on a training
data can be regarded as inductive inference and it is a central topic in machine learning. In this
dissertation, genetic programming is used to induce models with respect to observations which
can be systematically obtained from simulation or the system itself.

In symbolic regression, a class of functions (functional primitives) and argument values (ter-
minal set, i.e. decision variables, constants) for this class are defined. Valid combinations of the
primitives and arguments against a training set form the hypothesis space (also the search space)
of symbolic expressions (i.e. functions). A genetic programming run starts with populating a set
of expressions from this hypothesis space, restricted to certain limits on size. Structurally, the ex-
pressions are synthesised from simpler expressions which are based on the functional primitives
and the terminal set supplied to the GP algorithm (see Section 2.4). The objective in synthesising
expressions is to develop a better model for the I/O pairs, or to transform between functional
forms by means of variation operators (e.g., crossover, mutation). Being an evolutionary algo-
rithm, GP performs a stochastic search while exploring the new expressions. As a result, it is
usually difficult to determine the convergence of the algorithm. Therefore, a means to assess the
relative quality of the constructed expressions with respect to the training data is required. In
this context, generally measures of fitness and expression complexity are used to steer the search
towards better solutions.

In Weiss and Indurkhya (1998), the following general guideline is described regarding induc-

tive learning:
1. Select a model class.
2. Collect the data.
3. Clean the data by removing observations that violate certain constraints, or outliers.
4. Preprocess or transform the data for a particular method to conduct the learning
5. Construct a model.
6. Interpret the model and validate it on unseen data.

In the following section, a brief review of common techniques in context of simulation-based

metamodelling will be provided.
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Experimental
Design/Sampling Methods

Metamodel Choice

Model Fitting

- Classic methods
« (Fractional} factorial
» Central composite
* Box-Behnken
* Alphabetical optimal
» Plackett-Burman
- Space-filling methods
» Simple Grids
» Latin Hypercube
* Orthogonal Arrays
» Hammersley sequence
* Uniform designs
* Minimax and Maximin
- Hybrid methods
- Random or human selection
- Importance sampling
- Directional simulation
- Discriminative sampling
-Sequential or adaptive
methods

- Polynomial (linear,
guadratic, or higher)

- Splines (linear, cubic,
NURBS)

- Multivariate Adaptive
Regression Splines
(MARS)

- Gaussian Process

- Kriging

- Radial Basis Functions
(RBF)

- Least interpolating
polynomials

- Antificial Neural
Network (ANN)

- Knowledge Base or
Decision Tree

- Support Vector Machine
(SWVM)

- Hybrid models

- (Weighted) Least
sguares regression

- Best Linear Unbiased
Predictor (BLUP)

- Best Linear Predictor

- Log-likelihood

- Multipoint
approximation (MPA)

- Sequential or adaptive
metamodeling

- Back propagation (for
ANN)

- Entropy (inl.-theoretic,
for inductive learning
on decision tree)

Figure 2.3.1: Commonly used techniques in metamodelling (Wang and Shan, 2007).

2.3.3 Metamodelling approaches

Metamodelling has been a fruitful domain in terms of the variety of empirical models re-
searched (see Figure 2.3.1). Frequently used techniques involve; nonlinear regression (Seber and
Wild, 2003), Kriging (KG) (Van Beers, 2005; Kleijnen, 2009; Zakerifar et al., 2009), multiva-
riate adaptive regression splines (MARS) (Friedman, 1991), radial basis functions (RBFs) (Fang
and Horstemeyer, 20006), artificial neural networks (Afonin et al., 2007), support vector machines
(SVM) (Cortes and Vapnik, 1995) and genetic programming (Koza, 1992; McKay et al., 1997).

Simpson et al. (2001b) surveyed several DOE approaches and metamodelling techniques
with their applications in engineering design. Wang and Shan (2007) outlined the techniques that
can be used to build approximate response models in industrial studies and stated that there is
no conclusion about which model is definitely superior to others. Chen et al. (2006) presented
an extensive review of metamodelling and DOE approaches commonly applied in-line with their
applications in industries such as electronics and aerospace. Simpson et al. (2001b) demonstrated
a comparative analysis on popular experimental designs and approximation models and pointed
out the preference on the overall coverage of the DOEs. In an extensive study, Jin et al. (2001)
compared polynomial regression (PR), KG, MARS and RBFs on a range of test problems. The
metamodelling results imply a dispersion of the observed performance of the techniques in terms

of accuracy and problem structures, e.g. size and nonlinearity of the problem. While these ar-
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ticles focus on only deterministic problems, Li et al. (2010) present a thorough comparison on
stochastic problems considering artificial neural networks (ANNSs) and support vector regression
(SVR) in addition to KG, MARS and RBFs. Their results indicate that SVR outperforms the
other techniques in terms of accuracy and robustness. In the remainder of this section, the theory
and features of some commonly used techniques will be briefly presented.

A forerunner approach in developing metamodels is polynomial regression (PR). PR models
are based on low order mathematical functions of decision variables. Equation 2.3.6 illustrates
a general form for a polynomial model where f3/s are the unknown coefficients and p;(x)’s are
the products of power functions; l,x,—,x?xk, etc. The coefficients are estimated via regression
analysis using the least squares method with respect to the training data points, (x;,y;)’s. The
popularity of PR is driven by the impetus of the theoretical foundations, ease of implementation

and interpretability.

§=Y Biri(x) (2.3.6)

1<i<n

The choice of the order of the basis functions impose limitations to descriptive ability of these
models. Assuming a simple functional form for the response function may not always be suffi-
cient to capture nonlinear behaviour of the system, which is the major drawback of PR (Jin et al.,
2001). On the other hand, increasing the order of polynomials can improve the goodness of fit
by adjusting coefficients to smooth oscillations over the response surface of the system. Howe-
ver, cancellation of oscillations can undermine the robustness of the predictive models (Barton,
1998). This shortcoming has motivated approaches which considers piecewise polynomial basis
functions. When a continuous response surface is assumed, these piecewise functions are called
splines. Linear combination of the splines can be used to produce regression models.

Friedman (1991) proposed MARS models based on piecewise nonparametric fitting of the
underlying function of a training data by several basis functions (splines) each of which are defi-
ned over a partition (knot) of the problem domain. Unlike PR, MARS does not assume a specific
response structure, but rather optimises a weighted linear combination of the splines. Once the
number of partitions and the type of splines are discovered, the weights can be estimated via least
squares regression. The compromise between the smoothness and robustness is established by
the number of knots and by allowing discontinuous derivative at partition boundaries (Friedman,
1991). Hence, MARS can provide a larger flexibility than high order polynomials in metamodel-
ling of high dimensional systems.

Kriging (KG) is originally a spatial interpolation method used in geostatistic applications.

Interpolation refers to making predictions at an input point by exploiting the observed values in
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Figure 2.3.2: Interpolation by weighted combination.

its close vicinity defined by a neighbourhood structure (see Figure 2.3.2).

In KG (see Equation 2.3.7), z(x) a random function defined by a constant, i, and a variable
term, 0 (X) is used to model a variable (e.g. response) regionally. Similar to splines, the unknown
response at an input configuration, X, can be estimated by weighted sum of measured responses,
z(x;)’s, at the surrounding locations where }'\; 4; = 1 . In ordinary KG, the process being model-
led is assumed to be stationary (Emery, 2007). The stationarity implies that the average response
values from different partitions of the training data is relatively constant, i.e. stationary variance.
This way, KG can exploit the concept of variogram during interpolation. Briefly, the variance
for each point in sample data is computed against each of the other data points. Then empirical
relationship between the variance and the distance between any two observations is used to infer
a variogram model. Subsequently, this variogram is used to compute the weights, A;’s, of the KG
model (see Equation 2.3.7).

KG methods applied to simulation metamodelling is often validated based on leave-one-
out cross-validation (Beers and Kleijnen, 2003; Kleijnen and van Beers, 2005; Xiong et al.,
2007; Lin et al., 2002) which can bias the perception on generalisation capability of the models.
Indeed, in his dissertation, Lin (2004) empirically identifies that this type of validation can lead
to miscalculation of accuracy of the metamodels since it quantifies how insensitive a model is to
the loss of information.

k
F(x) =Y Ai-z(x;) (2.3.7)
&

1
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As mentioned earlier, KG exploits the surrounding observations during modelling. Therefore,
the method renders the estimation performed locally to the limit of the range of training data.
For instance, the model variogram may not reflect the response behaviour outside the convex
hull of the training data set. This can undermine KG’s ability to extrapolate the unseen data,
yielding unrealistic estimations in problems with irregular, nonstationary response behaviour
(Pardo-Iguzquiza and Dowd, 1998). On the other hand, metamodels of industrial systems are
often expected to generalise outside the training range for usability. To leverage the estimation
capabilities in non-stationary responses, Beers and Kleijnen (2003) presented Detrended Kriging
to account for white noise and heterogeneous variance in observations. Alternatively, universal
Kriging uses a drift component to define z (x) to explain large scale variability (Pardo-Iguzquiza
and Dowd, 1998). Xiong et al. (2007) addressed the non-stationary responses by incorporating
non-linear mapping approaches based on parametrised density functions. An advantage of KG
can be the existence of the stochastic term, & (x), which can facilitate prediction of error bounds
in modelling noisy response. However, the methodology suffers from the computational cost as
the number of design points in training data is large (Willmes et al., 2003).

One of the most frequently used approaches in the context of metamodelling is Artificial
Neural Networks (ANNSs) (Alam et al., 2004; Yildiz and Eski, 2006; Person et al., 2008). ANNs
emulate the nervous systems such as the human brain. As the interaction of neurons provides
information processing capabilities, such as learning, ANNs can be trained over a set of data to
generate metamodels of simulated systems. They have been used for a variety of tasks such as;
regression (Dhar et al., 2010), clustering and classification (Liao and Wen, 2007), time series
prediction (Perez-Chavarriia et al., 2002) and so on. Structurally, ANNs are formed by a set of
nodes, in analogy with neurons, and links, with numeric weights, connecting these nodes (see
Figure 2.3.4).

Figure 2.3.3 depicts an artificial neuron with several connections and an output. The inputs to
these connections are multiplied by the associated weights and summed inside the neuron by an
adder function. The output of a neuron is determined by an activation (transfer) function which

regulates the output in a certain interval.

Vi = Z)Ciwi (2.3.8)

In an ANN, the neurons are interconnected within a network architecture, which can be ge-
nerally distinguished into two: i) recurrent neural networks, ii) feed-forward neural networks.
In recurrent networks there exists feedback connections between neurons. On the other hand, in
feed-forward ANNS, the data flow is from input to output strictly in one direction. The informa-

tion is processed between layers with no feedback mechanism as shown in Figure 2.3.4.
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Figure 2.3.3: A snapshot of a neuron with weights, adder and activation function.

Figure 2.3.4: An simple representation of a feed-forward ANN with a single hidden layer.

26



Information processing and learning in ANNs occur at the neurons by adaptation of the
weights with respect to a learning algorithm (Haykin, 2009). In MLP, back-propagation (BP)
algorithm can be used to perform the task of learning from training data (Rumelhart et al., 1994;
Alsmadi et al., 2009). Briefly, BP involves minimisation of residual error of a network output
against the training data by manipulation of the connection weights. This is performed by calcu-
lation of the gradient of a loss function, such as one in 2.2, at each training point with respect to
each weight within the network. Following, the required output of a neuron and the associated
scaling factor, which indicates how much the output lowered or increased in order to match the
desired output, is calculated. The weights of each neuron is then adjusted in order to lower the
local error. Details of the theory and operation of ANNSs regarding design and computations, etc.
are given elsewhere (Rumelhart et al., 1994; Haykin, 2009). Even though ANNs are proven to be
efficient, their usability in metamodelling can be prohibitive. Such approaches require prudent
selection of configuration parameters to protect against the phenomenon of overfitting (Anshele-
vich et al., 1989; Smieja, 1993; Tetko et al., 1995), where the complexity of the model inhibits
its performance on unseen data. Furthermore, the resulting metamodels can be very difficult to
interpret meaningfully for practitioners.

Another supervised learning approach that has found application in metamodelling is Support
Vector Regression (SVR). SVR is an application of Support Vector Machines (SVM) developed
in Bell Laboratories by Cortes and Vapnik (1995). In standard SVR, a linear functional form

which defines a hyperplane is assumed, f as illustrated in Equation 2.3.9.

fx)=(wx)+bwithwe y,beR (2.3.9)

Equation 2.3.9 defines an €-SVR which is insensitive to the estimation deviations less than
a tolerable error, &, (see Figure 2.3.5 from Cortes and Vapnik (1995) ). In this equation, x de-
fines each training point as a n dimensional vector. w defines a norm vector perpendicular to
this hyperplane, where b is the offset of the hyperplane from the origin. SVR tries to find the
hyperplanes with maximum interplanar separation (margin), but with a close proximity to the
training data. Cortes and Vapnik (1995) converts this problem into a convex optimisation pro-
blem. SVM originally developed for optical character recognition (OCR). Later, applications on
object recognition (Pontil and Verri, 1998), clustering and classification (Su and Huang, 2009;
Ping et al., 2010), regression (Jeng et al., 2003; Alam et al., 2004) and time series prediction
(Pai et al., 2010) demonstrated competitive results. The literature presents many available kernel
functions to use in SVR. However, similar to ANN, SVR consists of a large family of parameters
which influence its performance; hence, sophisticated approaches may be needed to select its

parameters (Yang et al., 2010). Nonetheless, in a comparative study, Li et al. (2010) presented
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Figure 2.3.5: The loss setting for a linear SVM .

the competitive results obtained in application of SVR in various stochastic test problems against

approaches such as ANNs and KG.

2.4 Symbolic regression with genetic programming

GP is a sub-branch of evolutionary algorithms (EAs) which emulate the natural evolution
of species. It has the capability to evolve programs of a domain via symbolic regression (Koza,
1992). These programs can be interpreted as grammar rules, logic instructions, analytical func-
tions etc. This ability has led to attempts to solve variety of problems such as in genetics (Greene
and Moore, 2008), data mining (Otero et al., 2003) and chemistry (Banzhaf and Lasarczyk,
2005).

Koza (1992) first proposed the use of GP to find a symbolic regression tree corresponding to
a mathematical formula that best fits the data according to a fitness function (See Equation 2.2).
This can be performed in an optimisation framework where the error (e.g. RMSE) of the gene-
rated symbolic trees against a sample data is minimised numerically via regression. Therefore, it
is inherently suitable to perform simulation-based metamodelling of complex industrial systems;
yet it is rarely applied (Can and Heavey, 2009).

The design of GP requires certain components to be defined in order to emulate the evolutio-
nary process. These involve n-ary arithmetic functions, system decision-variables, and evolutio-
nary operators, such as crossover and mutation, to evolve predicates.

The symbolic expressions, referred as individuals or solutions, are generated to form the ini-
tial population. A population in EAs refers to a set of a certain number of solutions at an iteration
of the algorithm. The initial expressions are created with tree-based encoding. To illustrate, Fi-
gure 2.4.1 shows a few examples of such trees, for instance, (7 * (r=r)) is the expression tree
labelled as Offspring 1. These expressions are formed with elements from two distinct parame-
ter group, 1) functional primitives, ii) terminal set. The functional primitives are generally n-ary

arithmetic functions, e.g. sin, +, *, cos, In etc. The arguments for these functions are supplied
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from the terminal set which consists of the decision variables, constants or other system rele-
vant parameters. The initial solutions are generally limited in terms of tree depth or length of
expression in order to fill the first population in the algorithm with the potential building blocks
of individuals to be evolved at the further stages of the algorithm.

These individuals generated are eventually arithmetic formulas which explicitly present the
mapping relationship between the decision variables of the system and associated performance
metric. Therefore, each new solution tree constructed is associated with a fitness value, which
indicates how accurate the expression represent the data set it’s being trained. The fitness of
an individual determines its relative ability to survive and breed the next generation during the
evolutionary process.

A significant characteristic of evolutionary algorithms is parallelism within a population
concept. A sufficiently large amount of solutions constitute to a population where evolutionary
variation mechanisms, such as crossover and mutation, operate. Once the initial population is
formed, it goes under a parent selection procedure which is simply the use of systematic ope-
rations to choose solutions which will be used to generate new solutions, i.e. offspring, later. A
comparison of the common selection operations, e.g. roulette wheel, tournament, in EAs is given
in Blickle and Thiele (1997). The parents selected go through a mating procedure, e.g. crossover
operations, as illustrated in Figure 2.4.1, to breed the subsequent population with new solutions.
The offspring solution can further undergo small variations by means of mutation to enable local
search. This procedure repeats at every generation until a new population is formed. Evolution is
finalised when a stopping criteria, such as approximation quality, computational cost, is satisfied.
The algorithms procedure is summarised in pseudo-code in Algorithm 2.1.

As a consequence of the flexibility of the evolving system and robustness of the algorithm,
there have been a number of symbolic regression applications in a range of domains; clustering
and data mining applications (Afonso et al., 2004), deriving correlations in heat transfer measu-
rements (Cai et al., 2006), management of water resources (Giustolisi et al., 2008). McKay et al.
(1997) utilise GP to model two different chemical processes. Zhao (2007) studies a classification

problem with a multiobjective GP and exemplifies its application on data mining.

2.4.1 Software tools

The work carried out in this thesis has utilised a range of software tools in development of
efficient approximate models to support decision making in lieu of computationally expensive
DES models. As a consequence of the large variety of the industrial systems, a generalisable
framework is required for extended applicability. Indeed, the applications developed throughout

the dissertation only requires I/O data of the systems to build approximate models. In this manner,
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Parent 1 Parent 2

Child 1 Child 2

r r

Figure 2.4.1: Tree-based representation of 7 r> (offspring 1), a * r (offspring 2), 7 % r (parent
1), ax (rxr) (parent2) and an example of crossover operation in GP. Crossover points on the
parents are indicated by bold circles. Offspring are formed by exchange of such nodes in the
parent expressions.

Algorithm 2.1 The general framework of genetic programming algorithm.

1:
2: output: best expression;

3:

4: var gen:=1, eval :=0, pop:=0, newPop, currentPop;

R e AN

10:

12:
13:
14:
15:
16:

input: retrieve training data.
begin

Randomly create initial population from primitives supplied;
Execute each expression on training data for fitness;
set currentPop:= Initial population
while gen< Max Generation and eval < Evaluation Limit
while pop < Population Size and eval < Evaluation Limit
Select two parents from the currentPop;
Create new offspring via crossover;
Insert the offspring into newPop;
set pop:= pop+1, eval:= eval+1;
end while
set currentPop = newPop, gen:= gen+1;
end while
return best solution so-far;
end
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interoperability of the applications are critical for integration to already existing software used in
analysis of the industrial systems, e.g. manufacturing execution/tracking systems.

The framework developed consists of two main tools; a simulation software, Plant Simula-
tion 8.2, and a software development environment, Visual Studio .Net Framework, In order to
decrease coding efforts some other auxiliary applications, e.g., JMP, ANTS, are utilised. In the
remainder of this section, these will be described in more details.

The simulation models used in this dissertation are built in Plant Simulation 8.2° which is
recently owned by Siemens. With extensive and flexible entity libraries, Plant Simulation allows
development of detailed DES models of industrial systems, such as semiconductor manufactu-
ring, supply chains. Industrial operations such as, production planning, optimisation of processes,
e.g., resource allocation, material flow, manufacturing schedules, can benefit from these detai-
led models. In the particular, we utilised the DES models to quantify the system performance
measures, such as production rates, or performance indicators such as flow time by evaluation
alternative system scenarios.

GP algorithms presented throughout the dissertation was built in Visual C# Express 2010. It is
freely available on the Microsoft website ©. GP is preferred to be modelled in C# due to available
libraries to support development a framework as well as data analysis, ease of communication
with simulation and subjective preferences such as terse syntax.

The magic ingredient in facilitating the interaction between Plant Simulation and Visual
Studio is MS Windows Component Object Model, i.e., COM. COM interface enables the re-
mote control of Plant Simulation from a C# application. A number of capabilities are available
through the functions and events implemented in the interface of Plant Simulation (see Figure
2.4.2). These functions allow a great flexibility in bidirectional interaction and information flow
between GP and simulation models.

The Figure 2.4.3 is a code excerpt illustrating the interaction and use of some of the functions
listed in 2.4.2. In brief, the process starts with the definition of the remote control type for eM-
Plant. This provides the ability to access COM functions and events. The next line creates the
SimulationFinished event Event Handler, which is of critical importance. When any simulation
run is ended in Plant Simulation, it fires a SimulationFinished event. By making use of this event
handler, .Net can immediately realise the simulation is complete. When used in conjunction with
GetValue() method (see Figure 2.4.2), performance measurements from simulation can be retrie-
ved. This is probably the most useful piece of code in our implementation. The other methods

exemplified in Figure 2.4.3 are straightforward; LoadModel() will load the model defined by its

5. http://www.plm.automation.siemens.com/en_us/products/tecnomatix/plant_design/plant_simulation.shtml
6. http://www.microsoft.com/visualstudio/en-us/
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interface IRemoteControl : IDispatch

1
HRESULT MewModel();
HRESULT LoadModel(BSTR);
HRESULT SaveModel(BSTR);
HRESULT CloseModel();
HRESULT StartSimulation(BSTR);
HRESULT StopSimulation();
HRESULT ResetSimulation(BSTR);
HRESULT IsSimulationRunning([out,retval]VARIANT _BOOL*);
HRESULT SetPathContext(BSTR);
HRESULT ExecuteSimTalk(BSTR,[ocptional]VARIANT, [out,retval]VARIANT*);
HRESULT GetValue(BSTR,[out,retval JVARIANT*);
HRESULT SetValue(BSTR,VARIANT);
HRESULT Quit();
h

Figure 2.4.2: COM Interface functions of Plant Simulation.

argument, SetValue() configures the values of the entities as defined, ExecuteSimTalk() executes
a the instructions passed by its argument.

Figure 2.4.4 provides a diagram of the framework where the arrows indicate the data flow bet-
ween components; with double ended arrows referring to bidirectional communication. “DOEs”
refer to the stored experimental designs including the simulation configuration information and
the corresponding performance results. “Results” component is only accessed by Visual Studio
C# in order to record the results which are collected at every generation and every 1000 fitness
evaluations.

Throughout the experiments several study cases are explored with simulation. In Chapter 3,
we considered the serial production lines which constitute to a common production method. The
manufacturing throughput rate function dependent on the buffer allocation levels are evolved
using different experimental designs. These designs were generated in JMP statistical software.
JMP has packages which allow automatic generation of experimental designs via most of the
existing DOE methods. A 30-day free trial is available on JMP home page ’. We also considered
other case studies to explore the robustness of the approach presented. These involve an auto-
mated manufacturing handling system in semiconductor manufacturing plants and a inventory
control problem in supply chains. The related work is presented in Chapter 4. After establishing
the competitiveness and robustness of GP in simulation-based metamodelling, we further inves-
tigated its use in delivering functions of part flow times through the system. This is achieved by
training GP algorithm based on the system state observed up on arrival of a part to the system.

Finally, the second auxiliary component in the framework is ANTS Performance Profiler 6 8.

7. http://www.jmp.com/
8. http://www.red-gate.com/products/ants_performance_profiler
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#region Setup & Run Remotely
// CREATING A REMOTE CONTROL TYPE FOR eM-Plant
emRemote = new eMPlantLib.RemoteControl();
// CREATE EVENTHANDLER FOR SimulationFinished EVENT
emRemote. SimulationFinished +=
new eMPlantLib. IRemcteControlEvents_SimulationFinishedEventHandler(emRemote_SimulationFinished);
//SET LICENCE TYPE
emRemote.SetlicenseType("EDUCATIONAL"™);
//LOAD THE MODEL
emRemote. LoadModel({"C: /ProductionLinelonglines.spp™);
//SET ADDRESS OF THE ENTITY IN SIMULATION MODEL
emRemote. SetPathContext("Models.Build™);
//SETUP ENTITIES; e.g., SETUP THE BUFFER SIZES
emRemote.SetValue("BufferConfig[4,1]", config.Length + 1);
for (int 1 = 8; i < config.Length; i++)
1
string sValue = "BufferConfig[2,1][" + (i + 2) + "]";
emRemote.SetValue(sVWalue, config[i]);
b
//SETUP THE SAMPLING SIZE
emRemote. SetValue("SampleSizes"”, 38);
//RUN START SIMULATOIN METHOD IN THE MODEL
emRemote.ExecuteSimTalk(" (r:real) is do .Models.Build.StartSimulation; end;™, 2.3);

Figure 2.4.3: An example implementation which establishes communication between .Net and
Plant Simulation through COM interface.

Plant o 7
Simulation VL
\
¥
DOEs

Figure 2.4.4: The metamodelling framework with auxiliary components JMP and ANTS.
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ANTS is a commercial tool which can be used to analyse and improve the performance of .Net
applications. It is a very useful tool in locating the bottlenecks of the software. It can quantify the
certain parameters such as time spent at a method, or the times that method is executed. Figure

2.4.5 illustrates such information extracted from ANTS.

Method Mamne Time (%) Time ‘With Children (%) | Hit Count

GR.SelectParents{int size) 24,888 47,954 843,629,766
Parser.Parse{double[] Data) 11.569 34.545 21,191,741
GRSolution.get_Fitness{) 7.279 7.279 .3?5,550,086
RandomUtilities.GetMextInt{int min, int max}) 6,864 13,999 | 2,535,719,411
GR.Compatibility(int father, int mother) 4,016 7.361 421,914,353
GR.CreateNextGeneration{List <GRSolution > solutions) 2172 - 99,935 g
GRSolution.get_Indicator{) 1.857 1.857 897,895,957
GPOperators.StandardFitness{GRSolution solution} 0,375 14,445 254,517
GPOperators.StandardTest{GRSolution solution} 0.323 13.164 254,508
GRHelper.getSubTree{string[] Tree, int index) 0,309 1.015 13,632,770
GPOperators.Standard¥alidate{GRSolution solution} 0,234 11,872 254,515
GRHelper.simplify Tree{string Tree) 0.13z2 1.070 539,247
GPOperators.0X%_SizeLimit{GRSolution parent 1, GRSolution pare... 0.055 1,353 261,526
EnumerableStats.Median{IEnumerable <double > source) 0.015 1.487 478,592
GRSolution.Get¥alidity(}) 0,005 11.881 254,515
GRSolution.GetFitness{) 0,003 14,455 254,517

Figure 2.4.5: Results from ANTS Performance Profiler 6.

2.5 Conclusion

This chapter provides an introduction to metamodelling and specifically metamodelling of
manufacturing systems. Increasing complexity of modern manufacturing systems, have increa-
sed the need for high fidelity models to assist the efficient operation of these systems. While
simulation modeling can provide such high fidelity models, its computational cost can inhibit its
application. Metamodelling is an approach that can overcome this disadvantage of simulation.
As such in recent years, several methods (i.e., ANN, Kriging, SVR) for metamodelling have
been proposed. One approach, genetic programming, has received little attention in the literature
in this regard. This chapter presented a brief introduction to genetic programming and placed it
within the context of past research into metamodelling. Lastly, the chapter gave an overview of

the software tools that will be used in this thesis.
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Chapter 3

Comparison of Experimental Designs For

Genetic Programming-based Symbolic

Regression of Manufacturing systems !

An empirical analysis of experimental design approaches in simulation-based metamodelling
of manufacturing systems with genetic programming is presented in this chapter. An advantage
of using genetic programming is that prior assumptions on the structure of the metamodels is
not required. On the other hand, having an unknown structure necessitates an analysis of the
experimental design techniques used to sample the problem domain and capture its characteris-
tics. Therefore, the study presents an empirical analysis of experimental design methods for the
construction of GP metamodels for the prediction of system throughput for a given buffer confi-
guration on a common industrial system, serial production lines. The objective is to identify a
robust sampling approach suitable for genetic programming in metamodelling. Experiments on
different sizes of production lines are presented to demonstrate the effects of the experimental
designs on the complexity and quality of approximations as well as their variance. Our results
indicate that GP is a robust method to perform simulation-based metamodelling across the expe-

rimental designs analysed.

3.1 Introduction

Industrial operations in manufacturing systems often involve implementation of decisions.

In this context, quantifying the performance can be helpful in asserting the value of operations

1. This chapter has been accepted with minor corrections to Computers and Industrial Engineering, Elsevier,
2010.
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to assist decision making and to improve competitiveness. The impact of the changes can be
assessed by a variety of metrics such as cost, throughput rate, cycle time, flexibility and so forth.
For this purpose, several types of predictive models are used to measure the performance and
explore the dynamics of the manufacturing systems.

The literature comprises a variety of techniques including simulation and analytical methods
to predict the performance of systems. Discrete-event simulation (DES) is extensively used in
analysis of modern industrial systems (Banks, 1998; Law and Kelton, 2000). DES facilitates
analysis with high fidelity models as a consequence of its flexibility.

Analytical methods, such as queueing networks (Papadopoulos et al., 1993a), decomposition
methods (Gershwin, 1987), and aggregation methods (Terracol and David, 1987; Sadr and Mal-
hame, 2004) can be used to approximate the performance of manufacturing systems. Despite the
computational efficiency of some of these methods, they have the disadvantage that they may re-
quire restrictive assumptions to be made in analysis of the system of interest. These assumptions
may have to vary depending on the characteristics and the topology of the manufacturing system
which may undermine generalisation of the methods (Altiparmak et al., 2007).

Alternatively, metamodelling can be particularly useful in addressing computationally ex-
pensive DES models, when there is an appropriate compromise between accuracy and system
evaluations. In the context of metamodelling, the system performance can be generally predic-
ted via regression analysis. Regression involves minimisation of the error of a predicate model
against a sample (or training) data obtained from the problem domain. Here, a predicate refers to
a metamodel (surrogate, approximate model) which can take the form of an analytical expression
(e.g. polynomials) or a black-box (e.g. neural networks). Metamodelling has found a range of ap-
plications where it can be used instead of simulation models when accuracy can be compromised
for efficiency. Biles et al. (2007) exemplify the application of a Gaussian process model, Kriging
(KG), yielding an analytical approximation to replace simulation models. Kuo et al. (2007) in-
vestigates the use of artificial neural networks (ANNs) in development of simulation metamodels
of material handling systems in semiconductor wafer fabrication.

The purpose of this study is to investigate the effect of experimental design approaches on
the predictive accuracy of genetic programming and its robustness. The chapter is organised as
follows. First, an overview of the models for measuring performance of manufacturing systems
is provided. Subsequently, metamodelling in general is described in detail in tandem with a
summary of DOE methods. Then, GP is introduced with a review of its application regarding
metamodelling. Subsequently, we will construct analytical functions of simulation models of
production lines demonstrating with a comparative study of design of experiments. Finally, we

summarise our results and refer to some future directions. Our results demonstrate the usability of
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GP incorporated with an appropriate DOE scheme as an alternative to DES models in measuring

system performance when the trade-off between accuracy and efficiency is appropriate.

3.2 Models of Manufacturing Systems

An extensively used tool for modelling manufacturing systems is DES. DES facilitates a
flexible environment for modelling and analysis of industrial systems with the required amount
of detail. This attribute of DES can be critical for understanding the behaviour and the dynamics
of complex systems. Therefore, it has been popular in many operational applications, such as
production planning and scheduling (Lee and Kim, 2001), supply chain design and analysis
(Kleijnen, 2003) and system design and manufacturing operations (Smith, 2003).

In spite of the wide usage of DES in most real-world systems, its use in analysing complex
systems (e.g. semi-conductor manufacturing systems) and in optimisation is severely restricted
due to the method being too computationally expensive. Modelling of stochastic elements in
real-world applications may require multiple or longer simulation runs to measure performance.
This generally introduces a computational overhead which restricts its maintenance and use to
support decision making (Fowler et al., 2001).

In contrast with computationally exhaustive DES models, analytical approximations can be
developed to predict the performance of manufacturing systems by using the relationships among
the entities or events within the system. Well established mathematical methods such as queueing
networks (Papadopoulos et al., 1993a), approximate methods such as decomposition (Gershwin,
1987) or aggregation methods (Kerbache and Smith, 1987) can be used. Vidalis et al. (2005)
model a serial production line as a tandem queueing network and utilises Markov chain analysis
to formulate the throughput rate and work-in-process. Recently, Manitz (2008) exemplifies the
use queueing models in the analysis of assembly lines to derive the throughput rate of the system.
Similarly, Jain (2008) uses queueing networks and mean value analysis to derive throughput,
mean waiting and service times for flexible manufacturing systems. Approximate decomposition
methods have also been extensively applied in the modelling of the manufacturing flow lines
(Gershwin, 1987; Dallery et al., 1989). Dallery et al. (1989) showed that the throughput rates
obtained via the decomposition approximate model match the simulation results with a typical
deviation of less than 5% particularly for longer production lines. Asadathorn and Chao (1999)
apply the same principle to assembly-dissassembly queueing networks reporting relative errors
within 10% of simulated scenarios. Alden (2002) obtains a general model exploiting the buffer
states in a simple production line to calculate the throughput rate. Blumenfeld and Jingshan

(2005) extended this model to obtain a formula for the throughput rate of longer serial production
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Figure 3.3.1: Functional mapping in simulation.

lines with further assumptions of identical unreliable workstations with fixed processing times
and random failures. Despite the efficiency of analytical models, they may require unrealistic
assumptions to make the system of interest more tractable.

On the other hand, a metamodelling methodology can provide a compromise between the
flexibility of simulation and efficiency of analytical approaches as summarised above. In the fol-
lowing subsection, an overview of metamodelling techniques and related work on experimental

design is given.

3.3 Metamodelling

Metamodelling is an active research area owing to its capability to replace simulation models
when the trade-off between accuracy and efficiency is appropriate. A metamodel is an abstrac-
tion of a system, which attempts to predict its behaviour by sampling the problem domain and
constructing approximate models. In this respect, it is a common practise to consider a DES mo-
del, or a system, as a black-box of the system performance (response) against a set of decision
variables (regressors) as illustrated in Figure 3.3.1. Hence, a simulation model can be consi-
dered as an implicit function of system performance, J(Q), dependent on decision variables,
0 ={q1,92,-..,qn}- The purpose here in metamodelling can be to quantify the interaction bet-
ween the system response and regressors via an approximate model, f(Q), in conjunction with a
residual error, € (Equation 3.3.1). Due to approximate nature of the models, there is an allowance

for systematic error which will be a part of all predictions made with the model.

J(Q)~ f(Q)+¢€ (3.3.1)

A simulation-based metamodelling study generally involves four basic stages:

— A regression model (e.g. a second order polynomial) is chosen to fit the system response,
factorials,...

— The decision space of the system is sampled at different levels of decision variables to

generate training data,

39



— The unknowns, such as coefficients, in the assumed model are estimated by means of
regression analysis against training data,
— The constructed model is finally tested at settings of decision variables which are not al-
ready in the training data for validation purposes.
Due to the computational gain in system evaluations through metamodelling, there have emerged
a variety of approaches to construct approximations of system response. A common methodology
that has found early application in simulation-based studies is linear regression (LR) models.
Reis dos Santos and Isabel Reis dos Santos (2009) employ LR to build metamodels representing
portions of a simulation model. These models are then integrated to the body of simulation
replacing relevant parts in order to improve the efficiency in simulation-based analysis. In LR, a
first order linear function (e.g. a polynomial) of decision variables with unknown coefficients is
used. The coefficients are typically estimated via least squares approach which is driven by the
residual errors between the estimations by the model and the measurements with simulation of
the system at different configurations. (see Equation 3.3.2 for a Root Mean Square Error (rmse)

measure).

rmse = an F(@)—-J(Q) (33.2)

Vi

While the linear polynomials can be preferable for the simplicity of the model and ease of
implementation, they may lack the capacity to reflect the system behaviour when the interac-
tions between the response and the control factors are complex (e.g. nonlinear). An immediate
alternative in this respect is using higher order, nonlinear, polynomials. Santos and Nova (2007)
apply nonlinear regression to a single-server queueing simulation and report highly accurate
approximations with average residuals less then 1%. Similarly, Durieux and Pierreval (2004)
present metamodelling with nonlinear regression for the sensitivity analysis of design factors in
an automated manufacturing system with parallel workstations. They perform the analysis for
a second-order polynomial in this problem with 8 decision variables. With the increased com-
plexity of this system compared to single-server model, the study reports a 6% absolute error
which is considered to be accurate enough for the sensitivity analysis aimed at in the study.

The increasing complexity of the real-world systems has motivated attempts towards utilising
more sophisticated methodologies. To illustrate, Alenezi et al. (2008) exemplify support vector
regression to estimate the order flow times in manufacturing. Chambers and Mount-Campbell
(2002) utilise ANNSs to derive throughput rates and job completion times in a queue simulation.
ANNSs are algorithms emulating the nervous systems such as human brain. They are formed

by a set of nodes, in analogy with neurons, and links, with numeric weights, connecting these
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nodes. The interaction between these nodes provides information processing capabilities, such
as learning. Similarly, Altiparmak et al. (2007) present a comparative study of ANNs versus
two different LR functions regarding metamodelling of assembly lines with intermediate buffers
between workstations. They performed the comparison in three different problem settings where
the workstation failure rates are varied. The results indicate ANNs outperform the LR models in
terms of extrapolation accuracy. ANNs are applied in a range of simulation-based metamodelling
studies prominently. Despite their efficiency, ANNs need to be configured carefully to avoid
overfitting (Tetko et al., 1995). Overfitting refers to the case where the training error of a model is
low; but lower accuracy in extrapolation. Furthermore, the complexity of the constructed models
can make it difficult to comprehend.

A prominent technique among the recent metamodelling studies is Kriging (KG). KG was
originally developed as a geostatistical mapping method. Later, it has been used for metamo-
delling in context of discrete-event simulation (van Beers and Kleijnen, 2004). KG uses the
weighted combinations of the simulated system performance at the training points in order to
derive estimators. The weights are dependent on both the distance between the sampled points
and the point where the estimation will be performed, but also the covariance among the training
points. Van Beers (2005) provides a review on KG and illustrates its application on a (s,S) in-
ventory control problem. Kriging models have their merits, including an error bound estimation
of the prediction which can be utilised in metamodelling of noisy simulation output. However,
the computational cost for building up a Kriging model can be substantial when the number of
samples increases (Willmes et al., 2003).

Koza (1992) introduced GP to symbolic regression of input-output data. As mentioned ear-
lier, a characteristic of this method is that it does not require any model assumptions apart from
a set of arithmetic operators to construct the metamodels unlike common metamodelling tech-
niques. While this can provide a substantial advantage in approximating problems with nonlinear
behaviour with an unknown response profile, the unknown structure of the final model may com-
plicate the choice of experimental design used for sampling the decision space of the system.
Therefore, we extend this study by exploring experimental designs for GP since it is critical to
the accuracy of the approximations constructed in any metamodelling study.

In metamodelling, design of experiments (DOEs) are applied to generate the training data
from the decision space of the problem. Sampling is critical to develop an understanding of the
system behaviour and to capture its performance (or response) characteristics against changes in
system parameters (i.e. factors, decision variables). In this respect, an approximation of a system
will require sample data (training data) which should be representative of the domain.

Typically, most real-world systems involve two or more decision variables in interplay with
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the performance of the system. While the changes in each of these decision variables can effect
the system behaviour differently, there can be possible interactions among them where they toge-
ther have a different impact. Therefore, the sample data needs to be gathered in a systematic way
to maintain the quality of constructed models. With regard to simulation, data sampling involves
execution of simulation runs which can be computationally expensive. Therefore, sampling effi-
ciency is an especially important factor when metamodelling using simulation.

The literature comprises a variety of methods to generate experimental designs. Chen et al.
(2006) demonstrate an overview of the metamodelling and DOE approaches commonly applied.
Simpson et al. (2001a) present a comparative analysis on popular experimental designs and ap-
proximation models and pointed out the preference on the overall coverage of the DOEs. Yildiz
and Eski (2006) incorporate full factorial designs to identify optimal parameters of an assem-
bly line based on an ANN metamodel. In a study of a batch manufacturing facility, Noguera and
Watson (2006) fit low order polynomials to approximate the production throughput of the system
based on process and transfer rates using two and three level factorial designs to extract inter-
actions between decision variables. Factorial design methods are widely applied in simulation-
based studies. It involves experimenting at a number of different levels (generally low and high,
or medium), n, of m decision variables, leading to a sample size of n™. Clearly, increasing the
number of levels can undermine their application in complex problems due to the large number
of possible combinations. Durieux and Pierreval (2004) addressed this with fractional full facto-
rial designs to obtain LR models of an automated manufacturing system. Factorial designs can
be extended to central composite designs (CCDs) by including the median and axial values for
the system variables when the response is identified to have nonlinear behaviour (Simpson et al.,
2001b). These designs are in general two-three level sampling procedures that enable estimation
of two-factor interaction and linear-nonlinear effects.

An increasing number of decision variables and a high level of nonlinearity of the decision
space may undermine the efficiency of factorial designs in terms of the required number of trai-
ning points to be collected. While this drawback can be a challenge in computation intensive
applications such as simulation, it has motivated a variety of alternative methods in literature,
such as optimal designs, space-filling designs etc.. Cheng et al. (2000) illustrate an application
of optimal designs to regression experiments on simulations of nearly saturated queues. Optimal
designs are motivated by optimising a measure of information which is critical in representing
the system behaviour. For instance, the information matrix in a D-optimal design is formed by
the partial derivatives of the assumed functional form. Therefore, they are generally used when
there is a specific model and a region of interest over the domain is known a priori (Montgomery,

2009). Hence, in cases where the model structure is unknown, use of optimal designs can be
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prohibitive. In their review, Kleijnen et al. (2005) indicate that the selection of the experimental
design procedure is related to the metamodel structure presumed. For instance, Latin hypercube
sampling (LHS) is shown to be a suitable sampling method for use in metamodelling with KG
(Van Beers, 2005). Furtherore, they note that experimental designs with space-filling properties
do not necessitate many assumptions about the structure of the response which complies with the
needs of metamodelling approaches such as, GP. Therefore, this study will consider space filling
designs such as, Latin hypercube sampling (LHS), uniform designs (UDs), maximum entropy
sampling (MES).

Finally, following sampling, the chosen model is fitted to data observed from the system
via regression analysis. This is performed through the use of an error measure such as RMSE
against the training data set. The models are updated iteratively with respect to the resulting
error. For instance, matrix inversion in LR (Reis dos Santos and Isabel Reis dos Santos, 2009),
back propagation algorithm in ANNs (Tetko et al., 1995) can be used over the data set. As
mentioned previously, sampling is performed to capture the dynamics of a system. With regard
to simulation the data collection process often involves evaluation of system simulations which
introduces a large computational overhead to the procedure. Therefore, sampling efficiency is
also an important factor and generally a limited number of samples is used to avoid computational
overburden. Consequently, constructed models need to be validated with samples which are not
already in the training data as a final step.

In the remainder of this chapter, we will apply these concepts from design of experiments to
perform an empirical comparison of genetic programming on metamodelling of a DES model of
serial production lines to obtain analytical approximations. In the following section, we describe
the genetic programming methodology first. Then section 3.5 will present experiment results
from an empirical study that compares design of experiment methods in building GP metamodels

of simulation.

3.4 Symbolic Regression with Genetic Programming

GP is a sub-branch of evolutionary algorithms (EAs) which emulate the natural evolution
of species. It has the capability to evolve programs of a domain via symbolic regression (Koza,
1992). These programs can be interpreted as grammar rules, logic instructions, analytical func-
tions etc. This ability has led to attempts to solve variety of problems such as in genetics (Greene
and Moore, 2008), data mining (Otero et al., 2003), chemistry (Banzhaf and Lasarczyk, 2005).

Koza (1992) first proposed the use of GP to find a symbolic regression tree corresponding to

a mathematical formula that best fits the data as defined by a fitness criteria (See Equation 3.3.2).
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This can be performed in an optimisation framework where the error (e.g. RMSE) of the gene-
rated symbolic trees against a sample data is minimised numerically via regression. Therefore, it
is inherently suitable to perform simulation-based metamodelling of complex industrial systems;
yet it is rarely applied

The design of GP requires certain components to be defined in order to emulate the evolutio-
nary process. These involve n-ary arithmetic functions, system decision-variables, and evolutio-
nary operators, such as crossover and mutation, to evolve predicates.

The symbolic expressions, referred as individuals or solutions, are generated to form the ini-
tial population. A population in EAs refers to a set of a certain number of solutions at an iteration
of the algorithm. The initial expressions are created with tree-based encoding. To illustrate, Fi-
gure 3.4.1 shows a few examples of such trees, for instance, (7 * (r*r)) is the expression tree
labelled as Offspring 1. These expressions are formed with elements from two distinct parame-
ter group, 1) functional primitives, ii) terminal set. The functional primitives are generally n-ary
arithmetic functions, e.g. sin, +, *, cos, In etc. The arguments for these functions are supplied
from the terminal set which consists of the decision variables, constants or other system rele-
vant parameters. The initial solutions are generally limited in terms of tree depth or length of
expression in order to fill the first population in the algorithm with the potential building blocks
of individuals to be evolved at the further stages of the algorithm.

These individuals generated are eventually arithmetic formulas which explicitly present the
mapping relationship between the decision variables of the system and associated performance
metric. Therefore, each new solution tree constructed is associated with a fitness value, which
indicates how accurate the expression represent the data set it’s being trained. The fitness of
an individual determines its relative ability to survive and breed the next generation during the
evolutionary process.

A significant characteristic of evolutionary algorithms is parallelism within a population
concept. A sufficiently large amount of solutions constitute to a population where evolutionary
variation mechanisms, such as crossover and mutation, operate. Once the initial population is
formed, it goes under a parent selection procedure which is simply the use of systematic ope-
rations to choose solutions which will be used to generate new solutions, i.e. offspring, later. A
comparison of the common selection operations, e.g. roulette wheel, tournament, in EAs is given
in Blickle and Thiele (1997). The parents selected go through a mating procedure, e.g. crossover
operations, as illustrated in Figure 3.4.1, to breed the subsequent population with new solutions.
The offspring solution can further undergo small variations by means of mutation to enable local
search. This procedure repeats at every generation until a new population is formed. Evolution is

finalised when a stopping criteria, such as approximation quality, computational cost, is satisfied.
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Parent 1 Parent 2

Child 1 Child 2

Figure 3.4.1: Tree-based representation of 7 % 7> (offspring 1), a * r (offspring 2), 7 % r (parent
1), ax (r+r) (parent2) and an example of crossover operation in GP. Crossover points on the
parents are indicated by bold circles. Offspring are formed by exchange of such nodes in the
parent expressions.
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Algorithm 3.1 The general framework of genetic programming algorithm.
1: input: setup GP (see Table 3.2), retrieve training data.
2: output: best expression;
3: begin
4: var gen:=1, eval :=0, pop:=0, newPop, currentPop;
Randomly create initial population from primitives supplied;
Execute each expression on training data for fitness;

5: set currentPop:= Initial population
6: while gen< Max Generation and eval < Evaluation Limit
7: while pop < Population Size and eval < Evaluation Limit
8: Select two parents from the currentPop;
9: Create new offspring via crossover;
10: Insert the offspring into newPop;
11: set pop:= pop+1, eval:= eval+1;
12: end while

13: set currentPop = newPop, gen:= gen+1;
14: end while

15: return best solution so-far;

16: end

The algorithms procedure is summarised in pseudo-code in Algorithm 3.1.

As a consequence of the flexibility of the evolving system and robustness of the algorithm,
there have been a number of symbolic regression applications in a range of domains; clustering
and data mining applications (Afonso et al., 2004), deriving correlations in heat transfer measu-
rements (Cai et al., 2006), management of water resources (Giustolisi et al., 2008). McKay et al.
(1997) utilise GP to model two different chemical processes. Zhao (2007) studies a classification
problem with a multiobjective GP and exemplifies its application on data mining. Recently, Bay-
kasoglu (2008) presented a variation of GP, gene expression programming, to perform due-date

assignment.

3.5 Experiments and Results

In this section, an empirical analyses will be presented that evaluates the effectiveness of
different design of experiment methods in constructing metamodels of serial production lines
using GP. This section first describes the serial production line used as a test bench in this study.
Following, metamodels using GP are constructed of simulation models of this system, with the

purpose of comparing a number of DOE methods.
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Figure 3.5.1: Serial production line with starting materials arriving at the first buffer By and
products leaving the system at the last machine M,,.

3.5.1 Model Description

The literature regarding evaluation of performance of manufacturing systems consists of a
large proportion relating to serial production lines (Dallery and Gershwin, 1992) (Figure 3.5.1).
Flow lines and transfer lines constitute this most commonly used method of manufacturing (Ka-
lir and Sarin, 2009). Systems with more complex topologies can be decomposed into building
blocks of servers and studied in isolation which eases the analysis. The literature presents several
examples illustrating this approach (Terracol and David, 1987; Sadr and Malhame, 2004). .

In this study, production lines with interstational buffers (as shown in Figure 3.5.1) are used
as a test bench since these systems have been widely studies in the literature, with particular
focus on approximating the throughput rate as a function of individual buffer allocations. Lee
and Kim (2001) study the effect of buffer allocation schemes on work-in process. Nahas et al.
(2006) explore the optimal buffer allocation strategies to improve production rate in manufac-
turing plants. Using intermediate buffers can help improve production output and smooth the
operation of these systems by eliminating disruptive effects of possible stochastic elements such
as processing times and failures. Similar problems can arise in other domains, such as supply
chains operations, communication technologies (Dolgui et al., 2007; Vidalis et al., 2005), which
motivate many studies in research and practise.

Figure 3.5.1 depicts a serial production line of m single machine servers, M;, and finite in-
termediate buffers, of size Q = (¢2,¢3,..-,qm), with a total available buffer space constraint, N.
It is worth mentioning that the problem assumptions and settings are put in place for validation
of the simulation model against a benchmark study of Papadopoulos et al. (1989). However, un-
like other approximation methods mentioned in Section 3.3, our approach will not necessitate
intrinsic assumptions about the underlying system. In Papadopoulos et al. (1989) study, exact
analytical models are derived to calculate the throughput rate of serial production lines based on
intermediate buffer spaces. The machines have an exponential service rate with y; = 1 in order to
reflect the stochastic nature of the manufacturing plant. Lots arrive at the system at the first buf-
fer and sequentially proceed through the line. As a result of having finite buffers and variability
in processing times, starvation and blocking can be observed at intermediate stages. The starva-

tion refers to the event that a machine remains idle when there is no task in its upstream buffer.
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Table 3.1: Validation results of the simulation model against the exact results provided in Pa-
padopoulos et al. (1989), indicating a negligible amount of absolute error.

Problem Setup Exact | Simulation Abs.
No. of stations (m) | Buffer allocations (Q) | results model | Error(%)
5 5,1,4,2 0.6997 | 0.7006 0.11
5 8,3,4,2 0.7426 | 0.7427 0.01
8 1,1,1,1,1,1,1 0.5720 | 0.5725 0.09
8 2,2222272 0.6496 | 0.6498 0.03

Conversely, a machine can be blocked when there is no available space in its downstream buffer.
Production blocking is used and further, the first machine is never starved and the last machine is
never blocked. Due to incorporation of stochastic elements (e.g. lot processing times at individual
machines) in the DES model, specific output analysis techniques need to be used. A summary of
such techniques is presented in Alexopoulos (2006). In our experiments, batch means analysis is
used to measure the incurring throughput rates at each buffer allocation. A simulation run was
divided into two stages; warm-up and steady-state. The truncation point from warm-up period
to steady-state is determined to be 20,000 lots using Welch’s method. After the truncation point
is passed, data from 30 batches, each of size 5000 lots, is collected at steady-state to calculate
the expected throughput rate which is used as the performance metric corresponding to a buffer
allocation scheme. Table 3.1 provides sample results from the validation of DES model against
the exact results provided in Papadopoulos et al. (1989).

The simulation validation results in Table 3.1 indicate a highly accurate model. In the empi-

rical study that follows the buffer allocations are to an upper bound N, where:

Y, <N, (1) (3.5.1)
qi > 17 (2)

which gives a decision space of size C (N ;’f; 2) (Lutz et al., 1998).
In the remainder of this section, we contrast some of DOE techniques from the literature (see
section 3.3) using GP based symbolic regression and compare the results against simulation to

assess the validity of the metamodels.
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3.5.2 Overview of Empirical Analysis

This section provides an overview of the design of experiments methods used to generate the
experimental analysis in this chapter. It will present a brief introduction for the methods used as
well as the settings for the GP.

The experimental designs used in this study are: Latin Hypercube Sampling (LHS) (Mckay
et al., 2000), Uniform Designs (UD) (Fang et al., 2000) and Maximum Entropy Sampling (MES)
(Shewry, 1987). LHS (Mckay et al., 2000) implements a hypercube which is a matrix of r rows,
the number of levels of decision variables explored, and ¢ columns, the number of decision
variables. Each column contains the random permutations of the levels decision variables, while
correlation among the columns of the hypercube is minimised (Harris et al., 1995). Owing to its
computational efficiency it has been applied in a number of metamodelling studies (Beers and
Kleijnen, 2008; Alam et al., 2004). Another approach, UD (Fang et al., 2000), creates samples
by minimising a distance measure, discrepancy, ensuring the uniform scattering of the generated
designs through the decision space. A Bayesian approach that will be considered in this work
is MES (Shewry, 1987). MES focuses on maximising the information, entropy, contained in the
distribution of a data set.

The sampling data for LHS, UD, MES is generated with a commercial software, JMPZ2, and
discretised accordingly in the context of the buffer allocation problem (BAP). This software
contains these DOE techniques built-in. The number of levels and the size of the sample set can
be defined by the user. In order to achieve feasible experimental designs, the number of levels
are chosen to be |N/(m—1)]. Nonetheless, it has been observed that a portion of the generated
designs have the potential to violate the problem constraints. Therefore, we also employed a
custom random sampling (PI) for the constrained and discrete decision space. PI generates the
samples with respect to pseudocode given in Algorithm 3.2 and Algorithm 3.3. For all DOEs,
generated allocation schemes are evaluated on Plant Simulation 8.2 3, a DES tool of Siemens and
the genetic programming is coded in Microsoft Visual Studio C# Express *.

As explained in Section 3.3, once the training data is obtained by DOEs, GP is applied to
perform symbolic regression. Table 3.2 summarises the parameter settings for the GP algorithm.
Poli et al. (2008) state that it is difficult to generalise the settings for GP since they are application
dependent. However, robust settings can be obtained easily. The population size is set to 1000
solutions. This population is initialised using a commonly used method, ramped half-and-half

(Koza, 1992) with initial tree sizes limited to the range 2-4. Each expression is given a fitness

2. http://www.jmp.com/
3. http://www.plm.automation.siemens.com/en_us/products/tecnomatix/index.shtml
4. http://www.microsoft.com/express/Windows/
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Algorithm 3.2 Generation of custom random design in discrete and constrained decision space
with PL. All variables are integers, [] refers to an integer array, [p] is the p'” indice ; k, the lower
bound constraint is given in the problem definition to determine the minimum level of allocation
1: input: m= line length—1; N =total buffer space available ; k = lowerbound constraint, n =
size of training set;

2: output: training set;
3: begin
4: var len, min, allocation|], count;
5: set min :=mxk, count :=0,i=0;
6: while count< n;
7: set len := Randomlnt (min,N ) ;/* generate a random integer between min and N */
8: allocation|] := Create [len,m]; [* create the allocation with Create method (see Algo-
rithm 3.3) */
9: for i< m;
10: allocation|i] := allocation [i] + k;
11: L=i+1;
12: end for
13: if allocation ¢ training set
14: allocation — training set;
15: count := count + 1;

16: end while
17: return training set;
18: end

Algorithm 3.3 The Create(len,m) routine in PI. All variables are integer as well as , [] indicates
an integer array, and [p] is the p'* indice.

1: input: (len,m);
2: output: allocation |
3: begin

4: var p=0,i=0;

5: for i< m;

6 p := RandomlInt (0,m),

7 allocation [p] := allocation[p] + 1;
8 i:=i+1;

9: end for

10: return allocation;

11: end
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Table 3.2: GP parameters settings used in the experiments.

Parameters Value

Pop Size 1000

Min Initial Tree Size | 2

Max Initial Tree Size | 4

Max Solution Length | 30

Initialisation Method | Ramped Half and Half

Selection Tournament with size 2

Crossover Subtree crossover with solution length constraint
Max Generation 100

Evaluation Limit 10°

Terminal set 0=1{92.93,--,qm}

Functional primitives {>|<,%,+,—,xy,xz,x3 , €xp, In, sqrt, tan, cos, sin}.

derived from the rmse on the training data (see Equation 3.3.2), e.g. 1/(1 + rmse) to assess its
ability to predict throughput rate.

Tournament selection with size 2 is used to choose parents from the population. In this stra-
tegy, to decide each of parents, the number of solutions defined by the size of the tournaments is
randomly picked from the current population. These tournament solutions then compete against
each other. The winner of the tournament is chosen to be one of the parents of the offspring. A
subtree crossover as illustrated in Figure 3.4.1 is used to facilitate generation of new offspring
from these parents.

During a GP run, the evolving metamodels has the potential to grow in size as a result of
variation operators in parallel with increasing quality of fit. The size of an evolved GP meta-
model has a bearing on its transparency and there is a trade-off between GP function size and
accuracy. There have been studies that simultaneously consider solution quality and complexity
within a Pareto-notion in a multiobjective optimisation framework to tackle this issue (Vladi-
slavleva et al., 2009). Another way of dealing with solution size is applying parsimony pressure
which utilises a penalty functions to control the growth of solutions (Poli and McPhee, 2008).
In this work, we implemented a mutual improvement (MI) constraint as illustrated in the here-
ditary repulsion (HR) algorithm provided in Murphy and Ryan (2008) due to its effectiveness
on solution size and fitness. A variation brought to the algorithmic routine by MI is that only
crossover operation, without mutation of the individuals, is used. Each couple of selected parents
undergoes crossover operation. The created offspring is allowed to enter the new population if
only it outperforms both of its parents in terms of fitness which is the definition of MI. Other-
wise, the non-improving offspring it is discarded. This prevents the GP from having complex,

but not improving solutions guaranteeing a forward evolution. The selection-crossover routine
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continues until the new population is completely filled. Eventually, the maximum solution size
allowable needs to be constrained in parallel to MI. The maximum solution length, which is the
number of functional and terminal components in an expression is set to be 30 (see Table 3.2).
In this implementation, evolution is allowed to continue until either the maximum generation, or
evaluation limit is reached. The evaluation limit is set to a value 10° in our experiments, which
refer to the number of evaluated solutions against the training data.

In the remaining of this section, the results regarding accuracy, complexity and their variance

are presented.

3.5.3 Results

In this part, we will first illustrate the sampling and model building procedure followed by
validation of the results against simulation results.

The experimental designs are evaluated over varying sample sizes and over a range of se-
rial production lines described in Section 3.5.1. The experiments are performed in 3 different
setups which are production lines with m = 6,9, 12 stations, with total buffer space constraint
N = 18,27,37, respectively. As stated earlier, random initialisation, selection and variation ope-
rations in GP, or more generally in EAs, stochastically operate on individuals. Consequently,
metamodelling needs be repeated several times to support the confidence in results. We perfor-
med 20 GP runs for every experimental design procedure for each problem, with a limit of 10°
function evaluations for GP. Furthermore, since sampling covers a limited set of designs, the qua-
lity of constructed metamodels need to be validated over alternative system configurations which
are not in the training set. In this study, for each set of different problems a single validation data
set is used to compare the DOEs without any bias.

Table 3.3 compares the results in terms of validity of the final models in terms of fitness,
i.e. 1/ (14 rmse) and their variance in 20 GP runs against the validation data sets. The columns;
“Max” shows the best validity result, whereas “Ave” provides average validity of the final models
of these 20 runs with associated variance listed in column “Var”. The experimental designs used
for training and the testing data points for validation of the final models are provided in line with
corresponding GP and Simulation results in Appendix A.1 and A.2, respectively. The relevant
details on computational cost is provided in Section 3.5.4.

Any of the sampling methods in this study give consistently better results than obtained using
simple random sampling. Using random sampling the maximum accuracies of 94% was obtai-
ned (see Chapter 4). Results summarised in Table 3.3, indicate there is no dominating sampling
method in terms of accuracy and variance over the range of problems studied. To illustrate, the

performance of best individuals, listed in column “Max”, for a 6 station problem exhibit an abso-
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Table 3.3: Results for the generation of 20 GP metamodels for 6, 9 and 12 station models. Maxi-
mum (Max) gives the maximum accuracy obtained over the 20 GP metamodels generated, Aver-
age (Ave) gives the average accuracy over the 20 GP metamodels and the variance of the accuracy
is given in Var.

DOE Validity of metamodels (1/ (1 + rmse))
setup 6 station, 18 buffers 9 station, 27 buffers 12 station, 37 buffers
Type | No.of samples Max Ave Var Max Ave Var Max Ave Var
PI 30 0.9897 | 0.9837 | 0.0007 | 0.9850 | 0.9782 | 0.0005 | 0.9865 | 0.9847 | 0.0002
50 0.9896 | 0.9847 | 0.0008 | 0.9819 | 0.9787 | 0.0004 | 0.9901 0.9847 | 0.0002
LHS 30 0.9910 0.9831 | 0.0007 | 0.9833 0.9788 | 0.0003 | 0.9885 | 0.9860 | 0.0002
50 0.9904 | 0.9840 | 0.0006 | 0.9800 | 0.9778 | 0.0002 | 0.9875 | 0.9856 | 0.0002
UD 30 0.9855 0.9819 | 0.0005 | 0.9813 0.9785 | 0.0003 | 0.9873 | 0.9855 | 0.0002
50 0.9912 0.9834 | 0.0006 | 0.9849 | 0.9811 | 0.0005 | 0.9892 | 0.9860 | 0.0003
MES 30 0.9871 0.9834 | 0.0005 | 0.9785 0.9764 | 0.0002 | 0.9865 | 0.9851 | 0.0001
50 0.9891 0.9856 | 0.0005 | 0.9829 | 0.9784 | 0.0004 | 0.9859 | 0.9846 | 0.0001

lute difference less then 0.02. For instance, LHS with a training data set of size 30 has performed
with 0.9910, whereas the MES with 30 samples shows a validity of 0.9871. This absolute diffe-
rence in the performance diminishes when the average validity over 20 runs, as listed in “Ave”
column, is considered. The results in Table 3.3, with the maximum variance of 0.0008 across all
sampling methods, also show that the GP generates highly consistent metamodels.

In order to give more insight into the results in Table 3.3, Figure 3.5.2 depicts the progress
of evolution for the case where the best among the 20 GP run is observed. The charts illustrate
that the sampling methods, LHS and PI, performed slightly better compared to UD and MES on
6 and 9 station problems in terms of the best solution found so far in the 20 GP runs against the
validation data. However, it would be unfair to assess a comparison with respect to a single run
behaviour. More importantly, Figure 3.5.2 shows that GP manages to construct metamodels with
a fitness beyond approximately 0.98 in 15% of the maximum computational budget allowed.

Earlier it has been mentioned that the size of a GP metamodel is important. This is critical
since it relates to how interpretable (or comprehensible) the solutions are. In our experiments,
we considered the complexity as the number of arithmetic components in the functions generated
and limited it to a number of 30 components. Table 3.4 summarises the average complexity of
the final models constructed in 20 runs of GP. As can be seen from Table 3.4 the limit of 30

components is not constraining.
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Figure 3.5.2: Accuracy of metamodels on production lines of 6 (top), 9 (middle), 12 (bottom)

stations.
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Table 3.4: The analysis of variance of metamodelling attempts over 20 replications. GP consis-
tently generates credible models with limited complexity.

Problem 6 station, 18 buffers | 9 station, 27 buffers | 12 station, 37 buffers
DOE Complexity (Number of components in a solution)

Type | No.of samples | Average | Variance | Average | Variance | Average | Variance
PI 30 29.013 0.3157 | 28.8364 | 0.0802 | 29.0002 0.0746
50 30.3121 | 1.5082 | 28.8609 | 0.0712 | 28.7413 0.0954
LHS 30 28.5881 | 0.1401 | 28.6725 | 0.0801 | 28.8949 0.1018
50 28.4798 | 0.1237 | 28.7214 | 0.0735 | 28.8942 0.1132
UD 30 28.6319 | 0.0965 | 28.7181 | 0.0542 | 28.8654 0.0919
50 28.8386 | 0.0965 | 28.8102 | 0.0875 | 28.8800 0.0865
MES 30 28.6732 | 0.08541 | 28.7335 | 0.0915 | 28.7164 0.0922
50 28.7884 | 0.0758 | 29.0816 | 0.1208 | 28.8515 0.1164

3.5.4 Computational Cost

Due to both random nature of DES and GP, the experiments summarised in the previous
section, present a large amount of computational effort to ascertain confidence in results . These
constitute to the experimental cost incurred during experiments which were performed on a Intel
Core 2, 2.00 GHz CPU with 1GB of RAM.

As mentioned in Section 3.5.1, for each buffer allocation level simulated to form training and
validation data sets, the batch means analysis is used while calculating the expected throughput
rates. The completion time of such experiments on DES model varies depending on the buffer
allocation levels. Table 3.5 summarises DES model execution times and metamodel construction
durations. The second column provides the simulation cost for each sample point, in either of
training and validation sets, evaluated. The DES models are set to simulate 20,000 lots for warm-
up and 150,000 lots in steady-state at a single run to perform batch means analysis of a buffer
allocation scheme (i.e. sample point). The third column provides an approximate duration for
the completion of a single GP run with the training and validation sets provided. Twenty of these
single runs are performed due to the random nature of the evolutionary operators and initialisation
of the first population (see Section 3.4). On the other hand, the low variance of the average

validity of the metamodels (see Table 3.3) the number of GP replications can be decreased.
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Table 3.5: The computational cost of the experiments.

’ Problem \ DES execution (secs) \ Metamodel construction (mins) ‘
6 station, 18 buffers 10-11 6-9
9 station, 27 buffers 14-16 6-9
12 station, 38 buffers 18-21 20-25

3.6 Summary & Discussion

In this chapter, we applied genetic programming to perform symbolic regression to obtain
simulation-based metamodels of industrial systems. GP derives an explicit formula for the system
performance dependent on the decision variables. Obtaining the underlying closed-form function
of a system can support the intuitive understanding of its dynamics, trade-off and sensitivity
analysis among different system scenarios.

Due to unknown structure of the symbolic regression models a priori, an empirical analysis
on experimental designs to sample the problem decision space was necessary. We have compared
the performance and the complexity of the metamodels constructed by GP on different space-
filling experimental designs as well as a custom random sampling method. For this purpose, a
common industrial problem, the buffer allocation problem, in serial production lines is consi-
dered. It is observed that GP performed quite robust across the different sampling strategies and
sizes of the training sets, reaching to an accuracy of 98% on average in different problem sizes. In
contrast with state-of-the-art analytical methods, GP was not constrained with strict assumptions
which indicates the robustness of the methodology presented. Moreover, high levels of accuracy
is obtained around 15% of the computational budget allowed. Results also indicate that increa-
sing the number of the decision variables (6 to 12) does not severely undermine the quality of
the models evolved by GP. These results recommend further investigation into simulation-based
metamodelling with GP.

In the future, we will explore the adaptive sampling to investigate the means of decreasing
the size of the training sets. We aim to decrease the computational cost in sampling from DES
and improve the quality of the metamodels. These can provide a substantial opportunity to use
the methodology presented for large scale simulations, such as in semiconductor manufacturing,
where DES model execution times can restrict the use of these models.

The results presented in this chapter provides the incentive towards extending the application
of GP to different problem domains. Together with the general applicability, ease of calibration
and competitiveness of the GP will be investigated in the next chapter through an empirical

comparison with ANNs.

56



Chapter 4

A Comparison of Genetic Programming
and Artificial Neural Networks in

Metamodeling of Discrete-event Simulation
Models '

Artificial neural networks (ANNs) and genetic programming (GP) approaches can be used in the
development of surrogate models of complex systems. The purpose of this chapter is to provide a
comparative analysis of ANN and GP for metamodeling of DES. Three stochastic industrial sys-
tems are empirically studied: an automated material handling system (AMHS) in semiconductor
manufacturing, an (s,S) inventory model and a serial production line. The results of the study
show that GP provides greater accuracy in validation tests, demonstating a better generalisation
capability than ANN. However, GP when compared to ANN requires more computation in meta-
model development. Even given this increased computational requirement, the results presented

indicate that GP is very competitive in metamodeling of DES models.

4.1 Introduction

Discrete event simulation (DES) models are widely used in the design and analysis of sys-
tems. In many instances model execution times of DES models can be computationally expen-
sive. In such cases, its use in operational tasks such as design, sensitivity analysis and optimiza-

tion can be significantly undermined. This shortcoming of DES has motivated development of

1. This chapter has been accepted with minor corrections to Computers and Operations Research, Elsevier, 2010
and it is partly based on Can et al. (2008).
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methods that allow the creation of approximate models, i.e., metamodels, of systems which sac-
rifice accuracy for computational gain. A metamodel refers to an approximate predictive model
of system performance which is dependent on decision input factors.

Wang and Shan (2007) outline the techniques that can be used to build approximate response
models for engineering design problems. Jin et al. (2001) perform a comparative analysis of dif-
ferent techniques; polynomial regression (PR), Kriging (KG), Multivariate Adaptive Regression
Splines (MARS), Radial Basis Functions (RBF) on a range of test problems. The results of the
study showed a dispersion of the observed performance of the techniques in terms of accuracy
and problem structures, e.g., size and nonlinearity of the problem. While these articles focus
on only deterministic problems, Li et al. (2010) present a thorough comparison on stochastic
problems considering artificial neural networks (ANNs) and support vector regression (SVR)
in addition to KG, MARS and RBF. However, none of these studies considered genetic pro-
gramming (GP) in metamodeling of stochastic problems to evolve symbolic expressions (Koza,
1992).

In this chapter, a comparison between GP and one of the most frequently used metamodeling
approaches, ANNs, on stochastic DES systems is presented. ANN and GP can be considered as
black-box approaches in metamodeling. To build approximate models, they only require the in-
formation on system configuration and the corresponding performance. The approximations are
progressively improved using the information available from previously generated metamodels
throughout the process to stimulate the search to find better metamodels. Furthermore, they can
develop models without underlying assumptions or a priori knowledge about the relationship be-
tween the control factors and the performance. This can be a means for building highly accurate
metamodels as they do not necessitate a simplification on the complexity of the systems studied.
In the evaluation of GP against ANN, DES models of three systems that are different in the size
of decision space, in the degree of variability and in the range of the performance measures are
used.

In the remainder of this chapter, first a literature review of simulation metamodeling is pre-
sented. Following, the Genetic Programming (GP) approach is briefly introduced. Subsequently,
in Section 4.4, the methodology of the study is given and lastly the results of the study are pre-
sented. The results focus on the accuracy and robustness of the methods across the problems both
in the model building and in the validation stages as well as the computational requirements. The
results show that GP is a competitive metamodeling method, showing superior results in devel-

oping more generalized metamodels when compared to ANN.
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4.2 Literature Review

One of the earliest reported approaches for building approximations is the response surface
methodology (RSM) (Kleijnen, 2008). In general, low order polynomials are used in conjunction
with regression analysis to fit the system responses Tunali and Batmaz (2003); Santos and Nova
(2007); Reis dos Santos and Isabel Reis dos Santos (2009). In polynomial regression (PR), a
low order analytical function of decision variables with unknown coefficients is used. The coef-
ficients are estimated via regression analysis where the coefficients are updated with respect to
residual errors between the fitted values by the regression model and the target values in training
data. Noguera and Watson (2006) presented a simulation-based metamodelling study where PR
is applied to attain first and second order polynomial models of throughput of a chemical plant
as a function of process variables such as demand rate, process rate, transfer rate and quality
policy. Similarly, Durieux and Pierreval (2004) used second order polynomials to perform sen-
sitivity analysis of a flexible manufacturing system to outline the effects of design parameters
on average system utilization. The study compares cases where the number of decision variables
increases from 1 to 8, and the results indicate a loss of accuracy in PR models with an increase in
complexity. Although PR is easy to perform, assuming a simple form for the response function
may not always be sufficient to capture nonlinear behaviour of the system, which is its major
drawback (Jin et al., 2001).

Alenezi et al. (2008) used SVR to perform real time prediction of the order flow times in three
manufacturing systems with different sizes; small, medium and large. The predictions from SVR
with a linear kernel and &-insensitive loss function are compared against traditional time series
model and ANNSs. The performance of the algorithms were reported in terms of mean absolute
percent error (mape) and root mean squared error (rmse). The results indicate that SVR and
ANNSs gave close predictions in the vicinity of 17% (mae) and 22% (rmse) for small, and of 10%
(mae) and 13% (rmse) for medium sized systems. On the other hand, SVR gave better results
than ANNSs in large problems about 3 — 4% in terms of both mape and rmse, yielding 10.87%
and 13.84% error respectively. Nonetheless, both SVR and ANNs outperformed exponential
smoothing and moving average models in all of the test problems. The literature presents many
available kernel functions to use in SVR. However, SVR consists of a large family of parameters
which influence its performance; hence, sophisticated approaches may be needed to select its
parameters (Yang et al., 2010). Nonetheless, Guoqi and Dagui (2010) presented an optimization
study where a SVR metamodel is used in conjunction with a genetic algorithm. They compared
SVR against PR, KG and ANN in a two-bar structure design problem indicating better predictive
performance of SVR.
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Another method applied in simulation metamodeling is Radial Basis Functions (RBFs). Hus-
sain et al. (2002) compare RBF against PR metamodels on various test functions. They consid-
ered full factorial and Latin hypercube sampling (LHS) for generating the training data. For the
studied test functions, RBFs coupled with LHS outperformed PR with factorial designs. On the
other hand, results with factorial designs generally exhibited better performance characteristics
in terms of mean squared error (mse) and the distance of the optimum of the metamodel from
the actual optimum of the test function. Furthermore, as the number of samples increases, the
performance of RBF models improves drastically compared to PR models.

Another approach that has found application among the recent metamodeling studies is Krig-
ing (KG). Kleijnen (2009) presents a review of the KG method applied to simulation meta-
modeling. Biles et al. (2007) present a simulation-based optimization study of constrained (s,S)
inventory systems using KG. While classical KG has been applied mainly to deterministic prob-
lems (Kleijnen, 2009), Ankenman et al. (2010) presented a variation, Stochastic Kriging, which
can be used in metamodeling of stochastic simulation models. KG models have their merits, in-
cluding an error bound estimation of the prediction which can be useful when the training data is
noisy. However, KG exploits the surrounding observations during metamodelling. Therefore, the
method renders the estimation performed local to the limit of the range of training data. This can
undermine KG’s ability to extrapolate the unseen data, potentially leading to unrealistic estima-
tions in problems with irregular, nonstationary response behaviour (Pardo-Iguzquiza and Dowd,
1998). On the other hand, metamodels of industrial systems are often expected to generalise
outside the training range for usability.

A predominant approach to metamodeling of simulation models is ANNSs due to its efficiency
(Fonseca and Navaresse, 2002; Alam et al., 2004; Bulgak, 2006; Altiparmak et al., 2007; Per-
son et al., 2008). In an earlier study, Kilmer et al. (1994) studied ANNs on an inventory control
problem (similar to that explained in Section 4.4.2). Chambers and Mount-Campbell (2002) ap-
proximated throughput rate and job flow times of a manufacturing process using ANNs. They
considered to develop the metamodel of these performance measures dependent on the buffer lev-
els. The ANNs were trained with 2300 data points collected from a queueing network simulation.
Their results indicate approximations with 6% maximal error. Yildiz and Eski (2006) developed
simulation metamodels of assembly lines in order to identify optimal design and operational
parameters. The study reported improvement levels reaching up to 20% with the improved effi-
ciency in search through the use of ANNs. Similarly, Altiparmak et al. (2007) derive throughput
rates of assembly lines based on individual buffer levels at work stations in a comparative study
between ANNs and PR models. Recently, Yang (2010) applied a single layer neural network to
derive cycle time (CT) - throughput (TH) curves of manufacturing systems. They first identify
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the ANN with the least number of hidden nodes sufficient to perform metamodeling by using
singular value decomposition (Teoh et al., 2006). They sequentially collect the design samples
by using the best network models. Their results on a semiconductor manufacturing system indi-
cate CT estimates deviating 5 — 10% from of the actual measurements. Despite the efficiency of
ANN:Ss, their usability can be prohibitive in practice. ANNs require prudent selection of config-
uration parameters to protect against the phenomenon of overfitting (Tetko et al., 1995), where
the complexity of the model inhibits its performance on unseen data, i.e., generalisation capacity.
This basically refers to the case where the training error of a model is low; however highin val-
idation step. Furthermore, the resulting ANN models can be difficult to interpret meaningfully
for practitioners.

So far, a review on the applications commonly approaches in metamodelling of DES models
industrial systems is provided identifying advantages and shortcomings. In this chapter, we com-
pare these shortcomings via symbolic regression (SR) with GP. The use of GP for generating
symbolic representations of training data was first proposed by Koza (1992). Through the use
of effective convergence algorithms, GP can produce compact expressions which have excellent
generalization properties (Murphy and Ryan, 2008). Such representations are often mathemati-
cal expressions, i.e., functions, unlike metamodels generated by ANNs. These explicit functions
can provide an immediate alternative platform to DES models in practice when the trade-off be-
tween accuracy and the computational requirements is appropriate. As the application of GP to
metamodeling of DES is relatively new, the following section provides the reader with a brief
introduction to SR with GP.

4.3 Symbolic regression with genetic programming

Genetic programming (GP) is a sub-branch of evolutionary algorithms (EAs) which emulate
the natural evolution of species. It has the capability to evolve programs of a domain via symbolic
regression (Koza, 1992). These programs can be interpreted as grammar rules, logic instructions,
analytical functions etc. This ability has led to attempts to solve a variety of problems such as
in genetics (Greene and Moore, 2008), data mining (Otero et al., 2003) and chemistry (Banzhaf
and Lasarczyk, 2005).

Koza (1992) first proposed the use of GP to find a symbolic regression tree corresponding to
the mathematical formula that best fits the data according to a fitness criteria. Fitting such a model
is done in an optimization framework where the error (e.g., rmse) of the generated symbolic trees
against sample data is minimized numerically via regression. Therefore, it is inherently suitable

to perform simulation-based metamodeling of complex industrial systems; yet it is rarely applied

61



(Can and Heavey, 2010; Chan et al., 2010).

The design of GP requires certain components to be defined in order to emulate the evolu-
tionary process. These involve n-ary arithmetic functions, system decision-variables, and evolu-
tionary operators, such as crossover and mutation, to symbolic expressions.

The symbolic expressions, referred to as individuals or solutions, are generated to form the
initial population. A population in EAs refers to a set of a certain number of solutions at an
iteration of the algorithm. The initial expressions are created with tree-based encoding. To illus-
trate, Figure 4.3.1 shows a few examples of such trees, for instance, (7 * (r*r)) is the expression
tree labelled as child 1. These expressions are formed with elements from two distinct parameter
groups, 1) functional primitives, ii) a terminal set. The functional primitives are generally n-ary
arithmetic functions, e.g. sin, +, *, cos, In, etc. The arguments for these functions are supplied
from the terminal set which consists of the decision variables, constants or other system rele-
vant parameters. The initial solutions are generally limited in terms of tree depth or length of
expression in order to fill the first population in the algorithm with the potential building blocks
of individuals to be evolved at further stages of the algorithm.

These individuals generated are eventually arithmetic formulas which explicitly present the
mapping relationship between the decision variables of the system and an associated performance
metric. Therefore, each new solution tree constructed is associated with a fitness value, which
indicates how accurate the expression represents the training data. The fitness of an individual
determines the expression’s relative ability to survive and breed the next generation during the
evolutionary process.

A significant characteristic of evolutionary algorithms is parallelism within a population
framework. A sufficiently large amount of solutions constitute a population where evolution-
ary variation mechanisms, such as crossover and mutation, operate. Once the initial population
is formed, it goes under a parent selection procedure which is simply the use of systematic
operations to choose solutions which will be used to generate new solutions (offsprings). A com-
parison of the common selection operations, e.g. roulette wheel, tournament, in EAs is given in
Blickle and Thiele (1997). The parents selected go through a mating procedure, e.g. crossover,
as illustrated in Figure 4.3.1, to breed the subsequent population of new solutions. The offspring
solution can further undergo small variations by means of mutation to enable local search. This
procedure repeats at every generation until a new population is formed. Evolution is finalized
when a stopping criteria, such as approximation quality or computational cost, is satisfied. The
algorithm is summarized in pseudo-code in Algorithm 4.1.

As a consequence of the flexibility of the evolving system and robustness of the algorithm,

there have been a number of symbolic regression applications in a range of domains; clustering
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Parent 1 Parent 2

Child 1 Child 2

r r

Figure 4.3.1: Tree-based representation of 7 r> (offspring 1), a * r (offspring 2), 7 % r (parent
1), ax (rxr) (parent2) and an example of crossover operation in GP. Crossover points on the
parents are indicated by bold circles. Offsprings are formed by exchange of such nodes in the
parent expressions.

Algorithm 4.1 The general framework of genetic programming algorithm.

1:
2: output: best expression;

3:

4: var gen:=1, eval :=0, pop:=0, newPop, currentPop;

R e AN

10:

12:
13:
14:
15:
16:

input: setup GP (see Table 4.3 on page 70), retrieve training data.
begin

Randomly create initial population from primitives supplied;
Execute each expression on training data for fitness;
set currentPop:= Initial population
while gen< Max Generation and eval < Evaluation Limit
while pop < Population Size and eval < Evaluation Limit
Select two parents from the currentPop;
Create new offspring via crossover;
Insert the offspring into newPop;
set pop:= pop+1, eval:= eval+1;
end while
set currentPop = newPop, gen:= gen+1;
end while
return best solution so-far;
end
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Table 4.1: Characteristics of the problems studied.

’ Problem \ No. of decision variables \ Output range ‘
AMHS 23 [18.1, 20.2]
(s,S) 2 [112.4, 140.1]
Production Line 8 [0,1]

and data mining applications (Afonso et al., 2004), deriving correlations in heat transfer measure-
ments (Cai et al., 2006), management of water resources (Giustolisi et al., 2008). McKay et al.
(1997) utilize GP to model two different chemical processes. Zhao (2007) studies a classification
problem with a multiobjective GP and exemplifies its application on data mining.

Recently, Can and Heavey (2010) have investigated the performance of GP on different sam-
pling strategies on the buffer allocation problem (BAP) in serial production lines. That study pro-
vided motivating results in terms of robustness of the approach against sampling and the problem
size, as well as generalisation capability. This study will build on these results by exploring the
relative performance of GP against ANN on three different systems.

In the following sections, first the problems studied in the empirical comparison of GP and
ANN will be illustrated. Next, the results from experiments which explore the performance of

the algorithms at different parametric settings.

4.4 Simulation Models Used in the Study

This section describes the problems used to compare the performance of GP and ANN for
metamodeling DES. As mentioned earlier (see Section 4.2), the analysis considers ANNS since
they are commonly applied in metamodelling due to their efficiency. In the following subsec-
tion, three systems used for the comparison are described including discussions on the choice of
problems and UD as experimental design.

Simulation models three common industrial systems are used in the empirical comparative
study of GP and ANN: (i) An automated material handling system (AMHS) in a semiconductor
manufacturing facility; (ii)) A periodic review inventory problem (s,S) system; (iii) and A pro-
duction line. Table 4.1 summarizes the overall characteristics of these problems. These problems
are chosen since they are stochastic and different in terms of number of decision variables and

the range of the performance of interest for each system.

64



4.4.1 Automated material handling system

The results from Kuo et al. (2007) who studied a dispatching problem in an automated mate-
rial handling system (AMHS) of a semiconductor manufacturing facility is the first system used
in the comparative study. One of the reasons behind this choice is the fact that AMHS is a very
complex system regarding semiconductor manufacturing, and hence it is difficult to model via
simulation and analytical methods (Meinert et al., 1999; Kuo et al., 2007). Hence, metamodels
can provide a viable platform for decision making in this system.

The AMHS system described in Kuo et al. (2007) is composed of 23 process bays being
either, intrabay or interbay (see Figure 4.4.1). The intrabay transports material within a process
bay, and an interbay with double loops enables the transportation of material among the bays.
All the material in the manufacturing facility is transported among the process bays by vehicles
within the AMHS. From intrabays, the materials are delivered to stockers by the vehicles in a
process bay. Then, the system picks one of the two loops of the interbay and waits for an available
vehicle along it for the materials to be transferred to the target process bay. The dispatching rules
for each of the intrabays and interbay routes will greatly influence the total cycle time of produc-
tion. The objective of Kuo et al. (2007) was the optimisation of these dispatching rules. Due to
the simulation model of the system being computationally expensive, Kuo et al. (2007) utilised
ANN to develop a metamodel of the system. This system was deemed suitable for inclusion in
the comparative study as it typifies the type of system encountered in industry, in general, and
semiconductor manufacturing specifically; DES models characterized by a high level of model
complexity and computational expensive execution times (Fowler et al., 2001; Tyan et al., 2004).

In Kuo et al. (2007) the performance criteria is the cycle time given the dispatching rule for
the 23 intrabay systems (i.e. 23 factors). A full factorial experimental design would involve 4%
alternatives. Kuo et al. (2007) used Uniform Design (UD) (Fang et al., 2000, 2006) to generate
the sample data. The training data used by Kuo et al. (2007) and used in the comparative study
reported here is presented in Appendix B.3. It consists of 28 decision points which are evaluated
at 4 different settings of scheduling heuristics. The data set is later divided into two groups, the
first 17 for training and the remainder for testing (i.e. validating) the developed models as in Kuo
et al. (2007). By directly comparing to the results of provided by Kuo et al. (2007), we will be
able to validate our ANN implementation and see how competitive GP is.

A point which deserves attention is the super saturated nature of training data for the number
of the design points in training data set is being less than the number of variables considered.
The execution time of simulation models in semiconductor manufacturing can be substantial.

Therefore, collection of only a sparse amount of data may be affordable.
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Figure 4.4.1: Automated material handling system of a semiconductor manufacturing facility
(from Kuo et al. (2007)).
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4.4.2 An (s, S) inventory control system

The second system used in the study is a periodic review (s,S) inventory system, which is
based very closely on the system studied in Biles et al. (2007). In this type of control system,
the inventory level is reviewed at intervals, e.g. daily, weekly. Each time the inventory equals or
decreases below a predetermined level, reorder point, s, a replenishment order of size S —i is
placed, where S is the order-up-to level and i is the current inventory level. The inventory cost
usually consists of holding and shortage costs as well as the ordering cost. In our model, we
considered a single product, single facility system. The parameter setting used is:

— Simulated period of 1,000 days with 5 replications for each configuration,

— Inventory review is conducted at the end of every day,

Holding cost is 0.001 /unit /day,
Shortage cost is 0.005 /unit /day,
Purchase order cost is 0.032/order plus 0.003 /unit ordered,

Order lead time follows the Uniform distribution in days with parameters [0.5, 1.0]

Quantity for Purchase Order = Replenish Point — Current Stock Level + Average Lead
Time Demand,
— Average Lead time demand is set at 19, the average number of total customer demands
during the order lead time (2.5 units/demand 7.5 demands).
— Customer demand follows the Poisson distribution with an interarrival time of 2.4 hours ,
— Number of units demanded per customer demand varies between 1 and 4 (inclusive) and
follows the cumulative distribution (0.17,1;0.5,2;0.83,3;1,4),
— All customer demands must be satisfied.
Two decision variables are used, s and S, for the metamodel. The constrained case was considered
for this problem where 20 < s < 40 and 40 < § < 80, similar to Biles et al. (2007). The training
set is generated using UD in the commercial software, JMP 2. The data generated for training and
testing is given in Appendix B.3. A complete enumeration of the decision space was generated

for the testing data excluding the training data points.

4.4.3 Production Line

The last system used in this comparative study is a production line (Papadopoulos et al.,
1993b). This type of system has been widely studied as these systems are frequently found in
practice, i.e., manufacturing plants, supply chains and telecommunication networks (Kalir and
Sarin, 1999; Nahas et al., 2006; Dolgui et al., 2007). The production line studied here consists of

2. www.jmp.com
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Arrivals Departures

Figure 4.4.2: Serial production line with starting materials arriving at the first buffer By and
products leaving the system at the last machine M,,.

m single stations with exponentially distributed service times with service rate (; = 1 and finite
intermediate buffers of size Q = (¢2,¢3,-.-,qm), With a total available buffer space constraint, N
(see Figure 4.4.2). Parts are always available for machine 1 and station m is never blocked.

For the metamodel exercise, the goal is to approximate the throughput rate as a function of
individual buffer allocations. The effect of design of experiments (DOEs) on this problem using
GP was studied by Can and Heavey (2010). The study found that uniform design (UD) gave
competitive results against LHS and MES (maximum entropy sampling) and is therefore used
in this study for both GP and ANN. Support for using UD with ANN is provided by Kuo et al.
(2007) and similarly for the case with GP the form of a metamodel is not known a priori in ANN.
Therefore, a robust experimental design method is required rather than an optimized one for a
specific metamodel form (Kleijnen et al., 2005).

In the comparative study presented here, experiments on serial production lines for the case
where m = 9, N = 27 are used. The simulation results were obtained using the batch means
method using 30 batches, each batch of length of 5000 parts. The truncation point used was
20,000 parts. The results were validated against a benchmark study of Papadopoulos et al. (1989).
The training and testing data for the experiments on the production line are taken from Can and
Heavey (2010) and provided in Appendix B.3.

4.5 Experiments and Results

In this section, the results from the experiments will be provided. The algorithms are analysed
in terms of; 1) training and testing performance; i1) computational effort. The configuration of the
algorithms are systematically varied to identify an optimal parameter setting. Such a compari-
son can allow benchmarking the competitiveness and calibration of GP against a predominant
approach, i.e., ANNSs, in context of simulation-based metamodelling. To establish these, in the
remainder of this section, first the parameter settings for both of the metamodelling approaches
are provided. Next, the results from the empirical analysis is presented for each of the problems.

A discussion on the computational issues finalizes this empirical section.
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4.5.1 Experimental design

In the previous section (Section 4.4), the problems were summarized.

The parameters settings of the two metamodeling methods considered in this chapter can
have a significant impact on their effectiveness. For instance, Tetko et al. (1995) observed that
increasing the complexity of a network model can inhibit its generalisation accuracy if the param-
eters are not carefully selected. In the ANN implementation used here, there are two parameters
that need to be configured: (i) the number of nodes in the hidden layer (ii) the learning rate. A
key to getting good predictions with a neural network is to give the network as little resources
as needed (Geman et al., 1992). This will reduce the training performance, but can improve the
testing performance. Hence, the number of hidden units, together with the learning rate are var-
ied for each experiment set in this study (see section 4.5). Small values for the learning rate mean
more precision when training, which may lead to overfitting. Therefore increasing the size of the
learning coefficient may improve the testing performance, i.e., reduce the risk of over fitting.

The population size in evolutionary algorithms is a critical parameter with regard to compu-
tational effort and ability to generate quality solutions (Piszcz and Soule, 2006). In the context of
GP, the search space refers to all feasible combinations of its functional primitives and terminal
set. Hence, the content of the initial population will determine the amount of building blocks
contributing to the formation of feasible and diverse solutions. On the other hand, each of the
individuals are solutions to the problem and have to be evaluated against the training data set.
Hence, a trade-off between the algorithm efficiency and ability to create better solutions emerges.
In section 4.5 results for the population settings (100, 200 and 1000) are provided.

A point which deserves attention is preprocessing the training and testing data sets. It is
critical to scale the target values to the range of the transfer function used in ANN (Haykin,
2009). The transfer function is the standard sigmoid function whose range is [0, 1] (see Equation
4.5.1), where xe [—1,1] .

y=1/(1+¢7) 4.5.1)

The transfer function controls the output behaviour of the neurons. In other words, the neurons
will not produce values outside this range which implies a loss of data if scaling is not per-
formed. Hence, we apply linear scaling only on the target values of all the data sets used in the
experiments. Equation 4.5.2 gives the linear scaling used,

5= as L= i min) (4.5.2)

Ymax — Ymin

where [a, b] is the interval dictated by the transfer function which is [0, 1] for the case of standard
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Table 4.2: The optimal ANN parameters presented in Kuo et al. (2007).

’ Parameter \ Configuration ‘
Hidden layers 1
Nodes in hidden layer 30
Learning rate 0.01

sigmoid function (see Equation 4.5.1); v, and y;,4y correspond to the minimum and maximum
values of the target values in the training and testing data sets, respectively. Scaling is performed
for the AMHS and inventory control problems only. The performance measure for the production
line is the throughput rate which has a range of [0, 1]; hence no scaling was performed.

Finally, initialization of ANN and GP, as well as the evolutionary operators of GP are stochas-
tic in nature. Therefore, for all metamodel results, results from 5 replications are generated. This
allows estimation of the standard deviation for each parameter setting for each metamodel.

Kuo et al. (2007) used a multilayer perceptron (MLP) model ANN with a single hidden
layer and back-propagation algorithm for training. The optimal ANN configuration used in Kuo
et al. (2007), which was obtained empirically, is as summarized in Table 4.2. The GP parameter
settings used in this chapter which are summarized in Table 4.3 were obtained from Can and
Heavey (2010). The functional primitives used in the GP algorithm are {*,%,+,-, exponent, sqrt,
cos, sin}. In addition to these settings, results are also given for ANN with hidden nodes 20, 10
and 4 and learning rates 0.05 and 0.1 and for GP population settings 100 and 200. The purpose
of giving these additional results is to illustrate the robustness of each method to their respective

parameter settings.

Table 4.3: GP Parameters

Parameters Value
Pop Size 1000
Min Initial Tree Size | 2
Max Initial Tree Size | 4
Max Solution Length | 30

Max Generation 100
Initialization Method | Ramped Half and Half
Evaluation Limit 10°

4.5.2 Automated material handling system

For the AMHS Table 4.4 gives the ANN results The “Training column” gives the average

performance, standard deviation (“St.Dev”’) and the best result over 5 replications (see subsec-
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tion 4.5.1), for the training of the metamodels. The “Testing” column presents similar results
for the model validation runs. Table 4.4 also gives available results from Kuo et al. (2007) for
comparison, which shows that the ANN implemented in this study gives slightly more accurate
testing results. This discrepancy between the results is due to the different implementations of
the ANN in the two studies.

Observing the results generated in this study in Table 4.4, the results indicate that with an in-
crease in the number of hidden nodes the training errors tend (there are exceptions, Hidden Nodes
20 and Learning Rate 0.01 is an example) to decrease with the standard deviation also tending
to decrease. However, more importantly are the testing results which quantify the extrapolation
quality of the metamodels. It is observed that the validation accuracy of ANN metamodels devi-
ates 20 — 30% from the training performance. The cases where the ANN is limited to 4 and 10
hidden nodes yield slightly better results for the testing data.

The results of the GP metamodel on the AMHS is given in Table 4.5. Table 4.5 shows that
increasing the population size improves slightly both the training and testing results and reduces
variability in the training results. The results also show that GP with a population size as small
as 100 outperforms ANN in terms of predictive accuracy. From these results, it can be seen
that although GP generates metamodels relatively lower in training accuracy, their extrapolation
ability is higher compared to ANN metamodels.

For both algorithms it is observed that the testing results for the AMHS are considerably
lower then the training results. A possible reason for this could be the way the training data is
generated for the AMHS. The training and testing data given in Kuo et al. (2007) was collected
over 4 different dispatching rules. For example, the training data includes design points from the
first 3 dispatching rules, whereas the testing data is generated when the third and the fourth dis-
patching rules are used. This could significantly reduce the performance of the both approaches

since for each dispatching rule the system will result in a different response surface.

4.5.3 An (s,S) inventory control system

The next set of experiments are performed on the inventory control problem (see Section
4.4.2) where the decision space is sampled by UD within the constraints, s € [20,40] and S €
[40,80]. The cost values are scaled to the interval [0, 1] prior to metamodeling. The constructed
metamodels are validated by complete enumeration of the decision space excluding the design
points in the training data set (see Figure 4.5.1).

Table 4.6 presents the ANN results for the inventory control system. It is observed that the
ANN is robust across different parameter settings such that the training and testing accuracies

are in the vicinity of 88% and 83%, respectively. In comparison to the results from the AMHS,
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Table 4.5: The training and testing performance of GP on the AMHS problem with data sets
obtained from Kuo et al (2007)..

| Configuration | Accuracy (1/(14 rmse)) \
Population size Training Testing
Average | St.Dev | Best | Average | St.Dev | Best
100 0.9075 | 0.0243 | 0.9364 | 0.8125 | 0.0111 | 0.8277
200 0.9138 | 0.0107 | 0.9306 | 0.8179 | 0.0055 | 0.8277
1000 0.9430 | 0.0077 | 0.9561 | 0.8378 | 0.0106 | 0.8437

x 10

1.8+

1.6

144

Total Cost

1.2+

100
80
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Figure 4.5.1: The response surface of inventory control problem.
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Table 4.6: The training and testing performance of ANN on the inventory control problem

] Configuration \ Accuracy (1/(1+ rmse))
Hidden nodes | Learning Rate Training Testing
Average | St.Dev | Best | Average | St.Dev | Best
0.1 0.8858 | 0.0109 | 0.8987 | 0.8252 | 0.0079 | 0.8303
30 0.05 0.8719 | 0.0115 | 0.8818 | 0.8269 | 0.0025 | 0.8310
0.01 0.8788 | 0.0089 | 0.8914 | 0.8290 | 0.0090 | 0.8384
0.1 0.8805 | 0.0123 | 0.8911 | 0.8303 | 0.0020 | 0.8330
20 0.05 0.8789 | 0.0084 | 0.8906 | 0.8272 | 0.0028 | 0.8314
0.01 0.8815 | 0.0107 | 0.8988 | 0.8324 | 0.0101 | 0.8502
0.1 0.8781 | 0.0087 | 0.8886 | 0.8252 | 0.0019 | 0.8274
10 0.05 0.8750 | 0.0047 | 0.8798 | 0.8279 | 0.0036 | 0.8333
0.01 0.8757 | 0.0125 | 0.8935 | 0.8291 | 0.0027 | 0.8329
0.1 0.8727 | 0.0117 | 0.8935 | 0.8260 | 0.0016 | 0.8288
4 0.05 0.8772 | 0.0081 | 0.8875 | 0.8256 | 0.0011 | 0.8267
0.01 0.8803 | 0.0118 | 0.8911 | 0.8258 | 0.0010 | 0.8271

Table 4.7: The training and testing performance of GP on inventory control problem

| Configuration | Accuracy (1/(1+ rmse)) |
Population size Training Testing
Average | St.Dev | Best | Average | St.Dev | Best
100 0.9360 | 0.0087 | 0.9496 | 0.9056 | 0.0067 | 0.9135
200 0.9370 | 0.0029 | 0.9410 | 0.9088 | 0.0062 | 0.9151
1000 0.9482 | 0.0034 | 0.9507 | 0.9234 | 0.0034 | 0.9270

the difference between the training and testing results is 5 — 7%, which indicates less overfitting.
Despite the lower number of decision variables for the (s,S) system the training performance was

lower compared to the AMHS which has 23 decision variables. This difference in performance

is most likely due to the response structure of the inventory control problem see Figure 4.5.1).

Table 4.7 summarizes the training and testing performance of GP on the (s,S) inventory

system. It can be seen that GP performs better than ANN in terms of both training and testing

regardless of the population size. The results indicate that GP is robust in terms of training across

the different population sizes and the standard deviation results are also low. For the (s,S) system

GP consistently constructs more generalizable metamodels.
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Table 4.8: The training and testing performance of ANN on the production line, m =9,N = 27.

| Configuration \ Accuracy (1/(1+ rmse))
Hidden nodes | Learning Rate Training Testing
Average | St.Dev | Best | Average | St.Dev | Best
0.1 0.9918 | 0.0025 | 0.9955 | 0.8174 | 0.0105 | 0.8312
30 0.05 0.9892 | 0.0020 | 0.9911 | 0.8143 | 0.0118 | 0.8297
0.01 0.9681 | 0.0051 | 0.9768 | 0.8195 | 0.0091 | 0.8322
0.1 0.9941 | 0.0005 | 0.9945 | 0.8103 | 0.0129 | 0.8314
20 0.05 0.9857 | 0.0052 | 0.991 | 0.8207 | 0.0044 | 0.8250
0.01 0.9641 | 0.0067 | 0.973 | 0.8203 | 0.0120 | 0.8317
0.1 0.9869 | 0.0056 | 0.9922 | 0.8157 | 0.0202 | 0.8453
10 0.05 0.9752 | 0.0049 | 0.9801 | 0.8195 | 0.0137 | 0.8391
0.01 0.9484 | 0.0077 | 0.9576 | 0.8140 | 0.0119 | 0.8231
0.1 0.9799 | 0.0043 | 0.9836 | 0.8014 | 0.0116 | 0.8206
4 0.05 0.9602 | 0.0118 | 0.9725 | 0.8086 | 0.0181 | 0.8284
0.01 0.9471 | 0.0091 | 0.9584 | 0.7945 | 0.0137 | 0.8166

4.5.4 Production line

The final set of experiments is performed on a production line system. Table 4.8 summarizes
the performance of ANN on a case where m = 9,N = 27 (see Section 4.4.3) with training and
testing data obtained from Can and Heavey (2010). The results show similar characteristics to
the AMHS with regard to the training results in relation to the metamodel parameters settings.
As Table 4.8 shows the quality of the results tend to q increase with an increase in the number of
nodes, with accuracy levels reaching beyond 97%. In contrast, the testing performance remains
as low as 80% which implies overfitting resulting in a lack of generalization. For instance, for an
ANN with 30 hidden nodes and a learning rate of 0.1, the training accuracy reached beyond 99%
whereas the validation accuracy has remained as low as 82%.

Table 4.9 summarizes the performance of GP for the production line system. GP shows lower
accuracy in the training data when compared to ANN apart from the case where the population
size 1s 1000. However, if the testing data is considered GP performs better, i.e., indicating less
overfitting shown by the lower deviation from the training data when compared to ANN. Table
4.9 also shows that with larger population sizes the accuracy of the GP-metamodels significantly
improves. GP managed to construct more generalizable models, with the extrapolation ability
of GP considerably better than ANN as shown by the much lower error bound of 2 — 3% when
the population size is sufficient. This is a result of the richer random content due to the larger

population during the initialization of the algorithm.

75



Table 4.9: The training and testing performance of GP on the production line, m =9, N = 27.

| Configuration | Accuracy (1/(1+ rmse)) |
Population size Training Testing
Average | St.Dev | Best | Average | St.Dev | Best
100 0.9370 | 0.0147 | 0.9504 | 0.8444 | 0.0189 | 0.8676
200 0.9418 | 0.0139 | 0.9532 | 0.8504 | 0.0206 | 0.8786
1000 0.9801 | 0.0175 | 0.9935 | 0.9755 | 0.0743 | 0.9797

Table 4.10: The computational cost of metamodel methods.

| Problem [ GP (min) | ANN (secs) |
AMHS 12-15 3-5
(s,9) 6-9 3-5
Production Line 12-15 3-5

4.5.5 Computational effort

The computational cost of the two metamodel methods are shown in Table 4.10. The experi-
ments were carried out on a computer with an Intel Core 2, 2.00 GHz CPU with 1GB of RAM.
Table 4.10 clearly shows that there is a computation cost associated with the higher accuracy
obtained in the GP for the experiments presented.

Even given this increased computational requirement, the generalisation results presented indi-
cate that GP is very competitive in metamodeling of DES models. Furthermore, computational
cost of fitting a metamodel can be acceptable if the DES models are not computationally efficient

in terms of model development, maintenance and execution.

4.6 Conclusion

This chapter presented an empirical comparison between two methods, artificial neural net-
works (ANNSs) and genetic programming (GP) in constructing metamodels of discrete-event sim-
ulation (DES) models. Both ANN and GP have the advantage that they do not require a priori
assumptions on the form of the metamodel.

The comparative study was carried out using three different systems; an automated material
handling system (AMHS) in semiconductor manufacturing, an (s,S) inventory model and a serial
production line. The results show that across all three systems GP provided greater extrapolation
capability, with a best average testing error of 0.8378 against an error of 0.7574 for ANN on
the AMHS problems, for the (s,S) system a GP best average testing error of 0.9234 against an
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error of 0.8324 for ANN and lastly a GP best average error of 0.9755 against a 0.8207 error for
ANN. However, the increased accuracy of GP comes with a computational cost since GP requires
a considerably greater amount of computing time for metamodel development than ANN. The
results show, even with this increased computational cost, that GP is a competitive metamodel
method for discrete event simulation.

The performance of GP in the case studies analysed in this work provides motivation for
further research into the application of GP to DES metamodeling and more generally to different
operations research problems. With respect to DES, it will be useful to identify its performance
for wider set of problems with different characteristics in terms of the nature of the decision
variables and the level of variability. Further, it will be interesting to investigate the capability
of GP in subsystem metamodels. A simulated system can be divided into subsystems which can
be studied in isolation. The metamodels of such subsystems can then be aggregated to obtain a
computationally efficient evaluative tool.

Further possible future research avenues are to incorporate adaptive sampling methods to
improve the efficiency of sampling and to introduce advances from the GP literature to further
improve the generalisation ability. This may generalize the methodology presented to simulations

with long model execution times.
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Part 111

Simulation-based Dynamic Metamodelling

With Genetic Programming
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Chapter 5

Dynamic Flow Time Prediction Using
Genetic Programming-based Symbolic

Regression

This chapter presents an empirical study of the application of GP for flow time estimation in
production lines with exponential processing times and finite interstation buffers. The evaluation
of GP is carried out on production lines across a range of buffer configurations. The chapter
also presents new modifications to genetic programming through the use of simple constraints.
Explicit functions based on both process variables and time lags are constructed. Our results
indicate 1-2% of average absolute deviation in flow time estimations on validation tests with

improvements on computational requirements.

5.1 Introduction

Flow time of lots is a critical performance metric in manufacturing systems as it relates to
production cycle time. It refers to the completion time of all tasks operating on a lot (or a job, an
order) through the production cycle. It is important in management of production activities, eval-
uation of system performance, scheduling, contract due-date negotiations and so on. Predictive
models are often required to manage complex systems, such as in semi-conductor manufactur-
ing, prior to implementation of decisions. Managerial operations, for instance, can benefit from
predictive models quantifying the flow time to support decision making. Product cycle time,
throughput rate are among the possible metrics which can be derived from lot flow time mea-
surements. Three major classes of predictive models are available; analytical, simulation and

metamodels.
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Discrete-event simulation (DES) and spreadsheets can be considered as the prevalent method
in terms of predictive models. DES provides a descriptive environment where high fidelity mod-
els can be constructed with as much detail as required. However, this attribute is delivered at
the expense of increased data requirements. Furthermore, the size of the system, existence of
interactions among its components and operational variability (breakdowns, setup times etc.) are
other additive figures which can undermine the use of DES. These can entail high modelling
and maintenance efforts for DES as well as increased model execution times which can limit its
use in practice. Spreadsheets which are static models with relatively lower fidelity compared to
DES are widely used in practice. While their application is more efficient, they lack the ability
to include system irregularities such as the variability in processing time (Jackman and Johnson,
1993).

In contrast, well established analytical methods, such as queueing networks (Papadopoulos
et al., 1993a; Haskose et al., 2002), can be used to predict the flow time in manufacturing sys-
tems. More complex topologies can be decomposed into building blocks of single server tandem
queues and studied in isolation. Literature presents several examples illustrating the means of ex-
tending such models to larger systems (Terracol and David, 1987; Sadr and Malhame, 2004). De-
spite the computational efficiency of analytical methods, they may require restrictive assumptions
to make the system of interest more tractable for modelling. These assumptions may have to be
varied depending on the characteristics and the structure of the manufacturing system which may
undermine robustness and descriptiveness of analytical approaches (Altiparmak et al., 2007).

Metamodels (approximate or surrogate models) can be a compromised solution in the trade-
off between computational efficiency and high fidelity. A metamodel refers an approximation to
a system measure, such as flow time, dependent on process variables. In the context of flow time
estimation, low order polynomial models are frequently used approaches, particularly in plan-
ning problems (Ruben and Mahmood, 2000; Sha and Hsu, 2004; Alpay and Yuzugullu, 2006).
Recently, due to increased complexity and size of manufacturing systems, intelligent techniques
have become pervasive in the context of regression. Most commonly, artificial neural networks
(ANNSs) with fuzzy or clustering components have found applications to predict flow times (Chen
and Lin, 2003; Chen et al., 2008b).

An alternative approach that can be utilised to develop predictive models is genetic program-
ming (GP). GP is an evolutionary algorithm which can develop symbolic regression models of
processes dependent on input/output (I/O) data (Koza, 1992). Despite this capability, GP has
found rare application in flow time estimation in manufacturing processes. Chan et al. (2010)
combined GP and fuzzy regression (FR) models to construct approximate models of flow times in

manufacturing processes. Baykasoglu and Gogken (2009) applied variation gene expression pro-
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gramming (Ferreira, 2006) in due-date assignment in production lines. In this work, we present
an application of a modified genetic programming to develop predictive models of flow time in
serial production lines. Unlike these studies, we incorporate the leading indicators of flow time,
work-in-process (WIP) and component WIP into the analysis. To account for the correlations
induced by the sequential nature of manufacturing, analysis is extended to consider partial-auto
correlations (PARs) between subsequent lots by incorporating previous observations as process
variables. Our results indicate improvement across the flow time estimations with an average
error in the 1 — 2% bound.

The remainder of this chapter first provides a review of the literature regarding flow time
estimation methods and the indicators in Section 5.2. Following, GP is introduced in Section 5.3.
Next, Section 5.3.2, will describe the modifications made to standard genetic programming in
order to improve its predictive performance. This is established by introducing simple constraints
to the evolutionary operators implemented in GP. Subsequently, an empirical analysis on a range
of production lines will be presented in Section5.5. The last section summarises the chapter and

provides a discussion on the results as well as future work.

5.2 Literature review

In this section, we present an overview of the literature concerned with quantification of the
lot flow time in manufacturing industries. This will allow us to identify the flow time indicators
and available models used in its prediction studied so far.

In theory, the individual observations from a simulation model can be thought of as realisa-
tions of a distribution. There is a number of studies which considered this in order to estimate
the lot flow times. Since a distribution is characterised by its mean, variance and covariance,
the observations can be fitted to common types of distributions, e.g., gamma. Hopp and Sturgis
(2000) utilise this approach to estimate flow times and to derive dispatching strategies based on
aggregate information, such as WIP. The results imply that WIP is a sufficiently strong indica-
tor of lot flow times. Similarly, Kock et al. (2008) recently applied distribution fitting to model
effective process times (EPT) (Hopp and Spearman, 2000) of workstations based on the WIP
level. For a sufficient amount of production simulation (e.g. 200,000 lots), lot arrival and de-
parture data is collected together with WIP observed upon arrival of a lot at the system. From
this arrival-departure data, which are readily available from manufacturing execution systems in
a manufacturing plant, EPT values are calculated using algorithms developed by Jacobs et al.
(2006). Then, these values are aggregated at the WIP levels observed for the corresponding lots.

Subsequently, the first and second moments of a gamma distribution for EPT is found for each
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WIP level observed. Flow time, throughput rate can be derived by sampling this distribution. The
study reports promising results in terms of accuracy of the average flow time and throughput rate
estimations on structurally different production lines.

Distribution fitting is inherently suitable for modelling in the existence of variability. How-
ever, the procedure generally ignores the influence of possible correlations among the subse-
quential flow time realisations. In addition, when prediction necessitate incorporation of addi-
tional factors, e.g. load, congestion, rather than a single variable, such as WIP, the aggregation
of observations can be complicated. Furthermore, it may fail to provide estimations at the de-
cision variable levels which are non-observed previously, i.e. extrapolation. This may introduce
significant challenges to distribution fitting approaches. On the other hand, regression analysis
can address this shortcoming.

Traditionally, the studies concerned with the due-date assignment or scheduling problems
have formed a fruitful body of work in application of simple regression models. Regression in-
volves fitting analytical functions whose coefficients are solved for minimisation of errors against
training data collected from the system. It offers a mapping relationship between the system pa-
rameters and relevant performance metrics. A straightforward model is developed generally in
the form of linear regression (LR) as in Equation 5.2.1, where bls are coefficients and x;;’s are
independent parameters. These models often incorporate job-specific or shop-floor state infor-
mation as variables and tries to derive a mapping function for flow time based on the system

parameters.

flow time; = b, + b1 Xi1 + brXp2 (5.2.1)

Usually, linear models dependent on the system state are utilised (See Equation 5.2.1). However,
the complexity and the dynamic nature of the system can potentially make low order models in-
sufficient in describing the interactions among the system components. For instance, Enns (1995)
observes that the relationship between the work load and utilisation can be highly nonlinear. The
nonlinear interactions among the system state indicators and flow time time limit the descrip-
tiveness of LR. Instead, more complex approaches can be considered to link the flow time with
system state. To illustrate, Veral (2001) assumes a non-linear model which incorporates utilisa-
tion at the work centres, j, and corresponding processing times for a task, i, at machine j, into
a second order allowance model as in the Equation5.2.2. In this model, 7;; corresponds to the
processing time of a job j at machine i, with a utilisation of p;. The b;+(’s are the coefficients,
the constant terms b, accommodates waiting times and &;; is the error in the approximation. He
uses this job related information, such as processing times, average utilisation and the number of

operations, instead of dynamic shop-floor information.
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flow timej; = b, + bitij + bt + b3pj + bap; + &; (5.2.2)

A variety of other state descriptors, such as queue lengths, number of jobs and waiting time in
the system, are also used in developing flow time models. Recently, Pearn et al. (2007) aggregate
the incurring waiting times through the system to provide flow time estimations. The aggregation
accommodated the load-factor and batch-factor waiting times. The first factor measures the time
a lot waits for an available machine as an indicator of the utilisation. The latter involves the time
spent during the formation and handling of a batch from lots. Alpay and Yuzugullu (2006) pre-
sented an extended formula to estimate the delivery dates of jobs. They incorporate job specific
information such as processing times, number of operations at individual workstations. Further,
shop related factors, such as queue lengths of the workstations at a release time of a job, derived
from a range of dispatching criteria. The study investigates the individual and combined impacts
of these characteristics. The authors conclude that the number of jobs waiting to be processed
at the workstation buffers has the largest impact, which is followed by the number of operations
on a job and the total processing time. This observation is important since it relates to WIP, as
studied in Kock et al. (2008), and will be exploited in this study.

A frequently used factor, an alternative to job properties, is workload information which can
be obtained via WIP or congestion levels in a manufacturing line, or at certain parts (e.g. bot-
tleneck workstations) of the manufacturing system at the arrival time of a job Cheng and Gupta
(1989). Veral (2001) criticises the consideration of the congestion as its level at a workstation
may have changed by the time the job reaches to that specific location. In contrast, congestion
level can be a useful indicator of the flow time. For example, Spearman (1991) develops a sim-
ple model which explains the mean throughput rate and average cycle time relationship with
parameters such as the bottleneck capacity, raw processing time and a congestion coefficient.
On the other hand, WIP is shown to be a better indicator than general congestion information
(Sabuncuoglu and Comlekci, 2002).

In an extensive study, Ozturk et al. (2006) extracted 26 different indicators related to both
system state and job characteristics. Due to difficulty in analysis and the correlation among some
of these, a sequential procedure based on data mining is performed in order to determine the
critical ones among them. The study identifies that dynamic and static indicators such as total
process time of the order, number of parts waiting or in-process at the first machine, and total
expected load of the machines are highly influential on flow time.

In a detailed study, Ruben and Mahmood (2000) presented a thorough investigation of the
state indicators to estimate batch lead times. In their analysis, the authors distinguish between

bottleneck and non-bottleneck stations separately. They explore different shop characteristics
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such as congestion level at the bottleneck stations, severity of the capacity imbalance, and bottle-
neck position and shiftiness. Three linear lead time models which are dependent on the number of
batches in queue or in process at workstations and bottleneck station, are used. The first model,
JIQ, consider the lead time as a linear function of the jobs in queue at each work station and
does not distinguish the bottleneck. The second model, JIBQ, assumes the lead time is propor-
tional to the workload at the bottleneck station only. The final model combines the former two
and includes an additional element, which presents the interaction between the bottleneck and
the downstream stations. The coefficients of the models are estimated via linear regression on
data collected from two shop models with different structures. While the study establishes that
partitioning the congestion information between bottleneck and non-bottleneck stations could be
useful, the approaches mainly utilise the number of jobs in queue as an indicator.

Due to the sequential nature of the lot or batch processing through a flow line, approaches
considering time-series forecasting have also emerged as alternative modelling methods. A time-
series generally refers to a data sequentially observed in time. Time-series forecasting can be
helpful in deriving predicates of the system performance metrics on the basis of such data, as
well as detecting abrupt changes in the system. In an early study, Enns (1995) presents regression-
based forecasting of flow times in job shops considering both job specific information and shop
loading status. The flow times were predicted on the basis of total work remaining, average
remaining processing time per job and short term utilisation. Once forecasting is performed, the
job lateness is used to estimate the variance of the predictions. This variance is then used to
determine safety allowance in assigning due dates. More recently, Abdoli and Choobineh (2005)
take a Bayesian approach to forecasting the flow times in a multi-product manufacturing system.
A key part in this study is that the flow time, T;;, for the j™ job the i’ class, is assumed to be a
combination of a constant, F;, and a variable term X;;. The constant represents the minimum flow
time of the jobs from the same class, whereas the variable element corresponds to the variations
as a consequence of the irregularities within the system. Hence, the T;;’s are estimated with the
X;j model minimising the squared error of the prediction. They perform empirical and linear
Bayes forecasts to determine the optimal posterior distribution for X;; depending on the prior
distribution which is obtained from the previously observed X;; observations.

Most of the early studies concerned with scheduling and due-date assigment problems used
linear models (Vig and Dooley, 1993; Gordon et al., 2002; Alpay and Yuzugullu, 2006). On the
other hand, Sha and Hsu (2004) and Veral (2001) pointed out a problem with simple regres-
sion models that is the system state can vary as opposed to its past trends. This implies that it
becomes critical to obtain good extrapolation ability while fitting a model to system data. As a

consequence, more sophisticated approaches, such as artificial neural networks (ANNs), support
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vector regression (SVR), have become appealing methods.

Inspired by nature, ANNs emulate the nervous systems, such as human brain. As the inter-
action of neurons provides information processing capabilities, such as learning, ANNs can be
trained over a set of sample data collected from a system (or its simulation) to generate the pred-
icates. ANNs have found extensive application in flow time estimation in manufacturing (Huang
et al., 1999; Chen and Lin, 2003; Patil, 2008; Sha and Hsu, 2004). Raaymakers and Weijters
(2003) presented a comparative study on estimation of makespan in batch processing industries
via LR and ANNSs. The authors exploited the variables such as number of parallel resources,
number of processing steps per job, workload balance and standard deviation in the processing
time. Their results indicate that ANNs outperforms LR in complex systems with high estimation
quality beyond 98%. Unlike low order regression models, ANNs can be quite effective in obtain-
ing a network model of the performance metric in a black-box fashion. However, the structure of
the network can be complex making it difficult to interpret. Furthermore, it may require prudent
selection of configuration parameters to protect against the phenomenon of overfitting (Tetko
et al., 1995). To address this issue, ANN can be coupled with a search algorithm in order to iden-
tify its optimal configuration (LI et al., 2007). In Chang et al. (2008) the flow time observations
are considered as time series data to predict the lot output times in wafer fabs with ANNs. The
ANN is enhanced with fuzzy rules which incorporates expert knowledge in the form of logic
rules (i.e., if-then-else). They used process variables such as order processing time, total WIP,
total job in system and utilisation of the bottleneck. The study reports a training performance
around 0.73% in terms of \/mse, with an average value of 485.5. In an interesting study, Chen
et al. (2008b) presented a hybrid of ANN, Self-Organizing Map (SOM) and Case Based Reason-
ing (CBR). The CBR approach considers using historical information to estimate the flow times
based on previous observations, i.e. cases. The SOM method is used to classify the observations
with respect to process variables, i.e. features. They considered a set of features including or-
der quantities, existing order qualities, average shop workload, average queue length, the queue
length of bottleneck workstations, and utilization rate of work stations affecting flow times. Then,
these variables are assigned random weights. When a new arrival occurs, the most similar cases
are retrieved with respect to the k — nearest neighbours (KNN). The flow time is then estimated
by averaging the flow times of these similar cases. With respect to the magnitude of the resultant
error in terms of rmse, a genetic algorithm is run to update the initial weights. The best weight
combination found is used for flow time estimations.

An alternative approach for flow time estimation is support vector machines (SVM) devel-
oped by Vapnik (1995). Due to the generalisation capacity of SVM, they have found wide use

in regression applications such as time-series forecasting, etc etc. Despite their success, the ap-
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plication of SVM in simulation based studies is scarce (Li et al., 2010). Alenezi et al. (2008)
exemplify the use of SVM for support vector regression (SVR) on multi-resource multi-product
manufacturing systems of different complexity. Intuitively, the status of the system is defined
with the intermediate product levels at interstational buffers due to Little’s Law (Little, 1961).
The product in process at the resource also included i the queue length. Considering individual
buffer positions is rationale because the queue lengths will provide detailed congestion infor-
mation as well as the waiting times. In the study, the SVR predictions are compared against
exponential smoothing, moving averages and ANNs. The results report a success rate of SVR of
13 —23% in terms of rmse (see Section 5.3.2) outperforming the other methods.

Recently, there appeared an application of gene expression programming (GEP) (Ferreira,
20006) to estimate flow times. Baykasoglu and Gocken (2009) applied GEP for due-date assign-
ment in multi-stage job shops. They obtain explicit flow time functions dependent on job specific
processing information as well as state parameters such as queueing times, number of jobs. The
due-dates assigned by GEP exhibits an average deviation of 8.7% from the actual due dates.

As summarised above, there are many internal factors which influence the flow time of lots
within the system. However, the increased number of state parameters can lead to flow-time
models which are difficult to interpret. Dynamic system states along the route of a lot, machine
imbalance, and job specific information such as processing times or the number of the processes
are shown to be critical indicators of flow time. On the other hand, as shown in Hopp and Sturgis
(2000) and Kock et al. (2008), the performance models can be effectively derived dependent on
aggregate characteristics (e.g. the WIP content). Therefore, in this analysis, WIP levels are con-
sidered as an indicator of the lot flow times. In the following section, we present the methodology

used in this study prior to presenting the empirical analysis.

5.3 Genetic programming

This section will present the GP methodology to perform symbolic regression. First an ex-
planation of the approach is provided highlighting issues regarding robustness of the constructed
models. Subsequently, modifications to the standard genetic programming to improve predictive

performance are described.
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Parent 1 Parent 2

Child 1 Child 2

r r

Figure 5.3.1: Tree-based representation of 7 % > (offspring 1), a * r (offspring 2), 7 * r (parent
1), a* (r*r) (parent2) and an example of crossover operation in GP. Crossover points on the
parents are indicated by bold circles. Offspring are formed by exchange of such nodes in the
parent expressions.

5.3.1 Symbolic regression !

Genetic programming (GP) is an evolutionary algorithm (EA) which has the capability of
evolving mathematical expressions (see Figure 5.3.1), machine codes, programs etc.. As an EA,
GP performs these by processing a set of multiple solutions, i.e. population, by means of evo-
lutionary mechanisms, e.g. crossover (see Figure 5.3.1), selection. These solutions, generally
defined in a tree form of expressions, are known as individuals in the context of EAs. These
tree expressions can often be interpreted as arithmetic functions, building instructions, empiri-
cal models, etc.. GP can perform data-based modelling of a system behaviour dependent on its
process variables. Use of GP to evolve approximate functions of the implicit mapping relation-
ship from input/output (I/O) data is called symbolic regression (SR). In this manner, empirically
collected training data from a system can be used to construct symbolic expressions.

Algorithm 5.1 provides the pseudo-code for the standard GP. The process starts with the in-
puts of the GP configuration and training data. First an initial population is randomly created

from the functional primitives, e.g. sin, cos,exp,In,x’etc., and the terminal set which consists of

1. The context of this subsection consists of excerpts from previous chapters, Chapter 2, 3 and 4.
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Algorithm 5.1 The general framework of genetic programming algorithm.
1: input: GP configuration (e.g., Table 5.10), training data;
2: output: best expressions;
3: begin
4: var gen:=1, eval :=0, pop:=0, newPop, currentPop;
Randomly create initial population from primitives supplied;
Execute each expression on training data for fitness;

5: set currentPop:= Initial population
6: while gen< Max Generation and eval < Evaluation Limit
7: while pop < Population Size and eval < Evaluation Limit
8: Select two parents from the currentPop;
9: Create new offspring via crossover;
10: Insert the offspring into newPop;
11: set pop:= pop+1, eval:= eval+1;
12: end while

13: set currentPop = newPop, gen:= gen+1;
14: end while

15: return best solution so-far;

16: end

the problem variables and constants. At any stage of the algorithm, the newly created solutions
are evaluated against the training data. After a predetermined population size is reached, the cre-
ation of the next generation starts. This is performed by sequential application of evoluationary
operators; parent selection, crossover and mutation. Parent selection can be made in a variety of
ways, such as random, fitness proportionate and tournament selection (Back, 1994; Gottlieb and
Kruse, 2000). For instance, in fitness proportionate selection the relative fitness or rank of the
solutions is used to determine their probability of selection. Fitness, refers to the performance of
an individual solution against an objective function (in optimisation) or a training data (in sym-
bolic regression). On the other hand, random selection determines the parents randomly. This
way, the selection pressure is relaxed so that algorithm can spend more time for exploration.
Another common selection method, which is also implemented in this study, is tournament se-
lection (Miller et al., 1995). In this type of selection, a predetermined number (tournament size)
of candidate solutions are picked from the population and compete against each other in terms
of fitness. The winner of each tournament becomes one of the parent solutions that will undergo
recombination. A comparison among the commonly used parent selection methods is provided
in Blickle and Thiele (1997). Following parent selection, the evolutionary mechanisms recombi-
nation (crossover) and mutation operates on the individual solutions. In recombination, random
segments of the parent solutions are mixed to form a new individual, offspring. Depending on the

algorithm implementation, this newly created individual can go under mutation which introduces
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new variations to the offspring. Finally, the solutions is evaluated for fitness and added to the new
population. The algorithm continues to create offspring until the new population reaches to the
predefined population size. This procedure iterates for each new population until the stopping
criterion is satisfied.

As a consequence of the flexibility of the evolving system and robustness of the algorithm,
there have been a number of symbolic regression applications in a range of domains; clustering
and data mining applications (Eggermont, 2005), modelling of chemical (McKay et al., 1997)
and electronics (Chan et al., 2010) manufacturing processes.

A metamodelling study requires three foundational steps. First, a model type is chosen to
represent the output of a system. Second, depending on this model type, the system decision
space is sampled to extract necessary information representative of the output behaviour. Fi-
nally, constructed models are validated against samples which are not used in model develop-
ment. Similarly, SR requires a set of training data which describes the system behaviour. Due to
computational restrictions and high dimensionality of most industrial systems, generally a finite
set of data can be provided to establish learning. Thus, robustness of the constructed expressions
over the entire decision space is a critical factor. Needless to say, this performance of the resultant
models relies on how representative of the system the training data is. Hence, many systematic
techniques have been developed to cultivate as much information as possible from the system for
a reasonable effort expended on sampling its domain, i.e., decision space, (Cheng et al., 2000;
Simpson et al., 2001b; Chen et al., 2006). Despite these efforts, the performance approximate
models becomes likely to deteriorate as their precision on the training data increases. Too much
focus on a finite set of data can lead to its over-representation. In machine learning, this problem
is defined as overfitting and it can decrease the accuracy of estimations on unseen data.

Generalisation can be defined as the ability to make accurate predictions on unseen data.
In contrast, overfitting is learning/memorising a specific set of data. This tradeoff problem has
received a substantial amount of attention from the genetic programming research community.
The literature comprises a range of suggestions to improve the generalisation performance of GP.
These are generaly oriented towards promoting diversity to enhance the exploration and towards
prevention of overfitting to improve generalisation (Becker and Seshadri, 2003; Paris et al., 2004;
Foreman and Evett, 2005; Murphy and Ryan, 2008).

The overfitting problem also relates to the complexity (or size ?) of the expressions (Cavaretta
and Chellapilla, 1999). In this respect, some studies explored the generalisable solutions exploit-

ing the compromise between complexity and generalisation(Zhao, 2007; Bhowan et al., 2010).

2. They actually do not mean exactly the same, but since we are indifferent to this concept in this study, they
will be used interchangably
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However, strict control of complexity can be detrimental to the evolutionary process (Domingos,
1999). Instead, in our study, a simple constraint is introduced to manipulate the formation of a
new generation. Such constraints were previously used for detecting new solutions with higher
training performance than their predecessors (Grosman and Lewin, 2004; Murphy and Ryan,
2008). In contrast, the implementation here allows only the more generalisable (robust) new so-
lutions to form the new generation without any further assumptions on fitness and solution size.
The robustness of the individuals are measured using an external data set in addition to training
set.

Finally, increasing the exploration ability of GP is also a promising avenue for improving
generalisation. This can be facilitated by enhancing the diversity of the evolutionary content
of populations (Luke and Spector, 1996; Tomassini et al., 2003). In this respect, focusing on
dissimilarity of the parents is shown to enhance the ability of GP to produce generalisable models
(Gustafson et al., 2005) and it is one of the key properties in GP implementation introduced here.
As a dissimilarity measure, the behaviour of the symbolic expressions is inspected in terms of
the magnitude of errors along the training data. An indicator function describing this behaviour
is constructed to partition the population of solutions and crossover operations are restricted.

In the remainder of this section, the studies investigating the problem of overfitting is de-
scribed as it relates to robustness. Then, a group of articles which exploits multiple data sets is
reviewed. To the best of our knowledge, none of these studies manipulate the convergence, but
only attempt to select the best-of-run solutions in SR. Subsequently, the modifications to standard

GP (Koza, 1992) are presented. Experiments and results follow in the next section.

5.3.2 Convergence manipulation

The problem of generalisation is extensively studied in genetic programming community to
address the problem of overfitting. There is evidence that an underlying reason for the loss of
generalisation is the excess growth of expression size known as program bloat (Bernstein et al.,
2004). Growth of the symbolic expressions can be a consequence of increased precision of the
functions to training data which undermines the generalisation capacity across the unseen data
(Soule and Foster, 1998; Langdon, 2000). Therefore, many researchers adopted means to control
the evolution by biasing the solution selection procedure towards simpler expressions resulting
in parsimonious and generalising solutions. This can be performed in a parametric manner by in-
corporating size into fitness along with raw fitness, or by utilising Pareto dominance concepts to
exploit the trade-off between solution size and generalisation (Mugambi and Hunter, 2003; Bern-
stein et al., 2004; Zhao, 2007; Alfaro-Cid et al., 2008; Whigham and Dick, 2010). Whigham and

Dick (2010) presented a comprehensive review on the approaches for bloat control. A compar-
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ison of the bloat control methods are provided in Luke and Panait (2006) and Alfaro-Cid et al.
(2010). Nonetheless, it has been empirically shown that growth and generalisation is not neces-
sarily connected (Cavaretta and Chellapilla, 1999; Keijzer and Babovic, 2000). Moreover, too
much pressure on controlling the solution size can inhibit the ability to create generalisable so-
lutions (Domingos, 1999; Mahler et al., 2005). Domingos (1999) further empirically found that
biasing towards simpler models with the same training error will not always lead to generalising
models. Therefore, alternative approaches have appeared to improve the generalisation capacity
of the evolved expressions.

Eggermont and van Hemert (2000) studied the assignment of weights to sample points in
training data set. These weights are manipulated during the evolution of symbolic expressions.
An advantage of this idea is that it is similar to introducing new training points at each iteration.
Hence, it can prevent GP from focusing on specific solutions. However, the results documented
implied very little improvement in validity of the expressions. Furthermore, modifying the train-
ing cases along the evolutionary run can inhibit the sense of search gradient; also the ability
to compare individuals evolved using different weights (or training cases) at different iterations
(Panait and Luke, 2003). Panait and Luke (2003) also highlighted a lack of understanding in
searching for individuals which exhibit generalisation characteristics. Recently, Costelloe and
Ryan (2009) incorporated linear scaling (L.S) and a mating constraint (No Same Fitness (NSF))
to the standard GP. The NSF is a strategy that first appeared in Gustafson et al. (2005) to promote
promote diversity and to limit creation of offspring with the same fitness as their parents. The
mating constraint Costelloe and Ryan (2009) utilised restricts the crossover between parent with
the same fitness (1/ (1 + mse) is used as a fitness criterion) and appears to yield slight improve-
ments to the regression models. They noted that although LS (Keijzer, 2003) improved fitness of
solutions, there was not much gain on generalisation. This is actually an expected outcome since
LS tries to assist GP in producing solutions within the range of target data (Keijzer, 2003).

In order to assess the degree of robustness, the constructed approximate models can be tested
on observations which are not included in the training process. This forms the basis for using a
validation set to evaluate generalisability of the models in regression-based studies. In this work,
such external sets are considered not only to evaluate, but also to support the development of
generalisable (robust) approximations to systems based on 1/O data.

Use of multiple and distinct data sets during SR is not a new concept. The major reason
behind this is to assess the generalisation capacity of the expressions discovered for validation
purposes. However, it is often criticised for being ignored in most of the earlier studies despite
its implications on reliability of the results (Kushchu, 2002; Gagne et al., 2006; Costelloe and
Ryan, 2009).
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Briefly, the empirical data is split into separate datasets. In SR, while GP is trained on the
basis of one set (training set), its performance needs to be evaluated against a separate set (val-
idation set). Evidently, when the performance at the second set interferes with the progress of
evolution, an additional data set is required to assess the validity of the GP expressions. In the
remainder of this chapter, these sets will be referred to as training, testing and validation sets.
The training and testings sets are used during the evolution, whereas the last one is solely used
for validation purposes.

Several studies attempted to exploit the multiple data set in determination of best-of-run so-
lutions during the evolutionary process. In Brameier and Banzhaf (2001), genetic programs are
evolved in teams (which involve distinct individuals) using classification data sets. In order to
increase the heterogeneity of the teams, each team member is forced to be trained by slightly
different datasets which is shown to improve the generalisation properties. On the other hand,
constantly changing sample sets (such as in cross-validation) can prevent the convergence of the
algorithm (Panait and Luke, 2003). Rowland (2003) points out that while the use of multiple
data sets in evolutionary computation is rare, its use as a selection criteria is less common. In this
study (Rowland, 2003), the divergence of the performance curves of both training and testing
sets is inspected to assert the generalisation. The solutions minimising the absolute difference
are preferred as the best solutions. Among the solutions exhibiting such characteristic, the one
with the largest predictive accuracy will give the best-of-run solution. Use of divergence is also
proposed as an indicator of the start of overfitting in GP (Foreman and Evett, 2005). Yu et al.
(2004) applied GP to discover financial technical trading rules. To address the overfitting prob-
lem, they utilised three data sets. At each generation, the best individual with respect to training
fitness is evaluated against the testing set and the best-of-run individual is updated according
to the testing fitness. The testing set is used to determine the performance of the final best ex-
pressions. Similarly, Gagne et al. (2006) illustrated an example of using a testing set to assist
SR in binary classification problems. At each generation, the solutions undergo a two-objective
sorting to identify non-dominated individuals with respect to both fitness (on training set) and
size. Those nondominated solutions are subsequently evaluated against the testing set to de-
termine the best-of-run expression. Note that evaluating only the nondominated set provides a
degree of computational efficiency. Gagne et al. (2006) also tested this selection approach when
a lexicographic parsimony pressure (Luke and Panait, 2002) is used to control the complexity
of the expressions. The method involves a sorting which resolves the ties when there are indi-
viduals with identical training fitness. The lexicographic ranking utilises a modified tournament
selection which selects the smallest (simplest, least complex) of such individuals. Recently, Yan

and Clack (2010) considered use of data from two environments with different dynamics to infer
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about the robustness the evolved solutions. Training and testing data sets are sampled from one
of these environments, whereas the validation set is entirely obtained from the other environment.
They suggested two variations of the method illustrated in Panait and Luke (2003) and Gagne
et al. (2006) to incorporate three data sets. In the first version, the training set is used for fitness
evaluations to guide the evolution until the penultimate generation. The best-of-run solution is
transferred to the subsequent generation by elitism. At the last generation, the entire population
is evaluated against the testing set which is collected from the same environment as the training
set. Finally, the quality of the best-of-run individual is assessed using the validation data set.
The second version slightly differs from the first in the sense that the testing data set is used at
each generation to find the best-of-run solution. Yan and Clack (2010) report some improvement
in terms of robustness (variability of the results across different sets) against the GP. However,
there is not much difference observed between the two proposed approaches.

The review presented above indicates that SR can benefit from the use of multiple data sets
in terms of obtaining generalisable (Rowland, 2003), compact and comprehensible (Gagne et al.,
2006) expressions. While these studies outlined here considered the use of multiple sets solely
to determine the best solutions during the run (i.e. model selection purposes), none of them
utilised the idea in further manipulation of the evolutionary process. In the next subsection, the

modifications to standard GP are described.

5.3.3 Extensions to standard genetic programming

In this section, the GP implementation used in this study is illustrated. Modifications in algo-
rithm initialisation, parent selection, and formation of new generations are performed with simple
constraints. A novel restricted recombination operator is utilised. Intuitively, it exploits the be-
havioural information of symbolic expressions. This information is obtained from the residual
errors on training data to distinguish solutions. The same information is utilised at the initialisa-
tion of the algorithm to promote a diverse initial content. In the formation of new generations,
a secondary testing set is utilised to assert the generalisation properties of the solutions. A new
offspring generalising better than both of its parents is allowed to enter the next generation. In
this manner, the algorithm differs from the previous studies summarised in Section 5.3.2 as it ma-
nipulates the convergence rather than selecting a best-of-run solution. It resembles the constraint
previously presented in (Langdon and Poli, 1998) focusing on mutual fitness improvements; yet,

differs by rewarding generalisation.

93



5.3.3.1 Problem statement

In many metamodelling applications, performance of the regression models is quantified
based on the deviations of the models from the training data. The adjusted means, as varia-
tions of sum of squared errors (sse), e.g. standard deviations, are frequently used to assert the
performance. The smaller the value of this measure, the better the regression model is assumed
to be. Often, an approximate model depicting a good fit is expected to be discovered by min-
imising this error measure. In essence, adjusted means aggregate the deviations of the predicates
from the observed values. These can mask the irregular deviations computed from the regression
models and can mislead the metamodelling algorithms (Marron and Tsybakov, 1995). When a
performance measure, such as mse, is used in SR, evolved models are likely to be susceptible
to this shortcoming. In the remainder of this section, to address this problem use of absolute
deviations in performance measurements is justified to seek generalisable symbolic expressions.
Furthermore, the behaviour of the symbolic expressions in terms of the magnitude of the errors
at training points is also inspected to distinguish individuals. This extension is utilised to seek

improvements in discovery of new solutions.

5.3.3.2 Fitness assignment

In a regression study, a residual error refers to the deviation of the estimations from the un-
derlying function of the training data (Equation 5.3.1). Residuals are vital to regression because
they establish the reliability of the approximate models since they are generally used to check
model performance, as well as assumptions such as normality, linearity etc. While the analy-
sis of residuals is commonly applied in linear or multivariate regression, it is often neglected in

machine learning methods, e.g. as neural networks, genetic programming.

e =yi— i (5.3.1)

In many regression applications, the residual errors are aggregated into adjusted means. For
example, one of the principle measure, mean squared error (mse), is the arithmetic average of the
squared errors. Similarly, a variation, root mean squared error (rmse) can be used providing the
same dimensions as the predicted value. Constructing a regression model through minimisation
of sum of squared errors is called least squares (LS) regression and is a very common approach.
Some of the other performance measures used in this context is summarised in Table 5.1.

Among the measures listed in Table 5.1, mse and rmse are frequently used as fitness, 7, in
SR studies. The effect of fitness functions on the performance of genetic programming is investi-
gated in object detection (Lett and Zhang, 2004), classification (Patterson and Zhang, 2007) and
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Table 5.1: Measures of predictive performance (extracted from pg. 148, Witten and Frank, 2000).

’ Measure \ Formulation ‘
Y
mean squared error, mse M
Yvicn(i—¥i)*
root mean squared error, rmse S
mean absolute error, mae %ngn lvi — ¥il
relative absolute error, rae LY vicn \y,;_yA
f— 13

information retrieval (Fan et al., 2006).

As a consequence of the nature of the regression process, the deviations of estimations, e;’s,
from the training data set are not necessarily identical. Kaboudan (2001) analysed the charac-
teristics of the residuals produced by GP in times series forecasting. The autocorrelation and
the normality of the residuals are inspected empirically. Quantifying the residuals’ variances,
Kaboudan (2001) observed that the possibility of residuals following a non-normal distribution
exists. It is surprising that this justification is not materialised in other SR studies which often
utilised LS.

Usage of adjusted means in assessing the performance of a solution masks the irregular be-
haviour in residuals. Furthermore, existence of the squared terms in calculation can amplify the
effect of cases where e; is large (e.g. outliers). In other words, excessive emphasis may be in-
duced on observations where large deviation from the training data points is observed (Sharpe,
1971). Therefore, it is possible that the regression method will tend to try to decrease the er-
ror at such points, while imbalancing the error at others. In order to address this shortcoming,
alternative measures such as, mean absolute error (mae) (see Table 5.1), can be used.

The use of absolute deviations to develop regression models is regarded as least absolute
deviations (LAD) regression. It minimises the sum of absolute errors (sad) (Equation 5.3.2) as
an alternative to mean squared errors (Wang et al., 2006; Chen et al., 2008a). LAD is shown
to be more robust than LS since it is not effected as much by the irregularities in sample data
(Maia and de A.T. de Carvalho, 2008) and since it supports developing estimates insensitive to
model misspecifications (Pynnonen and Salmi, 1994). Due to the fact that there is no prior as-
sumption on the model structure of SR expressions, use of LAD can be beneficial. Moreover,
its consistency and asymptotic normality for nonlinear models are proven by Weiss (1991) and
further investigated in previous studies (Stromberg, 1995; Wang et al., 2006; Chen et al., 2008a).
Dasgupta and Mishra (2004) provided a review on applications of LAD in developing econo-
metric models. Despite its possible advantages, LAD has rarely found application in GP studies
to evolve symbolic expressions (Gusel and Brezocnik, 2006; Chan et al., 2010). In LAD, the
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predictive model is the minimiser of:

Y lyi—il, (5.3.2)

Vi<n
where 7 is the number of observations in training data, y; is the target value associated with the
observation and y; is the estimation by the approximate model. In a recent study, Chan et al.
(2010) used relative mean absolute error (rae in Table 5.1) as a fitness function. However, Ren
and Glasure (2009) provided, a comparison among relative and mean error measures on normal
and non-normal independent time series. The study concluded that mae outperforms its relative
counter part on distinguishing solutions; thus, we utilised the mae as formulised in Table 5.1. The
fitness of each individual will be calculated based on mae across the training, testing, validation
sets, and will be denoted by 77, 7, 7, respectively. This is examplifed in Equation 5.3.3 for

p = f,t,v and n is the sample size.

tp=n"" Y |yi—Ji (5.3.3)

Vi<n

5.3.3.3 Creation of generations: restricted combination and mutual generalisation

Once we establish the use of LAD, there is further information that the errors can provide
about the evolved models. The magnitude of deviations from the training data for an individual
solution can be used as features (Radhakrishnan et al., 2006). This way, GP algorithm performs
a behavioural classification of the symbolic expressions. Furthermore, the solutions with equal
fitnesses (Gustafson et al., 2005; Costelloe and Ryan, 2009) or similar hereditary backgrounds
(Tomassini et al., 2003; Murphy and Ryan, 2008) can exhibit different characteristics in terms of
magnitude of the deviations. This leads to heterogeneous partitions of individuals specialised in
proximity to different data points. Intuitively, the ability to capture this behaviour can be a useful
endeavour to gauge the diversity.

The object of the partitioning step is to detect irregularities in the computed deviations for
individuals. For this purpose, an indicator function which relates to absolute deviations from
training or testing data can be used. In order to classify the individuals, we compare the relative
errors at target values and utilise an indicator function L (x) such that, when the value |e;/y;] is
larger than a user defined value, /, it signals the value “0”, otherwise a “1” and stores the value

in a binary vector, L (i) (see Equation5.3.4).
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L= leils (5.3.4)

0, ow.

Luke and Spector (1996) exploits team-wise evolution in their GP implementation. They con-
clude that a simple form of restricted interbreeding outperforms free interbreeding in all teams
with distinct individuals. In our study, the binary vector, L(i), will be used to classify individ-
uals into different partitions. This will not only allow tracking the behavioural diversity of the
solutions, but also facilitate a means to restrict the crossover operations to seek new solutions
with diverse behaviour than its parent solutions. This is established by selective tournament op-
erations. The tournaments are performed only among individuals who exhibit different residual
behaviours with respect to L(i).

The Darwinian theory is driven by the survival of the fittest which depends on adaptation
to the environment. Some fitness functions for quantifying the degree of this adaptation in ge-
netic programming are illustrated in Section 5.3.3.2 (e.g., rmse). The individuals picked by the
tournament selection go under standard subtree crossover. While this enables GP to explore new
solutions, it is expected to discover solutions which exhibit better fitness. A newly created so-
lution can turn out to perform worse than its ancestors in terms of fitness. Therefore, solutions
with poorer fitness need to be handled (rejected) to allow evolution to discover better solutions
progressively. On the other hand, a better fitness does not necessarily mean an increase in the
generalisation capacity. A possible means to establish this is to regulate the formation of a new
generation by allowing an offspring to survive only if it is more generalisable than both of its
parents. In order to prevent premature convergence to a suboptimal population, a restriction is
incorporated into the acceptance criterion which simply eliminates offspring which already exist
in the new population. This aims to maintain a diverse population content in terms of functional
primitives.

The entry of an offspring to the new population can be facilitated by incorporation of a sim-
ple constraint to the algorithm similar to Langdon and Poli (1998). Grosman and Lewin (2004)
used this concept to allow offspring whose fitness is better than both of its parents to enter a new
population. In another study, Murphy and Ryan (2008) inspected concepts of hereditary repul-
sion (HR) and mutual improvement (MI). HR restricts the tournaments to solutions with least
hereditary overlaps and MI is the same constraint used by Grosman and Lewin (2004). The re-
sults in Murphy and Ryan (2008) showed that the significant improvement in fitness stems from
MI. However, too much emphasis on a specific set of data points (i.e. training data) to improve
fitness can lead to overfitting, and hence, a decrease in generalisation capacity. In our study, the

approach differs since it concentrates on different data sets in attempt to address this. Further-

97



more, the new generation is built completely based on the solutions outperforming in generali-
sation ability unlike the earlier applications which utilise multiple sets to select the best-of-run
solutions (see Section 5.2). In contrast with the studies which reward parsimonious characteris-
tics (see Section 5.2), the formation of the new generation is based solely on the generalisation
capacity. Interfering with the solution size is avoided since strict control of complexity can pre-
vent GP from evolving generalisable solutions (Domingos, 1999). In effect, the strategy to avoid

overfitting is independent of the error measure utilised, hence is adaptable to other studies.

5.4 Problem studied: Serial production lines

To demonstrate the ability of the proposed GP in estimating the flow times in manufacturing
plants, a serial production lines (see Figure 5.4.1) is used. These production lines are composed
of serially connected workstations with intermediate buffers between them. Frequently used
manufacturing systems, such as flow lines, transfer lines, constitute to this method of manufac-
turing (Kalir and Sarin, 2009). Furthermore, the literature comprises examples where serial lines
are used as the building blocks for more complex systems and studied in isolation (Sadr and
Malhame, 2004; Veeger et al., 2010b).

Arrivals
o) SR

Figure 5.4.1: Serial production line with starting materials arriving at the first buffer ¢; and
products leaving the system at the last machine M,,.

Departures

Figure 5.4.1 depicts a serial production line with machine workstations, M;’s, and inter station
buffers, of size Q = (91,42, --.,qm), to store product parts summing up to a total available storage
space of size, N. The lots arrive at the system with a Poisson distribution with an average arrival
rate, A, and are processed through the workstations with an exponential service rate with mean,
Ui, in a first-in-first-out (FIFO) fashion. The production lines in this study are modelled in DES
software, Plant Simulation 8.23. The constructed models are validated against the results in
Papadopoulos et al. (1989) (see Table 5.2). However, our approach will not incorporate any
assumptions during the empirical analysis.

The experiments are performed in 4 different line configurations where the arrival rates,

buffer capacities and line lengths are varied. We consider systems with identical workstations.

3. http://en.wikipedia.org/wiki/Plant_Simulation
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Table 5.2: Validation results of the simulation model against the exact results provided in Pa-
padopoulos et al. (1989), indicating a negligble amount of absolute error. Note that these exper-
iments had to assume ¢ as infinite due to validation purposes.

Problem Setup Exact | Simulation Abs.
No. of stations (m) | Buffer allocations (Q) | results model | Error(%)
5 5,1,4,2 0.6997 | 0.7006 0.11
5 8,3.4,2 0.7426 | 0.7427 0.01
8 1,1,1,1,1,1,1 0.5720 | 0.5725 0.09
8 2,22,2222 0.6496 | 0.6498 0.03

Table 5.3: Production line configurations studied.

’ Problem ID \ No. of workstations \ A \ u \ 0 ‘
1 4 10.0 | 3.0 {8,8,8,8}
2 5 10.0 | 1.0 {8,8,8,8,8}
3 8 10.0 | 1.0 | {8,8,8,8,8,8,8,8

The configurations of the systems studied are provided in Table 5.3. The values of the parame-
ters, such as A and u, are specifically chosen to mimic a real system which would be dynamic
and exhibit different system states in terms of queue lenghts.

In the following section, a preliminary analysis on construction of approximate lot flow time
models will be presented. In this respect, we will first analyse the flow time data collected from
simulation on arrival of new lots to the system. Following this analysis, strategies on the use of

process variables and past flow time values will be proposed prior to extensive empirical analysis.

5.5 Preliminary analysis

In this section, a preliminary analysis on the nature of the flow time observations will be
performed in order to find a viable approach in estimation of lot flow times. Due to sequential
nature of the manufacturing, a multivariate modelling approach which resembles to time series
models will be considered. The models will comprise autoregressive components which explain
the dependence on past values and dynamic components which are process variables, e.g., queue
lenghts, WIP, as leading indicators of flow time. Next, an empirical run of the GP algorithm on
Problem 1 (see Table 5.3) will be made to both find an optimal calibration for the algorithm and

infer further strategies for other problems.
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5.5.1 Data analysis

Column Q of Table 5.3 lists the buffer capacity configuration experimented on. Buffers
are generally used to facilitate smooth operation of manufacturing systems. The storage of in-
complete product parts (components) in buffers provides protection against disruptive effects of
irregularities such as break-downs, maintenance, variable processing times etc. Moreover, the
literature review presented in Section 5.2 implies that the queue lengths and WIP are useful in-
dicators to predict flow times in manufacturing plants. Therefore, the training data required to

develop approximate models is collected starting on the arrival of a lot to the system:

1. The buffer levels (component WIP) are considered as the process variables. If a down-
stream workstation is already loaded with a lot this is added to the level of the upstream
buffer. Alenezi et al. (2008) applied this approach and reported 10 — 17% approximation
error using SVR.

2. The total amount of WIP in front of a lot is considered as a process variable as implied
by the previous studies (Ruben and Mahmood, 2000; Alpay and Yuzugullu, 2006; Kock
et al., 2008). This information can be obtained from arrival-exit data of the system. It is

also equal to the sum of the each process variable considered above.

In practice, the information regarding the training data is generally available from manufacturing
execution systems (MES)“. In this study simulation is used as a substitute for an MES. The
serial production lines with 4 work stations will be studied in the preliminary analysis to infer
strategies (Problem 1 in Table 5.3). In this problem, each workstation consists of a single server
with a processing time exponentially distributed with mean, 4 = 3, and intermediate buffers
with a capacity of 8. The input buffer of the system is assumed to have infinite capacity. The
lots are processed in a first-in-first-out (FIFO) manner through the system. The identical lots
arrive at the system with respect to a Poisson distribution with rate, A=10. Each experiment is
performed for processing of 120000 lots in the simulation model, where information regarding
the lots in the transient period according to Welch’s method (as summarised in Law and Kelton
(2000)) is excluded from the analysis. The analysis is performed for the lots 100000 onwards.
The Figure 5.5.1 depicts the first 150 flow time observations obtained from this system to give
initial insights prior to modelling experiments. It is clear that flow times exhibit a high level
of irregularities. In practice such irregularities generally stem from the variable processing rate,

unplanned break-downs, machine starvation or blockage due to limited buffer spaces.

4. http://en.wikipedia.org/wiki/Manufacturing_execution_system
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Figure 5.5.1: Variation of lot flow times at steady-state for a 4 station serial production line.

The WIP profile, or component WIP (CWIP) level at a work station refers to the total number
of lots currently being processed at the work station and the lots in its queue. For instance,
Figure 5.5.2 illustrates the variations of component WIP at the workstations of a 4 station serial
production line with finite buffers of capacity, g; = 8 Vi < m. The CWIP information is collected
starting from the arrival of a lot.

It can be seen in Figure 5.5.2 that the number of intermediate parts stored at the buffers of each
workstation vary in an interval. [@min,gmax] (here [3,9], specific to Problem 1). This constrains
the observation space depending on the system parameters, restricting the number of different
CWIP schemes. For instance, Table 5.4 summarises some of the CWIPs with the corresponding
count of the number of times these schemes are observed. Note that the CWIPs observed less
than 10 times are ignored due to space restrictions. The data presented in Table 5.4 suggests a
potential solution to developing flow time models. That is, the flow time observations can be
clustered with respect to CWIP. For each cluster; a different distribution can be fitted. This fitted
distribution is characterised by the mean, variance and covariance obtained from that cluster.

An extension to this is the estimation of these parameters in a regression setting for all CWIP
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Figure 5.5.2: An example time behaviour of the WIP profile at workstations (1,2,3,4) at the first
150 arrival instances.
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classes at once, with these distribution values dependent on the CWIPs. Table 5.4 summarises
the mean and standard deviation of some of the distinct state measurements, and the count which
the CWIP levels are observed for Problem 1. A glance at the Table 5.4 reveals that the standard
deviation values lie within around 2% of the mean. However, distribution-based models can be
prone to the problem of overtaking among consecutive lots as mentioned in Rose (2000); Kock

et al. (2008). Thus, we will postpone this consideration to a further study.

Table 5.4: Flow time observations averaged with respect to WIP profile distributions.

’ WIP profile \ Count\ Mean \ St.dev ‘

716|6|6| 101 |4.2181 | 0.1015
716|167 80 | 4.2371 | 0.0998
717166 79 |4.2246 | 0.0912
716(76| 66 |42135]|0.0918
715176 64 |42320]|0.1113
71675 63 |4.25540.1013
716165 58 |4.2307 |0.1033
717167 56 |4.2208 | 0.0964
617|166 54 |4.2164 | 0.0968
816|817 10 | 4.2375 | 0.1103

Even though the finite number of possible CWIPs may be beneficial as discussed above, it
can complicate the regression based estimation of the flow times. To illustrate, one can inspect
the flow time instances as in Table 5.5.

While being specific to the system, the observations identify an intrinsic problem. It can
be observed that there are different flow times at the same WIP profile. For instance, t lots
100001 and 100021 register the same system state in terms of WIP profile. However, they exhibit
different flow times. A similar observation can be made for lots 100003 and 100006; 100009 and
100014 with a greater deviation. One of the major reasons behind this behaviour is the different
completion percentages of the jobs at the stations. This occurs due to the characteristic of the
variate; as it is an aggregation. To illustrate, the second variate includes not only the complete
parts at the second buffer, but also the part being processed at the second machine. The level the
part is processed at the machine is rounded up. The second reason behind this is the variability
due to variability in processing times, and the blocking events at the buffers. This problem
will be observed regardless of CWIP or WIP (since it is the sum of the work-in-progress at
individual queues and machines in the line) being used as process parameters. The existence of
such ambiguities violates the definition of a function, hence undermines the use of regression

analysis. Thus, we consider an approach which considers the correlation among consecutive
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Table 5.5: Some flow time observations collected from 4s8b problem.

| LotID | WIP profile | Flow time |

100001 | 7 | 7|7 5| 42410
100002 | 7|76 |6| 4.1480
100003 | 8 |6 |7 | 6| 42915
100004 | 8 |59 |5 | 4.1518
100005 | 8 | 6 | 8 | 4| 4.4677
100006 | 8 | 6 | 7| 6 | 4.4597
100007 | 7 |6 |7 |7 | 4.2808
100008 | 7 |7 |7 |6 | 4.2932
100009 | 7 | 7|6 |7 | 45790
100010 | 6 | 8 | 5| 8 | 4.7688
100011 |7 |76 |8| 47510
100012 | 6 |8 | 7|5 | 4.6152
100013 |7 |7 |5 | 8| 4.5763
100014 |7 |7 |16 | 7| 4.4103
100015 | 8 |5 |7 |7 | 43310
100016 | 9 |5 |7 |7 | 43740
100017 | 8 | 7|6 | 6| 4.4960
100018 |7 |7 |7 |6 | 4.3883
100019 | 8 | 7|7 | 6| 4.6572
100020 | 7 | 8 | 5| 6| 4.4518
100021 |7 |7 |7 5| 43683

observations in order to account for the variations at the same state observations. In this sense,
it resembles a time series model. The models will comprise autoregressive components which
explains the dependence on the past values and dynamic components which are the process
variables, e.g., queue lengths, WIP, as leading indicators of flow time.

Due to the sequential nature of the lot processing, estimations, e.g. autoregressive models,
incorporating autocorrelation information were previously used in flow time prediction (Huang
et al., 1999; Abdoli and Choobineh, 2005). Autocorrelation is the cross-correlation of a signal
with itself. We need to capture the causality in longitudinal behavioural (i.e., the lag behaviour),
in other words, identify the extent to which the previous lots affect the flow time observations
of a lot. This can be inspected this via partial autocorrelation (PAR). Partial autocorrelation
(PAR) can be used to identify the number of preceding lots (i.e., lags) influencing the flow time
of a lot. Given a series z;, the partial autocorrelation of lag k is the autocorrelation between z;
and z;,; with the linear dependence of z;11 through to z,,_; removed; equivalently, it is the

autocorrelation between z; and z;,_; that is not accounted for by lags 1 to kK — 1, inclusive. Hence,
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Figure 5.5.3: Partial autocorrelation of flow times

lags indicating PAR can be incorporated into the data set as individual state variables (due to
the linear dependence among lags being removed). The correlogram in Figure 5.5.3 depicts the
partial autocorrelation considering 24 lags using the flow time observations from the first 2000
lots. It can be seen that the lag 1 flow time has a high impact, hence it needs to be included as
a variable in the regression analysis. Furthermore, with the PAR incorporated there is no more
multiple mapping problem as illustrated in Table 5.5. Throughout the experiments, this analysis
is performed for each problem setting to determine the lots whose flow time needs to be included
in estimation>.

The final point we like to mention in the analysis of the data is the outliers which fall far
outside the range of other observations. If we refer to Figure 5.5.1, for example, some of the
flow time observations exhibit much larger values than the observation in their vicinity. Such
observations needs to be eliminated from the analysis as they can distort the estimation process.
This is performed after arranging the data with respect to PAR results in order to avoid loss
of successive observations. A simple rule from Grubbs (1969) is utilised. Briefly, for a set of
observations (in any experiments, 150 observations is considered) the mean (i) and standard
deviation (o) are calculated. An observation laying outside the [t — 2 x 0, 1L + 2 * 0] interval
for the sample data is eliminated. In order to remove its effect in analysis due to correlations,
its successive observation is also eliminated from the data set. Training, testing and validation
datasets are created after these eliminations.

Once we establish the analysis of the data, we can proceed to the preliminary empirical
analysis with an application on Problem 1 to calibrate the algorithm for constructing flow time

observations.

5. The excel add-in on http://www.web-reg.de/ is used to make these measurements
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5.5.2 Identification of multivariate flow time models

The analysis here presents the results from a single run of the proposed GP on Problem 1 (see
Table 5.3). Table 5.6 summarises the GP configuration used for this problem. The metamodels
are generated based on the the first 60 observations. The first 30 is used as the training set,
the next 30 is for testing. The validation of the models is performed with the following 30
observations. Algorithm was given an initial computational budget of 100000 evaluations to fill
the initial population from those solutions with distinct indicator values. When the budget is

exceeded, the algorithm proceeds to create new generations.

Table 5.6: GP Parameters

’ Type \ Parameters Value
Population size 400
Standard Min. initial tree size 2
Max. initial tree size 4
Max. solution length 30
Tournament size 2
Fitness function 1/(1+ mae)
Index-set G on training
Partition size s (not applied)
Extensions Indicator function L(i)=1]I(i) < 0.1
Indicator set Training
. child.m; > father.m
New generation child.m; > mother.m;
Computational Max. generation 1000
Max. evaluation limit 5%10°

Table 5.7 summarises the properties of solutions with the highest validation performance
from a single GP run with the settings given in Table 5.6 for Problem 1. Normally, one would
not consider the performance of a validation set as it relates to the ability to predict unseen data.
However, at this stage we would like to see the behaviour of these solutions to infer strategies on

selection of the best solution. The details of these symbolic expressions ©

are given in Table 5.7.
For visualisation purposes, the predictive performance plots are also presented in Figure 5.5.6
for the functions from different generations.

Table 5.7 provides details of the solutions with the largest 7, values at each generation in-
cluding their performance on each of the data sets calculated based on mae. Let us now examine

the results in more detail. Figure 5.5.4 depicts the evaluation effort against the validity of solu-

6. An algorithm to translate the symbolic expressions into mathematical functional form is given in Appendix C
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Figure 5.5.4: Variation of the highest validation performance against evaluation effort.

tions from Table 5.7. In general, the validity has improved with increasing evaluation effort for
the solutions listed in Table 5.7.

In Figure 5.5.4, we can observe an increase in the rate of improvement from Generation 4
to 8. Nonetheless, the solution in Generation 8 is only relatively better (0.4%) than the one
from Generation 5. The relative difference of Generation 10 when compared to Generation 4
is also very small in the vicinity of 0.8%. Throughout the evolution, algorithm consistently
finds better solutions with slight changes in training and testing performances. Furthermore, the
solutions indicate a close proximity among the training, testing and validation performances.
Indeed, the capability of such proximity indicates that the mae based fitness measure drives the
evolution towards robust solutions. Figure 5.5.5 provides the estimation plots for the solutions
from generations 4,6, 8 and 10. These are deliberately chosen as the 4™ is the smallest, the 6"
gives the first significant increase in solution size, the 8" is a compromised solution with a better
performance and a smaller size, and finally, the 10" is from the last generation.

In the plots given in Figure 5.5.5, the predictions belong to the solutions with highest validity
which relates to the evaluations on from Lot ID 60 to 90. The predictions for that interval
indicate that the solutions are able to capture the trend in lot flow times with an average (AvAD)
and maximum absolution deviation (MaxAD) results provided in Table 5.8.

It is difficult to select the best solution from the training or testing fitting values in Table 5.7

unless the size of the function is taken into account. In their book, Witten and Frank (2000)
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Figure 5.5.5: Predictions by the most valid solutions of generations 4 (top left), 6 (top right), 8
(bottom left) and 10 (bottom right) from Table 5.7.

Table 5.8: The average (AvAD) and maximum (MaxAD) absolute deviations of solutions from
validation set.

| Generation | AVvAD | MaxAD |

4 0.0775 | 0.2944
6 0.0763 | 0.2527
8 0.0739 | 0.2372
10 0.0686 | 0.2518
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stated that regardless of the error measure the best prediction model should yield the best results
numerically. Hence, a straight forward approach to this problem can be to maintain a list of
best-of-the-generation solutions and to evaluate them with respect to another error measure once
the algorithm is terminated. Using a direct formula as in Equation 5.3.2 may be appropriate to
evolve solutions; but it does not allow a relative comparison of solutions according to goodness
of the fit. This stems from the fact that in a population there can be many solutions adding up to
the same sad values.

In LS, the fitness is measured by adjusted means, or with coefficient of determination, RZ.
However, in Section 5.3.3.2, we have stated that squared error measures, such as mse, rmse, will
weigh the large deviations more compared to small deviations. Using a squared measure in the
process will conflict with the robustness desired from LAD as it will make the procedure sensitive
to outlying errors. In order to circumvent this issue, an alternative measure, index of agreement
will be considered. In this respect, a relative average error can be defined as in Equation 5.5.1
(Willmott et al., 1985),

Yvi<a lyi = Vil”
Yvicn (19 =]+ lyi —3)"

where y; is observation, y; is the corresponding prediction, y is the mean of observations and

Gy=1- (5.5.1)

Y > 0. We considered a pertinent special case where y = 1 which is Willmott’s (Willmott, 1981)
modified index of agreement (G;) (Equation 5.5.2). Gy is a relative error measure which is

bounded by [0, 1] and can be applied to make cross-comparisons (Willmott, 1981).

Yvi<n i = Vil

G =1- = —
Yvicn ([Pi =5+ 1yi—7)

(5.5.2)

Table 5.9: Performance results with respect to other performance measures. Larger values for
the given measures indicate a better goodness-of-fit. The solutions data obtained from are those
listed in Table 5.7, the best-of-the-generation solutions chosen with respect to 7,.

Generation 1/(1+ rmse) G 1/(14mae)

Expression | Training ‘ Testing ‘ Validation | Training ‘ Testing ‘ Validation | Training ‘ Testing ‘ Validation
1 0.9811 | 0.9759 | 0.9758 0.4505 | 0.3875 0.3795 0.9247 | 0.9227 0.9221
2 0.9829 | 09774 | 0.9775 0.4488 | 0.3247 0.3435 0.9313 | 0.9252 0.925
3 0.9837 | 0.9783 0.978 0.4502 | 0.306 0.3555 0.9334 | 0.9266 | 0.9266
4 0.9832 | 0.9756 | 0.9759 0.5313 | 0.4041 0.4617 0.9323 | 0.9261 0.9271
5 0.983 | 0.9755 0.9757 0.5282 | 0.4095 0.4693 0.9313 | 0.9258 0.9276
6 0.9838 | 0.9764 | 0.9757 0.5454 | 0.4086 | 0.4665 0.9336 | 0.9278 0.9282
7 0.9844 | 0.9769 | 0.9748 0.5812 | 0.4377 0.5168 0.9369 | 0.9286 | 0.9306
8 0.9842 | 0.9767 0.9746 0.5741 | 0.4432 | 0.5195 0.9355 | 0.929 0.9309
9 0.9837 | 0.9775 0.9761 0.5111 | 0.4065 0.4723 0.9325 | 0.9301 0.9321
10 0.9815 | 09769 | 0.9765 0.4779 | 0.4579 0.541 0.9226 | 0.9348 0.9352
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Table 5.9 summarises the performance of best-of-generation models across different perfor-
mance measures for the solutions from Table 5.7. Note that, the third data set, the validation set,
cannot be used in model selection. It is only use is for validation purposes and it does not in-
terfere with the evolutionary process. Table 5.9 shows that (1/1 + rmse) values are much larger
than (1/1+ mae). Such a difference results from the squared deviation (y; — y;) inflating the
value of rmse. Furthermore, it can be observed that that rmse reinforces a positive bias in the
results such that poor solutions gave results with close proximity to the better solutions. This
property of rmse will make it difficult to distinguish the solutions. Furthermore, due to this posi-
tive bias, the results from most symbolic regression studies may turn out to be unbeatable due to
this behaviour and this should be approached with caution. This bias can have a dramatic impact
on the accuracy of the models, particularly if extreme values or irregular data points are present.
Let us consider the results of the G| measure for the solutions with validation performance above
0.50. These not only corresponds to those with high performance from mae based results, but
also are easily distinguished from the other competitive solutions (e.g., from Generation 4 and
6). The 1/(1 + rmse) measure does not have these nice properties. However, there is still some
ambiguity in terms of the use of G| measure based on either training or testing performance. In
this respect, the plots in Figure 5.5.6 can provide further insight.

Figure 5.5.6 depicts the variation of the index of agreement for four different GP replications
on Problem 1. The values belong to the most valid solutions found at each generation. In gen-
eral, relatively high G values appeared for the training data set; whereas testing and validation
results followed a similar trend. This is consistently observed for the most valid solution of each
generation. From this discussion, we can infer that G| performance on the testing set can be
utilised to determine the best-of-the generation solutions.

One last point we like to mention before presenting the results on the other test cases is a
problem that occasionally appeared during preliminary analysis. Figure 5.5.7 presents the results
from ANTS Performance Profiler 6, from a single GP run. ANTS is a commercial tool which
can be used to analyse and improve the performance of .Net applications, which was the platform
on which GP was developed. ANTS is used to find out where the computation bottlenecks in the
GP implementation are.

As shown in Figure 5.5.7, it is clear that the GP spend an unreasonably high percent of total
run time in selection of individuals for recombination reaching up to 25%. To illustrate why this
can be a bottleneck, we need to look at the implementation of this procedure. Algorithm 5.2 and
Algorithm 5.3 illustrates the selection of individuals and restriction of the recombination to inter-

partition solutions, respectively. As summarised in Algorithm 5.3, individuals from a population

7. http://www.red-gate.com/products/ants_performance_profiler
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Figure 5.5.6: The variation of G; measure on training and testing data sets throughout the evo-
lution for the most valid solutions. The plots in this figure belong to randomly selected different
GP replications on Problem 1. In all cases, G| behaviour with respect to testing and validation
data sets exhibit a close agreement. Furthermore, G testing values being less than G validation
values makes the use of the testing based index of agreement more conservative.
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Method Marme Time (%) Time With Children (%) | Hit Count

GR.SelectParents{int size) 24,588 47,954 843,829,766
Parser.Parse{double[] Data) 11.569 34,545 21,191,741
GRSolution.get_Fitness{) 7.2749 7.z70 | JBIETS, 550,050
Randomutilities.GetMNextInt{int min, int max) .86 13,999 | 2,535,719,411
GR.Compatibility{int Father, int mother} 4,016 7,381 421,914,883
GR.CreateMextGeneration{List <GRSolution > solutions) 2172 - 99,935 g
GRSolution.get_Indicator(}) 1.857 1.857 897,895,957
GPOperators.StandardFitness{GR%olution solution) 0.375 14,445 254,517
GPOperators.StandardTest{GRSolution solution) 0.323 13.164 254,505
GRHelper.getsubTree(string[] Tree, int index) 0,209 1.015 13,632,770
GPOperators.Standard¥alidate{GRSolution solution) 0.234 11.872 254,515
GRHelper.simplify Tree{string Tree) 0,13z 1.070 589,247
GPOperators.0X_SizeLimit{GRSolution parent1, GRSolution pare... 0.055 1,353 261,526
EnumerableStats.Median{IEnumerable < double = source) 0.015 1.487 473,592
GRSolution.Get¥alidity(}) 0.005 11,581 254,515
GRSolution.GetFitness() 0.003 14,455 254,517

Figure 5.5.7: Results from ANTS Performance Profiler 6.

are allowed to go under recombination only if they are from distinct partitions determined by the
indicator property of individuals. This property is implemented to improve the recombination by
providing parent solutions with different residual characteristics and it will be shown to improve
efficiency in Section 5.6.2.3. However, as the search progresses there will be a higher percent-
age of good solutions in the populations where for the given indicator precision value there is a
reduced chance of there being differences between members of the population. This is due to
the binary comparison of the indicator properties as shown in Algorithm 5.3. If these solutions
exhibit the same residual characteristics in terms of the indicator function, it becomes impossi-
ble to select new parent individuals. In other words, if the population is fixated in terms of the
indicator property of the individuals, the evolution stalls. While this can be used as a termination
criterion, the problem can be worked around by relaxing the restriction on recombination. To
address this bottleneck issue, we introduced a simple manipulation to the algorithm. What we
did was relax the mating constraint after 90% of the new generation is filled with offspring. For
the remaining 10%, free breeding is allowed. The next time indicator fixation occurs for 99% of
the population, the GP is terminated.
In this subsection, we have analysed the behaviour of the GP algorithm in terms of;
— the accuracy and validity of the models. We have shown that at early generations solutions
with compromised accuracy and size can be found. GP has managed to identify small so-
lutions which are almost as generalisable as the larger solutions from the later generations.

Having small solutions implies less complexity, making interpretation by practitioners eas-
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Algorithm 5.2 Selection of parents from current population.

1: input currentPop,tournament size:=2;
begin

var mating:=false, parentl,parent2 ;

set currentPop:= Initial population

while mating=false

parent] := Tournament(2) on currentPop;
parent2 := Tournament(2) on currentPop;
mating := Compatibility(parent1,parent2); //See Algorithm 5.3.
end while

return parentl, parent2;

: end

RN AERD

—_—
— O

Algorithm 5.3 The “Compatibility” method to restrict the recombination to interpartitions.

1: input parentl, parent2;

2: var mating := false;

3: if parentl.Indicator # parent2.Indicator
4: mating := true;

5: else

6: mating := false;

7: endif

8: return mating;

9: end
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ier.

relative precision of the solutions via the index of agreement, G;. To determine the best
solutions at each generation G is used. This is due to the fact that there will potentially be
multiple solutions yielding the same sum of absolute deviations. G allows us to select the
best among these as it provides a measure of relative precision. Furthermore, it provides
a clear ability to distinguish solutions compared to rmse which is found to be biasing the
solutions positively.

performance. We have identified a bottleneck in the GP algorithm in the parent selection
process. This has the potential to stall the algorithm after a number of generations as the
precision in the validation set increases. Hence, the recombination constraint is relaxed to
allow intra-partition reproduction to fill 10% of the population. This value is empirically

determined and requires further attention in a future study.

Meanwhile, we also calibrated the algorithm with variations on only the selection of the best so-

lutions and the data set the indicator function operates on. The final configuration is presented in

Table 5.10. As can be seen from the discussion so far, it is easy to optimise these configurations.

The only variable parameters that are not calibrated are population size, tournament size and max

solution length. These parameters are set to values which we have used in our early studies. In

the following section, we will provide results on different production line setups. We will also

perform a comparative analysis with the earlier GP implementation used in Chapters 3 and 4.

This will give an idea on the amount of improvement and the resultant computational effort.

Table 5.10: GP Parameters

’ Type \ Parameters \ Value
Population size 400
Standard Min. initial tree size 2
Max. initial tree size 4
Max. solutions length 30
Tournament size 2
Fitness function, 7, 1/(14mae)
Best-of-the-generation G
Index-set G on training
Partition size s (not applied)
Extensions Indicator function L(i)=1|1(i) < 0.1
Indicator set Training
New generation child.m; > father.m
child.m; > mother.m,
Computational Max. generation 1000
Max. evaluation limit 5%10°
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5.6 Experiments and results

In this part, the experiments and the results are summarised. First, an introduction which
involves identification of the autoregressive characteristics for the production lines will be pre-
sented. After a brief summary of the experiments, results will be provided regarding metamod-

elling of lot flow times in different production lines to investigate the robustness of the method-

ology.

5.6.1 Introduction

We studied three different configurations as provided in Table 5.3 Section 5.4. Each produc-
tion line consists of identical workstations. The experiments are designed to observe the impact
of changes regarding arrival rates, number of workstations and lot processing rates.

From the PAR graphs (see Figure 5.6.1) provided for each problem, there would be only 1-lag
included together with the process variables.

In the remainder of this section, a comparative analysis will be presented. The GP imple-
mentation proposed in this chapter (RCMG) utilises restricted crossover (RC) and mutual gener-
alisation (MG), both dependent on different data sets. RC is facilitated by the indicator function,
L(i), operating on the training data set;. MG is similar to the concept in MI; but considers another
data set, testing data set, to accept new solutions. To evolve functions in RCMG, 1/1 + mae is
used as a fitness function (see Table 5.10). The RCMG is compared with the GP implementation
(MI) used in the earlier Chapters 3 and 4. A detailed empirical analysis on the performance of
the MI algorithm is provided in Murphy and Ryan (2008). MI constrains the formation of a
new generation by only allowing offspring which are better than both of its parents, based on
fitness measured in the training data, into the new generation. It is originally implemented to
use 1/1 + rmse as the fitness function; however 1/1 + mse is considered for a fair comparison.
This is due to the fact that the squared error measures is observed to have a tendency towards
introducting a positive bias (see the discussions on Section 5.3.3.2 and 5.5.2).

For each problem, 20 independent runs of both MI and RCMG algorithms are performed.
This is done due to the stochastic nature of the variation operators in EAs. Thus, we were able
to present the results in terms of expected values (mean) and the variations (standard deviation).
Before presenting the results, we need to highlight that the same validation set is used to validate
the models constructed by both of the implementations. MI and RCMG used the same set as the
training set. The data sets used in this study are provided in the Appendix C.

In the following subsection, the results obtained for the problems summarised in Section
5.4 with details provided in Table 5.3. For the remainder of this chapter, MI will stand for the
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Figure 5.6.1: The PAR results for Problems 1 (top), 2 (middle), 3 (bottom). For Problem 2 and
3, some PAR values approach close to the critical value; however, remains relatively smaller
compared to lag 1.
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algorithm presented by Murphy and Ryan (2008) which was the implementation used in previous

chapters; whereas RCMG represents the algorithm which was explained in Section 5.3.3.

5.6.2 Results

In this part, average and the best results of GP runs will be presented. The average results
are derived from 20 independent runs of both MI and GP on each of the problems. For each im-
plementation, best-of-the-generation solutions are maintained throughout the evolution. In MI,
the best solutions are determined with respect to their fitness performance on the training data.
On the other hand, RCMG considers the index of agreement, G1, to select the best solution. As
mentioned earlier (5.3.3.2), it was likely to observe multiple solutions with the same fitness when
mae is used in the calculation. Therefore, at each generation the solution with the highest index
of agreement among them is selected. Nonetheless, for comparative reasons, also the cases where
training fitness is used for selection of the best solution will be presented. Note that the validation
data does not interfere with the selection of the best-of-the-generation solutions in either of the
algorithms. However, the comparison between the developed models are provided in terms of
(1/1 4 mae) values on the validation data set. Both algorithms used the same training data set,
whereas RCMG requires an additional data set, testing data set, for quantifying generalisation
capacity of solutions. The results are provided in two parts; where CWIP and WIP are used as
process variables. Table 5.11 explains the notation used in the experiments in the remainder of

this section.

5.6.2.1 CWIP-dependent flow times models

This part summarises the performance of MI and RCMG algorithms for the problems in Table
5.3. We first presents the average results regarding 20 independent metamodelling replications.
The performance of the best solutions at the end of each run are aggregated to analyse in terms
of average fitness and mean size. As a variability measure, the standard deviations of each mean
value is provided.

Tables 5.12 and 5.13 summarise the average results of the best solutions obtained from the 20
runs of the MI and RCMG algorithms, respectively. Although both algorithms were competitive
in terms of small variability of the results (see 6} columns), MI tends to perform better than
RCMG in terms of training fitness apart from the Problem 4. On the other hand, RCMG outper-
forms in terms of the average validity of the best models found in all problems. The Tables 5.14a
and 5.14b provides the details of the best of the run solutions according to the training fitness,

77, evolved by MI and RCMG, respectively. Table summarises some of the estimations made by
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Table 5.11: The symbols used in presentation of results in this section.

’ Symbol \ Measure

k datasetk, k € {f,t,v}

f,t,v on training (f), testing (¢), validation sets (v), respectively
T performance, (1/1+ mae) on data set k
Y8 average performance on k
L performance of solution with the highest 7

o; size of the best solution on k

n,j j performance of the best solution on k on set j
Ok standard deviation of the average performance on k
T solution size
T, average solution size
O; standard deviation of average solution size

G index of agreement calculated on testing set

Gk performance on set k, for solutions with G

G] the best solution according to index of agreement on testing set

Table 5.12: Average performance of solutions evolved by MI where the best solutions are deter-
mined with respect to training fitness.

Problem \ Ty \ Oy \ T, \ o, \ y \ O ‘
1 0.9311 | 0.0043 | 0.8901 | 0.0207 | 29.10 | 1.73
2 0.9508 | 0.0044 | 0.9124 | 0.0100 | 29.20 | 0.96
3 0.9510 | 0.0068 | 0.9200 | 0.0364 | 28.80 | 1.67

these best solutions.

Previously (in Section 5.5.2), it has been discussed that the use of G| on the testing set to
determine the best solution can be appropriate due to the potential of having multiple solutions
leading to same fitness values. Therefore, at each generation the solutions with the highest Gy;
are determined and maintained for further analysis. Table 5.14c provides results for the best
solutions found by RCMG using this strategy.

As discussed earlier, use of G theoretically may be sound due to being a relative measure
dependent on the absolute errors. However, G is a conservative measure of average error (Will-
mott et al., 1985). For instance, let us compare the results from Table 5.13 which are obtained by
using training fitness during the selection process with those given in 5.14c. It can be observed
that preference based on training fitness has yielded slightly better solutions in terms of validity
of the expressions, 7y ,. However, apart from Problem 3, the difference in validity of the chosen
models is in the vicinity of 0.1%. Nonetheless, one can consider a multistep selection process in

determining the best models to improve selection with G1. Recall that, in the RCMG implemen-
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Table 5.13: Average performance of solutions evolved by RCMG where the best solutions are
determined with respect to training fitness. RCMG outperforms in terms of the average validity
of the best models found in all problems.

’Problem\ Ty \ Oy \ T, \ o, \ y ‘Gs‘
1 0.9426 | 0.0027 | 0.9237 | 0.0043 | 28.35 | 3.10

2 0.9343 | 0.0032 | 0.9348 | 0.0030 | 28.85 | 1.57
3 0.9426 | 0.0047 | 0.9365 | 0.0113 | 26.15 | 6.95

tation the new generation is formed completely with respect to improvement on generalisation,
1.e. testing fitness. Due to the possibility that multiple solutions which posses the same testing
performance, G can assist to determine the best of each generation among them. In this respect,
Table 5.14c¢ returns the highest fitness solutions among those selected with respect to G; at each
generation. At the end of a GP run, a final screening may help to locate these solutions. These
solutions exhibit a higher validity than those presented in Table 5.14a for the test problems.

So far, the use of GP in constructing flow time models based on PAR and individual storage
levels, CWIP, is illustrated empirically on 3 different manufacturing problems. In the following

section, a variation of this approach will be presented, by using WIP instead of CWIP.

5.6.2.2 WIP-dependent flow times models

In this part, WIP is considered instead of CWIP as the process variable for MI and RCMG
implementations. The WIP values are directly obtained by aggregating the CWIP observations on
lot arrival at the production line. These WIP values can be obtained by the arrival and departure
information of the lots which may be already available in an MES. Using such abstract models
based on WIP, there have been studies illustrating quantification of aggregate measures such as
cycle times and throughput rates (Jacobs et al., 2006; Kock et al., 2008; Veeger et al., 2010b). In
contrast, here the attempt focuses on the estimation of flow times for individual lots. Building up
on the discussion in the previous subsection (see Section 5.6.2.1) the average performances and
the details of the best models are presented.

In Tables 5.14 and 5.16a, average performance behaviour of flow time models and an anal-
ysis of the best solutions evolved by MI are provided, respectively. Interestingly, despite the
decreased level of detail in the data sets the use of WIP in lieu of CWIP, MI depicts a similar
average behaviour in terms of training behaviour of the models (see Table 5.12). Furthermore,
the average validity of the models remains intact when compared to the more detailed CWIP
models. On the other hand, improvement in the validity of the best solutions is observed despite

the slight decrease in the validity of the best model for Problem 3. This might have been due to
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increase in the size of the solutions.

Table 5.14: Average performance of solutions evolved by MI using WIP where the best solutions
are determined with respect to training fitness.

| Problem | # | of | &% | o | m [ o |
1 0.9501 | 0.0043 | 0.9120 | 0.0095 | 29.00 | 1.21
2 0.9490 | 0.0042 | 0.9168 | 0.0131 | 29.28 | 0.96
3 0.9538 | 0.0038 | 0.9263 | 0.0202 | 28.40 | 1.46

Similar observations can be made for the expressions constructed by RCMG. Table 5.15
presents the average results for 20 RCMG replications. Despite a small variations in the average
training performance of the models compared to the results given in Table 5.15, the algorithm
manages to maintain the best performances. In Tables 5.16b and 5.16c¢, the results for the best
solutions found are presented. Table 5.16b summarises the selected solution based on fitness
and 5.16¢ provides the details of the solutions determined with G;. When MI and RCMG are
compared with respect to the best found solution in terms of training fitness (see Tables 5.16a
and 5.16b), one can conclude that MI is a very competitive algorithm. It located high fitness
solutions outperforming those from RCMG in terms of training performance. On the other hand,
RCMG consistently constructed more generalisable models, despite a decrease in the validity
of the model generated for Problem 3. On the other hand, results from Table5.16c indicate that
RCMG can produce highly generalisable models, with the close agreement between the training
and validation performance. A similar characteristic is observed in the results presented in Table
5.14c.

Table 5.15: Average performance of solutions evolved by RCMG using WIP where the best
solutions are determined with respect to training fitness. RCMG outperforms in terms of the
average validity of the best models found in all problems.

| Problem | 7 | of | @& | o | m | o |
1 0.9424 | 0.0015 | 0.9182 | 0.0081 | 28.30 | 1.49
2 0.9386 | 0.0024 | 0.9319 | 0.0077 | 29.40 | 0.70
3 0.9480 | 0.0023 | 0.9441 | 0.0061 | 28.45 | 1.84

A point that is not yet highlighted so far is the variability in the results. In the tables where
average performances are given, the standard deviation of them are also provided. These are
calculated using the results from 20 independent runs of each algorithm for each of the test
cases. It is observed that RCMG produced consistently low standard deviations relative to those

results given by MI in terms of both oy and 6,. However, the standard deviation values are
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considerably small for both of the approaches; nonetheless, can be considered as a measure of
reliability on the results.

A final point that deserves attention before proceeding to the computational effort, is the
most valid models obtained during the empirical analysis. As mentioned previously, validity
information can not interfere with the metamodelling process and the validation data is used
only for measuring the performance of the metamodelling approaches on unseen data. However,
it might be useful at this stage to reveal the models with highest validity to identify a shortcoming
in both of the approaches. Table 5.16 provides an extensive result on the most valid models
obtained through the evolution and their properties. The underlying reason why both of the
approaches do not depict this model as the best is due to the selection criteria used. Hence, this
can be considered as a shortcoming. Nonetheless, the estimations provide a good proximity to
these most valid models ever found.

From the Table 5.16, we can observe that quite competitive results are obtainable in terms of
the validity of the flow time models. However, as mentioned earlier, these models are chosen with
respect to their validity. The reason why they are presented here is to identify the appropriateness
of the selection procedures. For both of the methods, there is a 1-3% underperformance of
the validity of the best models compared to those presented in Table 5.16. However, this is
a minor difference, in particular when the RCMG results are considered (see Table 5.14b and
5.16c). Another interesting point relates to the fitness values of the best solutions found by
both algorithms and the most valid solutions found. The fittest solutions (in terms of training
performance) presented earlier, often dominated the most valid solutions in terms of training
performance. For instance, in Problem 3, MI was able to locate a solution with a training fitness
of 0.9636 (see Table 5.14a). On the other hand, when the most valid solution found during
the same set of experiments is considered it shows a lower training performance, 0.9520. On
the other hand, the validity of this solution is relatively larger. This implies that a selection
solely based on fitness may be misleading in identifying the most valid solutions. When the
results from selection with G; in RCMG is considered (see Tables 5.14c and 5.16¢), a similar
observation can be made in terms of the validity of the selected best solutions. However, it can
be seen that those solutions also have a relatively smaller fitness values. This highlights that G
is more conservative and yet locates those solutions with competitive validity despite their lack
of training fitness. This can be seen observed, for instance, in the values from the Tables 5.16b
and 5.16c¢.

Finally, the predictions by the best solutions are provided in Figures 5.6.2, 5.6.3 and 5.6.4 for
comparative purposes. To most of our interest in these figures is the accuracy of the predictions

during the validation process which corresponds to data points from 30 to 60. To begin with, one
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Table 5.17: Maximum and average absolute errors (in %) observed during validation.

Algorithm Variables Problem 1 Problem 2 Problem 3

‘e|max ‘ ‘e|avr% ’e’max ‘ |e’avr% ‘e|max ‘ ‘e|avr%
MI PAR, CWIP | 0.3930 | 2.71 | 0.3140 | 12.15 | 0.1654 | 0.74
PAR, WIP | 0.2630 | 2.37 | 0.2085 | 8.32 | 0.1822 | 0.69
RCMG PAR, CWIP | 0.3406 | 1.81 | 0.1793 | 7.32 | 0.1255 | 0.67
PAR, WIP | 0.2463 | 2.19 | 0.1636 | 6.83 | 0.1644 | 0.74
RCMG-G1 | PAR,CWIP | 0.3039 | 1.86 | 0.1826 | 7.05 | 0.1179 | 0.72
PAR, WIP | 0.3072 | 1.78 | 0.2037 | 6.46 | 0.1581 | 0.66

can observe that the best solutions selected by MI, RCMG, and RCMG-G1 follow the trend in
the flow times despite the abrupt changes in observations. On the other hand, comparing with
the results from the Figure 5.5.5, the best solutions found at intermediate generations might have
been lost, as they depicted better validation performance. This highlights that the procedure
regarding the selection of the best solutions requires further improvements. MI algorithm often
resulted in over or underprediction of the flow times. On the other hand, approximations with
higher proximity to observations are obtained with RCMG-G1. It has consistently produced
good predictions in the vicinity of observations, in particular when WIP is used as a process
variable. However, in Problem 3, its performance was better when the CWIP was the process
variable. This may be adhered to the descriptiveness provided by the individual queue lengths
for a larger system is higher than that provided by WIP. Indeed, a similar behaviour is observed
for the best solutions selected by other two algorithms. However, CWIP dependent models
may not be always advantageous due to requirement of data collection from the intermediate
stages of the system. On the other hand, WIP alone was sufficient in the first two problem:s,
particularly for RCMG-G,. These models provide an ability to obtain aggregate models as they
are only dependent on input-output data from the system. This provides incentive towards further

investigation of the WIP-dependent models. Table 5.17 summarises the maximum, |e| and

8
avr% °

max’

the average, |e| error observed during the validation process by the prediction of the best
solutions for each of the algorithms. It can be seen that RCMG-G| models gave the smallest

validation errors. The same characteristic is observed on the percent average absolute errors.

5.6.2.3 Computational effort

The GP implementations used here considered a set of constraints to manipulate the evo-

lution of the symbolic regression models. The MI algorithm (Murphy and Ryan, 2008) uses a

8. le|,q = 100%(|e],/§,) (i.e. average absolute errors divided by average flow time observations in validation
set, v. Note that these values are not scaled, hence can be used in comparison only for the problem its calculated for.
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Figure 5.6.2: Performance behaviour of the best solutions on Problem 1; using Lag =1 and CWIP
(left column), using Lag=1 and WIP (right column) as process variables. First 30 from training
predictions and the last 30 from the validation predictions are provided for comparison of MI
(top), RCMG (middle) and RCMG-G; (bottom) (RCMGT] in the Figures) algorithms.
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Figure 5.6.3: Performance behaviour of the best solutions on Problem 2; using Lag =1 and CWIP
(left column), using Lag=1 and WIP (right column) as process variables. First 30 from training
predictions and the last 30 from the validation predictions are provided for comparison of MI
(top), RCMG (middle) and RCMG-G; (bottom) (RCMGT] in the Figures) algorithms.
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Figure 5.6.4: Performance behaviour of the best solutions on Problem 3; using Lag =1 and CWIP
(left column), using Lag=1 and WIP (right column) as process variables. First 30 from training
predictions and the last 30 from the validation predictions are provided for comparison of MI
(top), RCMG (middle) and RCMG-G; (bottom) (RCMGT] in the Figures) algorithms.
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fitness based constraint to form the new population. In RCMG, an external set is utilised to de-
termine the generalisation capacity of the solutions while forming the new population. Another
constraint introduced was the restricted combination where the residual behaviour of the sym-
bolic regression models manipulates the mate selection process. Using constraints can amplify
the algorithm effort, for instance, during building up a new generation. In this part, we will first
provide some results regarding the efficiency of the algorithm. To facilitate such an analysis,
three counters are considered during the creation of new generations. These are recorded at the
end of each generation and involve:

— try count, which keeps the number of offspring produced at a generation, i.e., recombina-
tion operations. This is also a measure of computational effort as it is a measure of the
number of fitness evaluations on the training set. Try count is incremented each time an
offspring is reproduced.

— diversity count, which tracks the number of valid and distinct offspring against training,
testing (only for RCMG) and validation tests. Diversity count is incremented for the off-
spring that does not previously exist, i.e. which has a potential of entering the new popu-
lation, since the new population is built from completely new and distinct offspring.

Figures 5.6.5 plot the variation of both try count and diversity count at each generation for both
MI and RCMG algorithms for all the 3 cases. The data is retrieved for the replication where the
best fittest solution (in terms of training) was found.

An immediate observation from these plots is that for both of the algorithms there is a linear
relationship between the try count and diversity count. Note the overlaps between the trycounts
and the diversity counts. These indicate that the selection mechanism in MI and RCMG, together
with the single point subtree crossover, was able to generate diverse solutions. The slope of these
plots provide important information, in particular the slope of the diversity count curve. Since
each generation is built completely from new solutions, such that there is no elitism involved
in both algorithms, the slope of this curve will give an idea about the evolvability of improving
solutions. It is clear that for the later generations in all of the problems MI required more and
more offspring creation (i.e., increasing try count) with an increasing derivative. It means that the
algorithm can generate diverse solutions; but spends a great deal of effort on finding improving
solutions. On the other hand, this is just the contrary for the RCMG curves. The slope of the
diversity count curves clearly identify that RCMG is more efficient in generating improving off-
spring, since it required a lower number of crossover operations. The only difference in creation
of an offspring in this respect is the process where the parent solutions are selected for tourna-
ments. Hence, the RCMG algorithm outperformance of the MI in efficiency can be attributed to

the indicator function utilised to restrict the crossover to inter-partitions. The average duration
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Figure 5.6.5: The plots of counters for Problem 1 CWIP (top-left), WIP (top-right); Problem
2 CWIP (middle-left), WIP (middle-right); Problem 3 CWIP (bottom-left), WIP (bottom-right).
There provide a clear distinction between the relative efficiency of the approaches, where RCMG
produces better solutions with less evaluation.
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Table 5.18: The average computation time spent by MI and RCMG algorithms on each of the test
problems for chosen process parameters. These are average completion time of 20 replication of
the algorithms on a Pentium 4 CPU 2.8 GHz, 1IGM RAM.

’ Process variables \ Algorithm \ Problem 1 \ Problem 2 \ Problem 3 ‘

PAR, CWIP MI 18.36 31.71 38.58
RCMG 15.95 22.72 16.66
PAR, WIP MI 33.05 38.63 20.70
RCMG 15.44 10.44 13.04

of experiments for each problem, as tabulated in Table 5.18, is a testimony to this property.

5.7 Conclusion

In this chapter, we proposed a new genetic programming algorithm for symbolic regression.
We considered two fundamental extensions to standard genetic programming via simple con-
straints to enhance population diversity and generalisation capacity of individual solutions. To
facilitate this a restricted recombination and a new generation constrained dependent on mutual
generalisation is implemented. We have investigated the ability of the proposed GP in estimating
the lot flow times in serial production lines on a variety of settings. A limited amount of data is
used to train the algorithm, and the resultant models are validated on a separate data set from the
same system.

In restricted recombination, a novel indicator function is used to distinguish the solutions
at an iteration. This indicator function assigns a property to each individual dependent on its
precision to individual sample points. Subsequently, solutions with the same property are not
allowed to reproduce. Our analysis on computational effort indicates that this extension enhanced
the efficiency of the algorithm leading to high quality solutions at a small percentage of the
allowed computational budget. This implies an improved exploration ability for the population
content.

The second extension is introduced by the use of multiple data sets to improve generalisation
capabilities of the algorithm. The solutions are evaluated on three different data sets, first two of
which are used for training and testing evaluations, and the last one is used for validation. The
training performance of the solutions is exploited in tournament selection to determine the solu-
tion which will recombine. Hence, the driving force in evolution would be the fittest solutions.
On the other hand, the testing performance is used in the manipulation of the convergence dy-
namics. This is facilitated by allowing solutions which are more generalisable than their parents

into the new generation. This implementation distinguishes this approach from previous studies
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which used multiple data sets.

We presented our results for serial production lines with varying configurations in terms of;
line length, arrival rates, buffer capacities. Prior to experiments, a preliminary analysis on the ob-
servation data is performed to infer strategies on approaching to the problem. Due to highlighted
relationship between the WIP and the lot flow times in the literature, WIP and its distribution
along the production line, i.e., component WIP profile, are considered as the process variables.
Furthermore, as a consequence of the sequential nature of lot processing, the partial autocorrela-
tion within the observations are inspected to incorporate the flow times of the autocorrelated lags
as a predictor variable as well. This approach has led to models which comprise dynamic system
information as leading indicators and autoregressive components describing the dependence on
past values. In this sense, the procedure resembles a time series estimator. Since the data is
collected from a stationary system (i.e. after 100000 lots in steady state), we did not incorpo-
rated any analysis such as stationarity and seasonality in the time series prediction. After the
data analysis, the algorithm is calibrated using a sample problem by investigating the behaviour
in terms of solution quality. Finally, experiments are presented based on the data obtained from
discrete-event simulations of the production lines. The results, provided in terms of accuracy,
validity and the size of the functions developed, motivates the use of these models when the
trade-off between the accuracy and efficiency is appropriate. Empirical analysis considered the
state variables regarding work-in-process (WIP) and component WIP. Due to sequential nature
of the part processing, partial autocorrelations are also incorporated as process variables. Our

validation results indicate a maximum approximation error of 5 — 8%to the actual flow times.
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Chapter 6
Conclusions and Future Directions

In this dissertation, the application of a multivariate regression approach, symbolic regression
with genetic programming, to simulation-based metamodelling is explored. Regarding the meta-
modelling methodology, different aspects of the algorithm is investigated to obtain approximate
functions of industrial systems with a particular focus on manufacturing systems. In this context,
first the behaviour against the training samples generated from the system decision space is stud-
ied to identify usability of the algorithm in simulation-based metamodelling. Then, a comparison
against one of the most common techniques applied in simulation based metamodelling, artifi-
cial neural networks, is provided. This attempts to study the calibration requirements of genetic
programming for ease of use and its competitiveness against neural networks. Motivated by the
competitiveness of genetic programming, the flow time estimation problem is researched as it is
critical to decision making in manufacturing systems. Further means of improving the algorithm
performance through the incorporation of simple constraints are investigated. The attempts here
have lead to a number of new research avenues. In this chapter, first a summary of the work
carried out and of the main conclusions will be presented. An outlook on new future research

directions on the work carried out in this thesis will finalise the dissertation.

6.1 Summary

The focus of this dissertation, is on simulation-based regression of processes of manufac-
turing systems. Using GP, we aimed to develop approximate models which can address the
computational shortcomings of simulation while exploiting its descriptiveness. This is an impor-
tant task since computationally efficient models can establish a framework for prompt decision
making. In Chapter 1, a brief review of predictive models of industrial systems is provided to

highlight the existing trade-off between accuracy and efficiency in their use. Following in Chap-
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ter 2, the metamodelling approach is described in detail. Since metamodelling involves building
approximate models of industrial systems dependent on input-output data, its link to inductive
learning methodology is identified subsequently. The simulation literature has been a fruitful
domain for application of metamodelling as a consequence of the compromise metamodelling
offers. Hence, a review of the existing techniques considered in this context, such as polynomial
regression, artificial neural networks (ANNs), Kriging, is provided. Following this description
of metamodelling approaches used in simulation, an introduction to GP is presented. The main
contribution of this work is in application of GP to simulation-based metamodelling via symbolic
regression (SR). Several aspects related to the use of GP to construct simulation-based metamod-
els have been investigated. The following main issues of GP for SR of simulation models are
studied:
— an evaluation of experimental design methods for generation of GP metamodels of simu-
lation,
— an evaluation of the competitiveness and the robustness of GP for metamodelling of simu-
lation, especially of industrial models,
— an evaluation of GP for flow time estimation.
In the remainder of this chapter, a summary on the contributions of this thesis will be presented.

The future research directions finalises the manuscript.

6.1.1 Experimental designs for symbolic regression with genetic program-
ming

In any metamodelling study, the training data sampled from the decision space of the problem
is of prime importance. The descriptiveness of this data allows the construction of accurate and
robust metamodels. The literature comprises a variety of experimental design for generation of
training and testing data to develop metamodels.

There are two main categories of experimental design techniques; sequential and single stage
(or one-shot (Kleijnen et al., 2005)) experimental designs. In the empirical analysis, sequential
designs are excluded due to reported shortcomings of changing training sets in symbolic regres-
sion studies (Panait and Luke, 2003).

Selection of the experimental design procedure is related to the metamodel structured as-
sumed a priori. In GP, there is no specification on the structure of the model. Experimental
design procedures with space-filling properties do not require assumptions about the structure of
the response which complies with requirements of GP. Therefore, a study on space filling designs

such as, Latin hypercube sampling, uniform designs, maximum entropy sampling was performed
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in Chapter 3.

To investigate the response of GP to different DOEs, an empirical analysis on serial pro-
duction lines with interstation buffers was performed. The underlying reason for choosing this
problem is that it constitutes one of the most commonly employed manufacturing systems. A
thorough experimental evaluation was presented to identify explicit functions of throughput rates
dependent on buffer capacities. The experiments were performed on different line configurations
and were concerned with the required number of samples, generalisation accuracy (validity) of
the GP models as well as their size which relates to interpretability. The results indicated that:

— GP can construct reasonable approximate functions consistently, i.e., low variance, reach-

ing up to 98% accuracy levels in terms of the error measure used,

— GP can perform this task with samples sizes of 30-50,

— GP is robust across the sampling methods and the different problem sizes,

— Use of uniform designs for sampling exhibit nice characteristics in terms of generalisation

ability and low variance for the best evolved models.
These results from the study of experimental design methods motivated further research into the

application of GP to simulation-based metamodelling.

6.1.2 Competitiveness and robustness of genetic programming

After establishing the usability of GP in SR for simulation metamodelling, an analysis on
other industrial problems was required in order to investigate its robustness across different do-
mains. Furthermore, this ability needs to be benchmarked or compared against a different ap-
proach to understand more about GP’s competitiveness. Therefore, a comparison of GP against
a common approach, ANNSs, on three industrial problems was carried out in Chapter 4. In the
comparative study three stochastic systems are used: an automated material handling system
(AMHYS) in semiconductor manufacturing, an (s,S) inventory model and a serial production line.
These problems are chosen on the basis of their different characteristics, such as the size of the
decision space and the range of the performance values. Furthermore, there was no study which
explored such a comparison in stochastic problems. The experiments are performed with varied
parameters for both GP and ANN. There were two main conclusions from the results:

— Throughout the experiments GP provided a greater degree of generalisation ability such

that it outperformed ANN in validation tests for all problems studied. Large deviations for
ANN between its training and validation performance indicates that this approach should
be used with caution in large and non-linear decision spaces.

— The increased accuracy comes with a computational cost for GP. GP requires a consid-

erably longer computing time than ANN. On the other hand, this computational effort of
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fitting a GP metamodel is not an issue if the DES is computationally expensive.
These results implied, even with this increased computational cost, that GP is a competitive
metamodelling method for simulation due to its generalisation ability. Furthermore, GP exhibit
a high level of agreement in terms of proximity of training results to validation results even for

the AMHS case where only a supersaturated DOE was available in Kuo et al. (2007).
Motivated by the outcome of the results obtained by GP, the thesis is extended towards im-
proving GP and investigating the performance characteristics on flow time estimation. This is

summarised in the following subsection.

6.1.3 Flow time estimation with genetic programming

In relation to the tasks, such as production planning, prediction of flow times of lots is a
critical metric in manufacturing operations. It can be utilised in calculation of some important
aggregate measures such as cycle time and throughput rate. This provided the motivation for
an investigation of the use of GP to construct tangible approximate functions of lot flow times
dependent on process variables including system states.

Flow time for a lot refers to the time it spends in the system. Such a measure aggregates
processing and waiting times for a lot, including the process irregularities, e.g. break-downs,
machine set-ups etc. There are many factors which collectively affect lot flow times. There is a
range of dynamic and static indicators such as total process time of the order, number of parts
waiting or in-process at the first machine, and total expected load of the machines. Ideally, a
responsive and a leading indicator is required which can relate the dynamic state changes of the
system with lot flow times. In this work, a multivariate modelling approach which resembles to
time series models is considered due to the sequential nature of the manufacturing system used

in the study, i.e., a production line. The models comprise
1. an autoregressive component which captures the dependence of past values observed,

2. dynamic components which are process variables, e.g., queue lengths, WIP, as leading

indicators of flow time.

In particular, the interstation buffers in manufacturing systems facilitate the smooth flow of man-
ufacturing operations by filtering the effects of disruptive process irregularities. The amount of
incomplete parts stored at buffers through the system is such an indicator. To illustrate, an in-
crease in lot flow times will mean that lots are spending more time in the system. For instance,
this will imply an increase in the amount of incomplete parts at the interstation buffers, e.g.
work-in-process (WIP), or vice versa. Hence, the storage levels at the buffers can be considered

as a leading indicator of flow times . The thesis considered WIP information in two ways; i) as a
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component WIP (CWIP) and ii) WIP as state variables. On the arrival of a lot to the system, these
indicators are recorded together with the entry time to the system. However, developing sym-
bolic functions based on such information is not straight forward due to one-to-many mapping
behaviour between the state indicators and the measured flow times. This behaviour is mainly a
result of anomalies during the production as well as the definition of the state variable. In order
to account for this behaviour, the partial autocorrelation (PAR) among consecutive observations
are computed and flow times of those correlated observations are incorporated into the training
sets as additional variable. This contributes to the autoregressive component of the models. This
idea resembles studies which consider flow time observations as time series.

In flow time estimation study, two extensions to standard GP are introduced to improve the
generalisation of the expressions discovered as well as the efficiency of the regression procedure.
These are facilitated through the use of two simple constraints in parent selection and in the
formation of new generations. In order to establish the generalisation, two performance measures
using different data sets are used. A training data set is used in its regular meaning to evaluate the
solutions for fitness. The second data set, the testing data set, is used in a similar fashion where
the calculated fitness is considered for its generalisation ability. Due to the sensitivity of the
squared error measures to irregularities in the training data, mean absolute deviation is used to
compute fitness values. The constructed solutions are then evaluated with respect to a validation
data set which does not include any of the points used during training and testing. In this study,
the new population is formed in a generational setting where only those offspring that provide
more generalisable results are accepted.

The second extension was the restriction of recombination between the solutions. This is
performed to avoid creation of offspring from parents which exhibit similar characteristics. In
the literature, generally hereditary and genetic similarity and fitness are considered to distinguish
solutions. In this study, we have tested a new approach to classify the individuals in a population
and control the breeding process. The magnitude of deviations from the training data for an

individual solution can be used as its feature to manipulate the algorithm. The thesis proposes an

indicator function depending on the ratio of absolute error, |e;| at a sample point to the observed
target value, y;, at that point. For this value being smaller than a user determined precision
level, the indicator function outputs “1”, otherwise “0”. The outputs for each sample point is
aggregated into a solution property and compared against others during parent selection.

The proposed algorithm is empirically analysed for flow time estimation on different produc-
tion lines varying in terms of size, processing times, arrival rates and buffer capacity allocations.
Performance indicators of CWIP and WIP were used, and associated observations implied by

PAR. First, a preliminary analysis was presented on the behaviour of the algorithm on a sample
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problem for calibration. This analysis showed that a shortcoming in using mean absolute errors
in evolving solutions was that there could be many solutions that have the same sum of abso-
lute deviations. Therefore, the thesis suggests the use of an agreement index in selection of the
best solution at each generation. During this analysis, it was also shown that the squared error
measures can introduce a positive bias to the results and needs to be used with caution.

Following the preliminary analysis, the results from the other test cases are presented in
terms of training, testing and validation performance. The thesis also evaluated aspects such as
solutions size, and the number of evaluations required in discovering the best solutions to assert
the efficiency of the algorithm. The results from this empirical analysis indicate that genetic
programming can construct approximate flow time models of serial production lines with an
average absolute deviation of 1 —2% from the average flow time. In this manner, it suggests
an alternative to approach where effective processing times are used (Kock et al., 2008; Veeger
et al., 2010b). Furthermore, the estimated lot flow times exhibited a maximum deviation around
7% of the maximum lot flow times, which corresponds to deviations of less than 0.25 —0.30 in
magnitude, for the selected problems.

So far, a summary of the work carried out in this thesis is presented and the results are

outlined. In the next section, future directions for reseach is provided.

6.2 Future research directions

Depending on their quality and the abstraction level in modelling input/output relationships
of the industrial systems, metamodels can be beneficial in a number of practical applications.
These involve due date settings, performance estimation, cost evaluations, sensitivity analysis
and so on.

An alternative use of metamodelling is simulation based optimisation which is infamous of
being computationally challenging. While approximate models can provide a viable platform in
improving the computational efficiency in optimisation, however, lack of accuracy can poten-
tially undermine this use since an approximate model can mislead the optimisation routines to-
wards wrong optima. Nonetheless, this corundum has motivated many researchers in addressing
this challenging issue. Hence, the use of GP metamodels to perform simulation based optimisa-
tion is a potential research avenue. Such a research can start with the analysis of the results from
the use of symbolic regression models instead of simulation models. Depending on the results on
the benchmark problems, a Bayesian sampling approach that introduces the necessary modelling
bias through optimality criteria can be investigated to seek improvements. In an earlier study on

simulation-based optimisation, Keys (2002) highlighted 6 criteria for measuring the performance
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of metamodels in expressing the ability to:

— provide a good starting point of optimisation,

— to characterise the response surface,

— to support locating the optimum.

Incorporation of these criteria given by Keys (2002) to an optimal sampling approach which does
not necessitate a predefined model structure is an interesting research avenue. This can result in
an efficient framework to perform metamodel assisted simulation based optimisation to assist
decision making in competitive and high-paced environments.

The research work presented in the last chapter, Chapter 5, provides considerable additional
research opportunities. Knowledge of the behaviour of the genetic programming enhanced with
simple constraints, indicator function and multiple data sets can be augmented through the in-
vestigation of additional parameters. For instance, in the empirical analysis, the source which
the indicator function is based on is shown to influence the validity of the models. Similarly,
variations to the parent selection procedure can be introduced. In the analysis in this part, the
individuals are required to differ at least in one indicator value. The indicator values were as-
signed through the indicator function depending on the magnitude of absolute relative error at a
sample point, i.e. |e;/y;| < I. When the population settles towards the solutions which satisfy this
condition for all the sample points in the data set, the search process stalls. Instead an adaptive
measure additionally incorporating the variance may be utilised with a function similar to the
Chebyshev’s inequality (Equation 6.2.1). In this inequality, using k = v/2 shows that at least half
of the values lie in the interval [u — 20, L +20]. As an example, an indicator function can distin-

guish the absolute deviations that are 20, larger than the median, vy, i.e. ¢; ¢ [vy, —20,,v, +20,].

Pr(|X —u| > ko) < 1/k* (6.2.1)

Another variation which can be introduced through the use of an indicator function is in
formation of the population. Since the indicator function is used to classify the individuals ac-
cording to their residual behaviour, it can be used to measure, influence and control the entropy
of the population (See Equation 6.2.2). Entropy is a measure of microscopic disorder in ther-
modynamic systems. In evolutionary algorithms, for a population partitioned with respect to a

rule, phenotypic entropy, S, can be used as a measure of diversity and be calculated as in Rosca
(1995):

S=-Y pln(py) (6.2.2)
k

where py is the proportion of the population occupied by partition k. In thermodynamics, a low
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entropy describes little disorder. In analogy, for a population of individuals in the context of
evolutionary algorithms, this can be interpreted as low diversity. It implies that there is a small
number of unique individuals with respect to the partitioning criterion. In contrast, a higher
entropy level describes a higher diversity and potentially a more even distribution of individuals
in terms of the proportion of the partitions (Gustafson et al., 2005). In order to facilitate this, the
partitions can be limited to a certain size of s such that there could be only s solutions with the
same indicator characteristics, L(i). Such an approach can also address two potential problems
which can appear in restricting the selections to only interpartition tournaments. To illustrate,
when a population does not assume a fair distribution in the number of solutions in distinct
partitions, a selection procedure may focus too much on the small partitions. This may lead to
sourcing at least one of the parents constantly from certain partitions. This can contribute to
a major handicap in evolution if the individuals in these partitions lack the ability to produce
generalising solutions. In contrast, individuals which belong to a certain indicator family can
dominate the evolution depending on their relative competitiveness, i.e. fitness. An alternative
approach to these shortcomings can be to allow a certain portion of the new generation to be
produced by intra-partition crossovers as illustrated Chapter 5.

Another future direction regarding the work presented in the last part is to consider a distri-
bution based approach in estimating the flow times. Preliminary empirical analysis has shown
that some CWIP or WIP levels are observed dramatically more than some others. If the flow time
observations are aggregated into groups in terms of these state indicators, it can be possible to
construct a symbolic expression for both mean and standard deviation of the groups in parallel. If
these estimated values are assumed to follow a general distribution such as gamma distribution,
one can sample the future lot flow times.

From a broader view point, an implicit objective of the last part was to obtain accurate predic-
tive models of the lot flow times. Given the accuracy levels obtained from the results, a segment
or the whole of the simulation model can be replaced with an analytical function. Functions
derived for segments can be linked together to obtain a lumped parameter model to simulate the

systems in a timely fashion as illustrated in Veeger et al. (2010b).
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Appendix A

Data sets for Chapter 3

Key: Allocation scheme columns start with the allocation at the first intermediate buffer (i.e. ex-
cluding the very first infinite size buffer), up to the last intermediate buffer, i.e Q = (¢2,43, .-, qm)-
TR is the expected throughput rate measured from DES model (validated against Papadopou-
los et al. 1989) at the corresponding allocations scheme. Due to space constraints data sets only

with 30 samples are presented here.
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Al

Training

Table A.1: Training data sets; PI, LHS, MES, UD, for 6 station 18 buffers BAP.

PI LHS MES UD
Allocation scheme ‘ TR Allocation scheme TR Allocation scheme ‘ TR Allocation shceme TR
1 2 1 1 1 0.6089 4 3 2 3 3 0.7109 4 3 2 1 2 0.6644 2 3 2 2 0.6782
1 4 4 5 2 0.7103 1 4 1 2 2 0.6561 1 2 4 2 2 0.6718 3 3 2 3 0.7057
2 4 4 3 4 0.7315 3 1 2 3 1 0.6546 3 1 1 4 2 0.6495 2 4 4 2 0.7153
6 2 3 3 3 0.7169 2 2 3 4 2 0.6975 3 3 4 4 1 0.7064 3 1 2 3 0.6719
2 1 1 3 2 0.6374 3 3 2 3 1 0.6806 2 4 3 3 3 0.7184 1 4 2 2 0.6794
3 2 5 2 1 0.6822 2 4 4 3 1 0.6966 1 1 1 3 2 0.6232 4 2 3 2 0.7004
1 1 3 3 3 0.6528 1 3 1 2 4 0.6556 1 3 2 4 2 0.6810 4 3 3 4 0.7334
2 2 3 2 1 0.6651 3 2 2 4 3 0.6995 1 3 3 2 1 0.6615 4 4 3 3 0.7381
1 4 1 3 2 0.6664 3 1 3 2 2 0.6681 3 2 2 2 1 0.6581 1 3 1 2 0.6533
2 4 4 3 3 0.7260 3 3 1 2 2 0.6634 1 3 2 2 3 0.6715 2 2 1 3 0.6580
5 1 2 2 2 0.6622 3 2 4 3 1 0.6906 3 4 3 4 2 0.7260 2 2 2 4 0.6902
2 1 3 2 1 0.6493 1 2 3 3 2 0.6732 3 4 3 3 1 0.6950 3 3 4 2 0.7201
1 1 2 1 2 0.6212 2 2 3 1 4 0.6730 2 2 3 4 2 0.6975 2 3 3 4 0.7213
2 3 1 3 1 0.6571 3 4 3 2 2 0.7030 2 4 4 1 3 0.6928 2 2 3 3 0.6911
3 4 1 1 2 0.6448 1 2 2 4 3 0.6703 2 1 2 1 2 0.6334 2 3 3 1 0.6696
3 2 2 5 1 0.6862 2 3 1 3 3 0.6770 2 4 1 1 3 0.6507 4 3 2 3 0.7007
7 3 4 1 1 0.6609 4 2 3 2 3 0.7004 2 1 3 1 3 0.6531 1 2 4 3 0.6792
4 2 4 1 2 0.6774 2 3 2 1 2 0.6575 4 3 2 2 4 0.7030 3 2 1 3 0.6729
2 3 3 4 4 0.7213 4 1 2 2 3 0.6670 2 3 1 4 4 0.6839 2 2 2 2 0.6745
4 2 2 1 4 0.6678 4 3 4 3 2 0.7223 1 4 2 2 2 0.6737 4 2 2 2 0.6610
2 1 2 2 2 0.6496 4 1 3 4 2 0.6890 4 4 3 2 2 0.7054 3 1 4 1 0.6600
4 2 5 1 3 0.6929 3 2 3 1 1 0.6479 3 3 4 1 1 0.6594 2 1 4 3 0.6774
3 2 4 2 3 0.7043 2 3 3 2 4 0.7038 1 2 2 3 3 0.6653 3 4 1 4 0.6762
4 3 2 2 7 0.7079 2 2 1 1 2 0.6294 3 1 1 2 2 0.6344 3 2 1 1 0.6396
2 1 4 3 5 0.6849 2 3 4 2 3 0.7070 3 3 3 3 3 0.7187 3 3 2 2 0.6846
4 2 4 1 2 0.6774 3 3 2 1 4 0.6759 4 4 3 1 4 0.6963 1 1 3 1 0.6393
7 5 1 2 2 0.6750 2 2 3 3 4 0.7007 4 3 2 3 2 0.7007 3 2 3 1 0.6479
2 3 4 4 5 0.7298 1 1 2 2 3 0.6378 3 2 2 3 3 0.6934 1 1 3 4 0.6488
1 2 1 3 5 0.6508 3 4 4 4 3 0.7449 2 4 2 1 1 0.6451 3 4 2 2 0.6907
4 1 5 2 1 0.6708 2 4 2 3 3 0.7065 3 1 3 2 2 0.6681 2 3 3 3 0.6862
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Table A.2: Training data sets; PI and LHS, for 9 station 27 buffers BAP.

PI LHS

Allocation scheme ‘ TR Allocation scheme ‘ TR

2 1 2 3 2 1 1 6 0.6234 2 2 4 2 3 3 3 1 0.6698

3 4 6 3 2 3 3 2 0.6937 4 2 2 3 3 2 4 4 0.6823

4 2 3 3 3 1 3 3 0.6689 4 3 2 2 3 2 1 4 0.6554

2 2 5 2 4 4 2 4 0.6927 3 1 4 4 2 1 2 2 0.6468

3 1 4 3 3 2 1 3 0.6554 4 3 4 4 3 3 2 2 0.6933
4 4 3 2 4 2 5 1 0.6866 2 2 3 4 3 3 3 3 0.6885
1 2 2 4 1 1 2 1 0.6158 4 3 2 2 4 1 2 1 0.6414
2 1 3 5 2 3 2 3 0.6660 2 3 3 4 4 2 2 1 0.6657

6 1 1 4 1 5 3 1 0.6410 3 3 2 3 4 4 2 2 0.6872

2 2 2 2 3 2 1 1 0.6287 3 4 3 2 1 2

w

0.6415

2 3 1 2 4 3 2 3 0.6586 2 1 2 2 3 1 4 3 0.6380

3 3 2 1 6 4 2 1 0.6614 1 2 1 3 1 2 3 4 0.6271

4 4 4 2 3 2 3 3 0.6898 2 3 1 3 3 2 3 3 0.6622

2 4 4 5 2 3 5 2 0.7069 2 4 3 3 2 4 2 2 0.6823

2 3 2 2 2 1 2 3 0.6394 3 2 2 4 2 3 2 3 0.6744

2 2 1 3 1 1 2 2 0.6135 3 4 4 1 3 3 2 3 0.6731

4 2 2 3 5 4 1 4 0.6828 3 4 3 3 2 3 3 3 0.6925

3 1 1 1 5 1 1 1 0.6012 2 4 2 2 2 2 1 4 0.6455

1 2 1 1 1 4 2 2 0.6038 2 1 1 2 3 2 2 2 0.6246

2 5 2 2 4 1 3 5 0.6711 2 3 4 3 4 1 3 3 0.6786
4 1 5 1 2 1 4 5 0.6425 1 2 3 3 2 1 1 2 0.6230
8 1 3 2 2 6 3 2 0.6714 2 2 3 2 3 4 1 4 0.6682
1 3 1 6 2 5 2 4 0.6648 1 1 2 3 1 4 3 2 0.6307

2 3 2 1 2 1 1 2 0.6099 4 1 3 2 2 3 2 2 0.6546

2 1 1 2 1 1 1 1 0.5830 3 2 2 3 2 2 4 1 0.6593

2 1 2 1 1 1 1 2 0.5859 3 3 1 2 1 3 1 2 0.6231
1 5 3 4 3 3 2 4 0.6918 1 2 3 1 1 2 3 2 0.6205
1 1 2 3 1 2 1 1 0.6052 1 2 2 1 4 3 4 3 0.6429

1 1 1 2 1 3 1 1 0.5952 3 3 1 1 2 4 3 3 0.6374

1 1 1 3 1 2 1 3 0.6036 3 3 3 1 2 3 4 3 0.6622
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Table A.3: Training data sets; MES and UD, for 9 station 27 buffers BAP.

MES UD
Allocation scheme ‘ TR Allocation scheme ‘ TR
2 1 3 4 2 3 3 1 0.6576 3 2 3 3 4 3 3 3 0.6948
3 2 3 3 3 1 1 1 0.6214 1 2 3 1 2 3 3 1 0.6379

1 2 4 3 2 3 3 2 0.6675 3 3 4 3 3 3 4 3 0.7083

3 1 3 3 4 2 3 3 0.6736 3 2 1 3 3 2 3 1 0.6490

2 4 4 2 1 2 1 1 0.6180 4 1 2 2 3 2 3 3 0.6528
2 4 2 2 3 2 2 1 0.6499 2 2 2 4 3 2 3 2 0.6715
1 2 2 3 3 2 2 1 0.6421 2 3 3 4 2 4 4 2 0.6954
3 3 4 3 1 4 3 2 0.6780 4 2 3 3 1 2 2 2 0.6467

4 1 2 3 2 1 4 2 0.6443 2 4 2 2 1 3 3 3 0.6539

1 4 3 4 3 1 2 2 0.6566 2 2 1 2 2

w
IS
IS

0.6426

4 2 4 3 2 4 1 3 0.6748 4 3 2 3 4 3 3 2 0.6926

3 2 3 3 2 1 2 3 0.6501 3 3 3 1 4 2 2 4 0.6669

3 3 4 2 4 2 2 2 0.6780 4 3 2 1 2 2 4 2 0.6459
4 2 2 2 3 4 1 4 0.6662 3 1 3 4 2 2 2 3 0.6609
3 3 2 1 2 2 3 2 0.6435 2 1 2 1 3 4 1 3 0.6311
2 4 2 2 2 2 2 3 0.6569 3 3 3 2 1 3 1 1 0.6267

3 2 2 1 3 3 4 2 0.6552 2 3 2 3 2 2 1 3 0.6496

2 3 3 2 3 1 3 3 0.6613 2 2 2 2 3 3 2 3 0.6625

4 1 1 3 3 3 1 2 0.6357 2 4 3 4 2 1 2 1 0.6398

1 2 1 4 2 2 1 3 0.6312 1 4 1 3 4 4 2 2 0.6649
3 4 1 2 4 1 4 3 0.6581 3 2 2 3 1 4 3 4 0.6641
2 2 2 2 3 2 2 1 0.6435 1 3 2 3 3 1 1 2 0.6301
3 4 2 2 4 2 2 3 0.6751 1 1 4 2 2 2 2 2 0.6365

2 2 3 2 1 2 3 3 0.6445 4 3 1 4 2 3 2 4 0.6706

3 3 3 3 4 3 4 4 0.7093 3 4 4 2 3 1 1 3 0.6423

3 4 2 3 2 3 3 4 0.6865 3 2 1 2 2 1 2 2 0.6229
1 3 3 4 4 2 2 4 0.6802 1 2 3 2 1 1 3 4 0.6251
3 3 4 2 4 4 1 3 0.6842 2 3 4 3 3 2 3 3 0.6900

3 1 3 2 3 3 3 2 0.6643 3 4 4 1 3 4 2 2 0.6751

3 2 3 2 1 1 3 1 0.6227 2 1 3 2 4 3 4 2 0.6633
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PI LHS
Allocation scheme TR Allocation scheme TR
3 5 1 2 2 3 4 3 2 3 0.6530 3 2 4 2 3 3 1 3 2 0.6572
4 3 1 2 1 3 1 2 1 4 0.6121 2 4 2 4 4 1 3 2 2 0.6617
7 2 1 5 2 4 2 4 1 3 0.6439 3 3 4 2 3 4 3 1 4 0.6738
3 2 3 1 5 3 3 1 3 4 0.6581 4 3 3 3 1 2 4 2 2 0.6545
6 6 2 5 3 2 2 3 1 2 0.6598 3 3 4 4 1 4 1 3 3 0.6603
5 3 2 3 3 3 1 2 3 2 0.6284 1 1 3 3 3 2 3 1 1 0.6345
4 3 5 3 4 3 3 5 1 2 0.6779 1 2 2 3 1 3 2 2 1 0.6323
1 2 1 2 1 1 1 2 3 2 0.5805 4 2 3 2 3 1 4 3 2 0.6424
2 3 3 2 2 2 2 2 2 3 0.6278 4 1 2 1 2 2 2 2 1 0.6140
3 1 4 2 4 1 3 1 3 3 0.6500 3 2 1 4 2 2 2 2 3 0.6436
2 1 1 1 1 2 2 1 1 3 0.5819 2 4 2 3 2 3 3 4 3 0.6640
4 5 1 2 2 3 4 3 4 5 0.6602 2 3 3 4 3 4 4 3 3 0.6982
3 3 1 2 2 3 3 5 1 2 0.6470 3 2 2 1 4 1 1 2 2 0.6160
4 4 5 2 1 3 1 2 3 3 0.6330 2 3 3 2 1 2 3 3 1 0.6352
4 2 1 1 1 4 3 4 5 2 0.6157 1 4 3 2 1 2 3 2 4 0.6280
2 1 1 1 1 1 1 1 1 1 0.5541 2 1 3 2 2 4 2 3 3 0.6362
1 1 2 1 1 1 1 2 1 1 0.5658 2 3 1 2 3 3 3 3 2 0.6477
3 3 5 1 2 2 2 3 2 1 0.6393 4 1 2 3 3 3 3 1 4 0.6300
1 2 2 1 1 3 2 3 2 1 0.6099 3 2 3 3 3 3 1 2 4 0.6554
1 4 3 4 1 5 3 2 3 5 0.6763 2 2 2 4 2 2 4 3 3 0.6524
5 3 3 1 2 2 5 2 2 2 0.6514 4 3 1 3 4 2 3 4 3 0.6715
3 3 5 1 3 3 4 2 3 1 0.6657 1 2 1 1 3 3 1 2 2 0.5994
2 2 2 1 3 4 3 2 2 2 0.6399 2 1 3 2 4 1 4 4 2 0.6381
5 5 2 4 1 4 1 3 2 3 0.6590 3 3 4 3 3 3 2 2 1 0.6567
1 4 3 3 1 1 2 2 1 3 0.6199 3 3 2 1 2 3 2 1 4 0.6143
1 1 1 1 2 2 1 1 1 1 0.5754 3 2 2 2 2 2 2 4 2 0.6305
1 3 3 1 2 2 3 3 3 2 0.6405 2 4 1 3 2 4 2 1 3 0.6343
5 1 3 4 2 1 2 2 1 2 0.6092 2 4 3 1 4 3 2 3 3 0.6576
1 3 1 1 3 1 2 2 3 2 0.6102 3 3 2 2 2 1 2 3 3 0.6349
1 3 1 1 1 3 1 1 4 1 0.5945 1 2 4 3 2 2 3 4 2 0.6660

Table A.4: Training data sets; PI and LHS, for 12 station 38 buffers BAP.
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Table A.5: Training data sets; MES and UD, for 12 station 38 buffers BAP.

MES UD
Allocation scheme ‘ TR Allocation scheme TR
1 2 2 1 1 3 2 4 2 1 3 0.6124 3 4 2 2 1 2 3 2 1 0.6300
3 4 4 4 3 2 1 2 3 1 3 0.6392 4 2 3 3 2 2 2 4 1 0.6539
4 1 1 4 4 1 2 3 3 3 4 0.6382 3 4 3 3 4 2 2 3 4 0.6652
2 4 3 3 2 4 2 2 2 3 2 0.6612 1 2 3 1 2 3 4 2 3 0.6447
2 3 2 2 2 4 1 1 1 2 2 0.6070 1 2 4 3 2 4 2 1 2 0.6505
1 2 4 1 2 4 1 3 4 3 2 0.6402 3 2 3 2 1 4 2 2 3 0.6360
2 2 2 4 3 2 4 3 2 1 1 0.6355 3 3 2 2 4 1 4 3 2 0.6623
3 3 3 3 2 4 2 4 3 3 1 0.6717 3 1 2 1 3 3 1 2 2 0.6194
4 3 1 1 1 2 4 2 1 4 2 0.6081 2 2 2 2 1 1 3 3 4 0.6227
1 3 3 2 1 3 3 3 2 3 2 0.6446 2 4 2 4 1 3 2 4 2 0.6570
3 3 3 3 3 2 1 4 3 2 1 0.6478 3 2 4 4 4 2 2 2 3 0.6708
2 1 3 3 3 2 2 3 3 3 1 0.6489 1 3 3 2 3 1 1 2 2 0.6176
2 3 3 4 1 3 4 2 1 3 1 0.6409 4 3 4 2 3 3 3 3 2 0.6610
3 4 4 3 2 1 1 2 1 1 2 0.5972 3 3 3 3 2 3 1 3 4 0.6612
2 2 2 2 3 3 2 4 2 2 2 0.6517 2 1 3 3 3 3 3 4 3 0.6547
2 3 1 2 2 3 3 2 2 3 3 0.6410 1 3 2 3 2 2 3 3 3 0.6425
3 1 4 2 2 4 3 4 2 2 3 0.6618 3 2 4 4 2 2 4 2 2 0.6606
3 3 4 3 4 3 1 4 2 2 4 0.6674 3 3 3 2 2 3 3 1 3 0.6528
1 3 3 2 4 2 3 3 2 1 2 0.6451 3 2 1 3 3 3 3 2 4 0.6353
2 4 2 1 2 2 2 2 2 3 3 0.6301 4 2 1 2 2 3 2 3 3 0.6333
2 2 3 3 2 3 2 3 1 3 3 0.6507 2 1 2 2 3 3 3 2 1 0.6426
3 2 4 3 4 4 3 3 3 2 1 0.6685 3 2 2 3 3 4 4 4 3 0.6778
2 3 2 1 2 3 2 1 3 1 3 0.6227 2 4 3 1 3 4 4 3 3 0.6687
2 3 3 2 3 3 4 2 4 1 1 0.6481 2 3 2 4 4 4 2 3 1 0.6591
2 3 3 2 3 4 2 1 4 4 3 0.6609 2 4 2 3 2 1 1 2 3 0.6197
2 1 3 3 2 2 2 2 3 3 2 0.6416 4 3 1 3 2 2 3 2 2 0.6524
3 3 2 4 4 2 2 3 1 3 2 0.6534 2 2 2 3 4 2 2 1 2 0.6363
3 3 1 4 2 1 2 3 3 4 3 0.6411 2 1 3 2 2 2 2 3 2 0.6270
3 4 3 2 1 4 2 3 4 3 3 0.6604 2 3 1 1 3 2 2 4 3 0.6327
2 2 1 4 2 3 4 2 4 4 2 0.6551 2 3 3 1 3 2 3 1 1 0.6266

A.2 Validation

Table A.6: 6 station problem testing results for GP with PI-30.

Allocation scheme (6 stations)

TR

GP

|TR—GP|

0.6422

0.6427

-0.0005
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Table A.6: 6 station problem testing results for GP with PI-30 (Continued).

Allocation scheme (6 stations) TR GP |TR—GP|

1 6 6 1 3 0.6973 0.7017 -0.0044

3 3 3 3 3 0.7187 0.7112 0.0075

4 4 4 4 4 0.7569 0.7474 0.0095

3 3 1 3 3 0.6827 0.6789 0.0038
1 7 1 3 1 0.6663 0.6664 -0.0001
1 1 7 1 8 0.6615 0.6738 -0.0123
6 1 3 6 1 0.6906 0.6911 -0.0005
4 4 1 4 4 0.7041 0.7048 -0.0007

3 3 3 1 3 0.6838 0.6808 0.0030

11 4 1 1 1 0.6302 0.6413 -0.0111
6 6 1 3 1 0.6724 0.6855 -0.0131
1 6 3 6 1 0.7054 0.7094 -0.0040
1 2 2 10 2 0.6759 0.6944 -0.0185
1 6 1 6 3 0.6960 0.6979 -0.0019
3 7 1 1 1 0.6318 0.6319 -0.0001
3 3 7 3 1 0.7077 0.7101 -0.0024
6 1 3 1 6 0.6732 0.6777 -0.0045
2 2 1 1 6 0.6404 0.6401 0.0003
1 6 6 3 1 0.6982 0.7082 -0.0100
6 1 1 3 6 0.6579 0.6710 -0.0131
1 6 1 3 6 0.6889 0.6907 -0.0018
6 6 3 1 1 0.6606 0.6667 -0.0061
1 3 6 6 1 0.6982 0.7104 -0.0122
1 1 11 3 3 0.6700 0.7017 -0.0317
1 8 1 1 7 0.6629 0.6719 -0.0090
1 4 4 4 4 0.7128 0.7224 -0.0096
11 1 1 1 4 0.6303 0.6474 -0.0171
3 3 1 3 8 0.6885 0.6958 -0.0073

6 3 1 6 1 0.6885 0.6877 0.0008

1 1 6 6 3 0.6683 0.7010 -0.0327

4 1 4 4 4 0.7065 0.7076 -0.0011

1 8 1 7 1 0.6932 0.6924 0.0008
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Table A.6: 6 station problem testing results for GP with PI-30 (Continued).

Allocation scheme (6 stations) TR GP |TR—GP|
2 1 6 2 1 0.6662 0.6675 -0.0013
4 4 4 1 4 0.7074 0.7095 -0.0021
3 1 7 3 3 0.7052 | 0.7068 -0.0016

1 1 1 1 7 0.6080 0.6069 0.0011

6 3 6 1 1 0.6668 0.6755 -0.0087
3 3 1 7 3 0.6999 0.7004 -0.0005
6 1 1 6 3 0.6668 0.6782 -0.0114
1 3 7 3 3 0.7070 0.7178 -0.0108
8 1 7 1 1 0.6616 0.6691 -0.0075
7 3 1 1 1 0.6277 0.6319 -0.0042
1 4 1 11 1 0.6818 0.6865 -0.0047
10 2 1 2 2 0.6595 0.6694 -0.0099

3 6 1 6 1 0.6955 0.6954 0.0001

4 4 4 4 1 0.7142 0.7140 0.0002
1 2 2 6 2 0.6723 0.6820 -0.0097
14 1 1 1 1 0.6097 0.6267 -0.0170
6 1 2 1 2 0.6434 0.6463 -0.0029
1 1 1 3 7 0.6273 0.6363 -0.0090
1 4 11 1 1 0.6675 0.6718 -0.0043
1 1 8 7 1 0.6695 0.6969 -0.0274
1 1 1 1 14 0.6079 0.6096 -0.0017

3 3 3 3 1 0.6904 0.6885 0.0019

1 11 4 1 1 0.6658 0.6589 0.0069
6 2 1 1 3 0.6434 0.6495 -0.0061
8 3 1 3 3 0.6898 0.6953 -0.0055
1 11 1 4 1 0.6817 0.6856 -0.0039
1 2 3 6 1 0.6760 0.6835 -0.0075
1 3 6 1 6 0.6915 0.6970 -0.0055
6 2 1 3 1 0.6559 0.6605 -0.0046
1 1 11 1 4 0.6677 0.6778 -0.0101
7 1 1 1 1 0.6086 0.6179 -0.0093
1 7 3 1 1 0.6555 0.6459 0.0096
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Table A.6: 6 station problem testing results for GP with PI-30 (Continued).

Allocation scheme (6 stations) TR GP |TR—GP|
3 3 3 1 7 0.6949 0.6997 -0.0048
2 2 1 2 10 0.6587 0.6659 -0.0072
2 6 2 1 2 0.6692 | 0.6709 -0.0017
6 3 1 1 6 0.6598 0.6743 -0.0145
1 1 3 6 6 0.6589 0.6890 -0.0301
3 1 1 6 6 0.6584 | 0.6750 -0.0166
1 1 1 8 7 0.6319 0.6617 -0.0298
3 6 1 1 6 0.6669 0.6820 -0.0151
3 3 8 1 3 0.7090 | 0.7097 -0.0007
3 1 3 7 3 0.6960 0.7027 -0.0067
1 6 3 1 7 0.6917 0.6992 -0.0075
1 3 1 6 6 0.6726 0.6870 -0.0144
7 1 1 1 8 0.6320 0.6491 -0.0171
3 3 3 7 1 0.7143 0.7106 0.0037
3 1 3 3 8 0.6896 0.6980 -0.0084
2 2 1 10 2 0.6768 0.6855 -0.0087

6 1 6 1 3 0.6868 0.6853 0.0015

4 11 1 1 1 0.6308 0.6413 -0.0105
3 11 1 3 1 0.6743 0.6913 -0.0170
3 11 3 1 1 0.6605 0.6656 -0.0051
1 11 1 1 4 0.6640 0.6717 -0.0077
3 6 6 1 1 0.6689 0.6755 -0.0066
7 1 3 1 1 0.6408 0.6459 -0.0051
1 1 1 7 1 0.6281 0.6440 -0.0159
4 1 1 11 1 0.6617 0.6721 -0.0104
3 1 6 6 1 0.6968 0.6999 -0.0031
3 1 1 1 7 0.6270 0.6297 -0.0027
3 1 3 3 3 0.6838 0.6819 0.0019
1 4 1 1 11 0.6490 0.6553 -0.0063
1 2 2 2 6 0.6629 0.6680 -0.0051
1 1 7 1 3 0.6573 0.6599 -0.0026
3 1 1 6 1 0.6516 0.6544 -0.0028
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Table A.6: 6 station problem testing results for GP with PI-30 (Continued).

Allocation scheme (6 stations) TR GP |TR—GP|
1 7 3 3 3 0.7145 0.7168 -0.0023
8 1 3 3 3 0.6963 0.6983 -0.0020

3 1 7 1 1 0.6574 0.6566 0.0008

Table A.7: 9 station problem testing results for GP with PI-50.

Allocation scheme (9 stations) TR GP |TR—GP|
1 7 7 1 1 1 1 7 0.6079 | 0.6393 -0.0314
1 9 1 1 1 1 1 1 0.5809 0.5896 -0.0087

3 3 3 3 3 3 3 3 0.6976 0.6919 0.0057

1 1 1 1 1 1 10 11 0.5813 0.6139 -0.0326

1 6 1 7 1 5 1 5 0.6700 0.6633 0.0067

1 7 5 5 6 1 1 1 0.6309 0.6783 -0.0473

1 1 8 4 4 3 1 4 0.6611 0.6724 -0.0113

1 3 3 3 3 3 1 3 0.6645 0.6612 0.0032

1 4 1 1 4 3 4 9 0.6428 0.6671 -0.0243
7 5 5 1 5 1 1 1 0.6254 0.6567 -0.0314
7 1 1 7 1 7 1 1 0.6426 0.6393 0.0033
1 5 5 8 1 1 5 1 0.6523 0.6773 -0.0250
3 2 3 3 2 2 3 3 0.6736 0.6693 0.0043
1 5 7 1 5 1 1 5 0.6497 0.6599 -0.0102
13 1 3 1 3 3 3 1 0.6493 0.6544 -0.0051

1 1 9 1 1 1 1 1 0.5913 0.5896 0.0017

1 1 1 9 1 1 1 1 0.5999 0.5896 0.0102
1 10 1 1 1 10 1 1 0.6256 0.6345 -0.0089
2 2 14 2 1 2 1 2 0.6317 0.6495 -0.0178
9 1 1 1 1 9 1 1 0.6053 0.6101 -0.0047
3 3 3 1 3 3 3 3 0.6707 0.6715 -0.0007
7 1 1 7 1 1 7 1 0.6379 0.6393 -0.0014
1 1 5 7 5 1 5 1 0.6601 0.6749 -0.0147
1 7 1 1 1 7 8 1 0.6287 0.6599 -0.0312
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Table A.7: 9 station problem testing results for GP with PI-50 (Continued).

Allocation scheme (9 stations) TR GP |TR—GP|
1 10 10 1 1 1 1 1 0.5923 0.6345 -0.0422
3 1 4 4 10 4 1 1 0.6617 0.6793 -0.0176
1 7 1 1 7 7 1 1 0.6449 | 0.6574 -0.0126
3 2 2 3 2 1 3 9 0.6540 0.6590 -0.0050
1 4 4 9 4 1 1 4 0.6575 0.6800 -0.0225

3 3 3 3 3 1 3 3 0.6718 0.6715 0.0004

1 1 1 10 1 9 1 1 0.6275 0.6325 -0.0050
7 1 1 7 1 1 1 7 0.6187 0.6212 -0.0025
3 3 3 3 3 1 1 3 0.6431 0.6510 -0.0080
1 1 10 1 1 1 1 11 0.6059 0.6139 -0.0080
1 1 10 1 10 1 1 1 0.6282 0.6345 -0.0063
3 3 1 10 3 3 3 1 0.6809 0.6837 -0.0028

8 1 5 1 1 5 1 5 0.6432 0.6430 0.0002

1 1 7 7 1 1 1 7 0.6274 0.6393 -0.0119
13 1 3 3 3 3 1 1 0.6439 0.6544 -0.0106
7 1 1 7 7 1 1 1 0.6266 0.6393 -0.0127
3 3 3 1 13 1 1 3 0.6551 0.6579 -0.0028
1 1 5 1 1 8 5 5 0.6321 0.6624 -0.0303
7 1 5 1 1 5 5 1 0.6474 0.6567 -0.0093
1 1 1 1 9 1 1 1 0.6003 0.5896 0.0107
1 2 2 2 2 2 14 1 0.6467 0.6624 -0.0157
1 1 1 1 1 11 10 1 0.5931 0.6362 -0.0431
1 1 1 1 1 19 1 1 0.5923 0.6035 -0.0113
10 4 1 4 4 1 3 1 0.6567 0.6681 -0.0114
1 9 5 1 1 1 5 5 0.6294 0.6646 -0.0352
1 3 9 3 3 1 3 3 0.6743 0.6817 -0.0074
3 1 3 3 3 3 3 3 0.6734 0.6715 0.0019
1 6 1 7 5 5 1 1 0.6620 0.6783 -0.0162
14 3 3 3 1 1 3 1 0.6317 0.6551 -0.0234
9 1 1 1 1 1 1 9 0.5814 0.5896 -0.0082
5 1 1 5 1 1 5 7 0.6315 0.6418 -0.0103
1 9 1 10 1 1 1 1 0.6074 0.6325 -0.0251
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Table A.7: 9 station problem testing results for GP with PI-50 (Continued).

Allocation scheme (9 stations) TR GP |TR—GP|

1 1 7 7 1 1 8 1 0.6489 0.6599 -0.0110
1 1 1 1 10 1 10 1 0.6084 0.6345 -0.0261
10 1 11 1 1 1 1 1 0.5925 | 0.6148 -0.0223
1 6 1 6 6 1 1 5 0.6564 0.6638 -0.0074
1 4 5 4 5 1 1 7 0.6604 0.6784 -0.0180
1 5 1 5 1 1 8 5 0.6459 | 0.6624 -0.0164
4 1 4 4 1 9 4 1 0.6790 0.6800 -0.0010
4 4 1 9 4 1 4 1 0.6734 0.6800 -0.0066
5 5 1 1 8 1 5 1 0.6526 | 0.6624 -0.0098
1 3 3 3 3 3 3 3 0.6806 0.6817 -0.0011
3 1 3 3 14 1 1 3 0.6563 0.6592 -0.0029
9 9 1 1 1 1 1 1 0.5813 0.6101 -0.0287
4 3 1 1 1 4 4 9 0.6231 0.6542 -0.0311
1 1 10 1 11 1 1 1 0.6282 | 0.6362 -0.0080
1 1 1 1 1 9 9 1 0.5933 0.6305 -0.0372
5 5 4 1 1 1 5 6 0.6286 0.6661 -0.0375
1 1 1 1 1 9 1 9 0.5919 | 0.6101 -0.0182
9 4 1 1 3 4 1 4 0.6429 0.6542 -0.0112
7 1 7 1 1 1 7 1 0.6256 0.6393 -0.0137
10 1 1 1 11 1 1 1 0.6149 | 0.6148 0.0001

10 1 1 11 1 1 1 1 0.6074 0.6148 -0.0075
3 3 1 3 3 3 3 3 0.6719 0.6715 0.0005
1 1 8 4 1 1 5 6 0.6445 0.6599 -0.0154
2 1 1 2 2 2 2 13 0.6202 0.6307 -0.0105
1 1 1 10 10 1 1 1 0.6204 0.6345 -0.0141
14 2 2 1 2 1 2 2 0.6217 0.6314 -0.0097
1 1 1 14 3 3 3 3 0.6317 0.6695 -0.0378
3 2 1 3 1 14 3 1 0.6517 | 0.6619 -0.0102
5 1 1 1 8 1 5 5 0.6284 0.6474 -0.0189
6 5 1 1 1 7 1 5 0.6264 0.6466 -0.0202
3 1 3 3 3 1 13 1 0.6641 0.6681 -0.0040
2 2 13 1 2 2 2 1 0.6420 0.6546 -0.0126
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Table A.7: 9 station problem testing results for GP with PI-50 (Continued).

Allocation scheme (9 stations) TR GP |TR—GP|
1 4 1 1 4 9 4 3 0.6442 0.6773 -0.0331
7 1 1 1 1 7 1 7 0.6063 0.6212 -0.0149
3 2 2 1 9 2 3 2 0.6647 | 0.6655 -0.0008
1 3 3 13 3 3 1 1 0.6545 0.6783 -0.0238
1 1 8 1 6 1 5 5 0.6581 0.6658 -0.0077
4 4 1 1 9 4 4 1 0.6584 | 0.6800 -0.0216
1 1 1 1 1 1 9 9 0.5813 0.6101 -0.0288
8 7 1 1 7 1 1 1 0.6195 0.6405 -0.0210
10 1 1 1 1 1 11 1 0.5928 | 0.6148 -0.0220
7 1 5 5 5 1 1 1 0.6293 0.6567 -0.0274
1 4 9 1 4 4 4 1 0.6844 0.6929 -0.0085
5 1 5 1 1 8 1 5 0.6492 0.6474 0.0018

Table A.8: Testing results for 12 station problem, GP with PI-50.

Allocation scheme (12 stations) TR GP |TR—GP|
2 1 4 3 1 4 2 5 4 3 5 0.6570 0.6594 -0.0024
4 1 2 4 4 1 2 4 6 2 1 0.6502 0.6527 -0.0025
2 4 3 3 2 4 1 5 4 3 2 0.6738 0.6626 0.0111
1 2 1 3 2 2 11 2 2 2 3 0.6366 | 0.6567 -0.0201
2 1 3 5 4 2 1 6 3 1 6 0.6557 0.6479 0.0078
1 2 3 1 6 5 4 4 1 7 1 0.6559 0.6738 -0.0178
2 2 1 4 4 1 4 3 3 4 3 0.6536 | 0.6566 -0.0030
8 3 2 2 1 1 3 3 3 1 5 0.6242 0.6160 0.0082
2 3 1 8 1 3 3 3 6 2 1 0.6613 0.6665 -0.0052
5 1 6 7 3 3 3 2 3 2 2 0.6743 0.6704 0.0039
1 2 3 2 2 4 2 9 2 3 1 0.6538 0.6644 -0.0105
1 1 5 2 4 2 1 1 9 3 6 0.6304 0.6422 -0.0118
2 2 5 3 2 2 2 4 2 4 1 0.6593 0.6523 0.0070
3 2 8 3 4 1 1 6 1 4 1 0.6428 0.6546 -0.0118
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Table A.8: Testing results for 12 station problem, GP with PI-50 (Continued).

Allocation scheme (12 stations) TR GP |TR—GP|

2 2 1 2 3 2 2 10 2 3 2 0.6411 0.6519 -0.0108

5 1 2 2 7 4 2 1 5 1 2 0.6466 0.6398 0.0068

2 6 2 2 5 6 2 2 2 2 4 0.6690 0.6635 0.0055

2 2 6 3 1 2 6 2 2 2 8 0.6581 0.6441 0.0140

5 2 6 3 2 2 1 2 5 1 6 0.6445 0.6342 0.0103

3 1 4 6 1 1 4 4 1 1 2 0.6249 0.6209 0.0041

1 3 2 2 2 3 7 3 5 1 5 0.6569 0.6607 -0.0037

4 3 3 1 2 2 4 1 6 3 5 0.6466 0.6370 0.0096

2 3 6 8 2 2 3 1 2 1 5 0.6355 0.6405 -0.0050
1 3 6 4 2 2 2 2 3 4 7 0.6629 0.6532 0.0097
2 3 2 1 2 3 6 3 1 2 7 0.6424 0.6385 0.0040
4 2 2 4 4 2 5 2 4 3 4 0.6854 0.6708 0.0146
8 3 1 8 2 2 3 4 2 1 1 0.6376 0.6514 -0.0138

4 4 1 5 1 4 2 4 8 1 2 0.6632 0.6624 0.0008

1 2 2 4 2 8 6 1 2 1 2 0.6380 0.6495 -0.0115
1 2 4 1 3 2 7 2 2 7 1 0.6510 0.6554 -0.0043
2 2 3 3 1 1 2 6 4 2 8 0.6327 0.6353 -0.0026
5 2 1 7 6 2 2 1 1 2 2 0.6194 0.6328 -0.0134

4 2 2 2 3 2 4 10 2 1 4 0.6637 0.6538 0.0099

2 7 4 5 1 3 1 2 7 3 2 0.6530 0.6534 -0.0004

1 7 2 1 5 1 7 1 2 2 4 0.6468 0.6355 0.0113

2 5 9 2 1 3 3 1 3 2 2 0.6421 0.6393 0.0028

4 3 1 2 2 2 6 8 3 1 2 0.6491 0.6574 -0.0083
2 1 2 4 4 2 5 2 2 5 3 0.6572 0.6633 -0.0061
3 3 1 4 1 1 2 2 3 6 8 0.6230 0.6217 0.0013
2 3 1 1 4 2 3 16 1 1 2 0.6334 0.6452 -0.0118

2 2 4 5 2 4 7 2 1 3 3 0.6683 0.6663 0.0020

4 1 3 6 4 1 3 2 5 2 5 0.6660 0.6556 0.0104

1 1 4 5 5 5 1 5 2 2 3 0.6556 0.6720 -0.0164
1 2 7 2 1 1 1 2 2 12 2 0.6067 0.6222 -0.0155
2 1 2 11 1 2 5 3 1 5 3 0.6543 0.6535 0.0008

3 1 6 2 2 2 4 3 1 7 2 0.6585 0.6508 0.0076
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Table A.8: Testing results for 12 station problem, GP with PI-50 (Continued).

Allocation scheme (12 stations) TR GP |TR—GP|
4 1 4 1 2 4 4 2 5 3 3 0.6555 0.6557 -0.0002
9 2 5 1 1 1 5 2 4 3 1 0.6222 0.6274 -0.0052

4 5 5 3 2 4 3 4 2 1 3 0.6670 0.6616 0.0055

5 1 2 2 3 1 5 2 10 2 3 0.6463 0.6523 -0.0060
2 3 6 1 5 6 2 1 1 2 3 0.6294 0.6507 -0.0213
6 1 1 2 1 2 5 1 6 2 6 0.6159 0.6273 -0.0114
3 5 1 3 2 6 2 2 1 5 6 0.6543 0.6478 0.0065

3 2 3 2 1 3 5 3 3 2 3 0.6552 0.6480 0.0072

2 1 2 3 6 1 2 3 8 3 2 0.6488 0.6579 -0.0090
3 5 3 6 3 3 1 3 3 2 5 0.6705 0.6603 0.0101
3 3 4 6 3 5 2 2 2 2 4 0.6714 0.6659 0.0055
2 6 4 1 9 1 2 2 1 2 2 0.6290 0.6385 -0.0095

2 2 9 2 3 2 2 4 3 5 1 0.6726 0.6679 0.0046

3 2 8 1 1 5 3 1 1 4 2 0.6290 0.6358 -0.0069

2 2 4 5 5 4 1 4 3 2 2 0.6736 0.6714 0.0023

2 8 2 1 4 3 2 2 2 4 3 0.6554 0.6468 0.0086

1 1 6 2 2 1 2 1 3 3 10 0.6204 0.6203 0.0002
2 3 2 4 3 4 1 2 5 6 3 0.6671 0.6613 0.0058
1 2 2 6 2 2 1 7 4 2 7 0.6506 0.6547 -0.0042

3 10 2 2 2 6 2 1 4 2 2 0.6557 0.6533 0.0024

3 7 2 3 1 1 4 1 8 4 1 0.6344 0.6401 -0.0057
3 4 6 6 2 4 2 4 1 1 2 0.6385 0.6570 -0.0185
2 7 1 5 2 3 2 3 2 5 4 0.6704 0.6591 0.0112

3 4 1 3 1 5 2 1 2 6 6 0.6392 0.6327 0.0064

4 3 1 3 4 4 2 3 7 3 1 0.6714 0.6763 -0.0049
2 4 1 1 2 4 2 11 2 5 1 0.6355 0.6585 -0.0230
3 1 4 4 2 2 1 3 7 3 2 0.6513 0.6508 0.0005
2 7 7 2 2 1 2 1 2 7 2 0.6254 0.6295 -0.0041
3 2 3 6 4 2 1 1 3 5 3 0.6382 0.6416 -0.0034
2 2 1 1 4 3 1 8 1 9 3 0.6282 0.6430 -0.0148

3 2 5 2 8 3 2 3 5 2 2 0.6872 0.6755 0.0118

3 1 4 2 3 3 12 1 3 1 1 0.6383 0.6472 -0.0089
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Table A.8: Testing results for 12 station problem, GP with PI-50 (Continued).

Allocation scheme (12 stations) TR GP |TR—GP|
8 3 1 3 2 2 5 4 5 2 1 0.6584 0.6663 -0.0079
1 1 2 3 7 3 1 3 8 2 2 0.6398 0.6644 -0.0245
3 9 1 2 2 | 4 3 2 4 2 1 0.6506 | 0.6599 -0.0093
3 5 5 3 5 1 5 2 2 3 3 0.6754 0.6594 0.0160

2 5 3 5 2 2 2 2 2 6 4 0.6620 0.6492 0.0128

1 2 3 9 1 2 2 1 4 3 2 0.6382 0.6382 0.0001
3 1 4 3 2 2 9 2 2 2 5 0.6655 0.6562 0.0093
3 3 1 3 5 6 2 4 2 5 1 0.6732 0.6777 -0.0045
1 3 1 1 5 1 2 4 3 2 4 0.6247 0.6312 -0.0065
4 4 4 2 4 2 4 2 1 5 3 0.6660 0.6512 0.0148

2 6 3 3 4 2 3 2 6 2 1 0.6709 0.6693 0.0016

8 4 5 2 2 1 5 1 1 3 2 0.6287 0.6225 0.0062
2 2 5 5 2 2 4 3 1 10 1 0.6704 0.6606 0.0099
6 2 2 2 2 6 2 2 8 1 2 0.6612 0.6498 0.0114
2 1 5 3 2 9 4 4 4 2 1 0.6715 0.6893 -0.0179

2 2 2 4 4 3 5 4 3 1 5 0.6756 0.6686 0.0071

1 2 2 1 7 2 5 2 1 6 7 0.6412 0.6480 -0.0068

1 2 1 5 8 1 6 1 1 2 2 0.6286 0.6406 -0.0121

6 2 2 2 2 5 3 2 5 4 2 0.6687 0.6636 0.0051

4 3 3 3 4 2 4 3 6 1 2 0.6778 0.6672 0.0107

1 6 3 4 5 2 5 1 2 1 4 0.6466 0.6538 -0.0072

2 2 5 3 3 3 4 3 4 2 2 0.6833 0.6733 0.0099

A.3 Results with randomly generated training data

This table provides training results for GP models on serial production lines where training

data is generated by random sampling (Can and Heavey, 2009).
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Table A.9: Training fitness of final models constructed by GP.

’ Simulation \ GP-fitness ‘

4 Station 0.9442
8 Station 0.9392
12 Station 0.9417
16 Station 0.9437
20 Station 0.9475
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Appendix B

Data sets for Chapter 4

B.1 Automated material handling system

See Figure B.1 on page 182.
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B.2 (s,S) inventory problem

Table B.2: The training data set used in (s,S) inventory problem. The sample points are generated
with Uniform Designs and evaluated with the simulation model presented in Section 4.4.2.

’ S \ S \TotalCost‘

20 | 48 118.01

21 | 58 | 115.222
22 1 68 | 122.365
23 | 78 | 126.348
24 140 | 112.583
25150 | 120.844
26 | 60 | 119.319
27 |70 | 124.899
28 | 56 | 123.785
29 [ 42| 115.034
30| 52 | 124.527
31|62 124.6

32| 72| 127.017
33 166 | 126.506
34 | 44 | 119.406
35| 54| 126.502
36 | 64 | 131.348
37|74 | 130.063
38|76 | 131.637
39 | 46 127.83
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B.3 Production Line

Table B.3: Training data set generated with uniform designs for 9 station production line with 27
buffer spaces.

Ub

Allocation scheme TR

3 2 3 3 4 3 3 3 0.6948

1 2 3 1 2 3 3 1 0.6379

3 3 4 3 3 3 4 3 0.7083

3 2 1 3 3 2 3 1 0.6490

4 1 2 2 3 2 3 3 0.6528

2 2 2 4 3 2 3 2 0.6715

2 3 3 4 2 4 4 2 0.6954

4 2 3 3 1 2 2 2 0.6467
2 4 2 2 1 3 3 3 0.6539
2 2 1 2 2 3 4 4 0.6426

4 3 2 3 4 3 3 2 0.6926

3 3 3 1 4 2 2 4 0.6669
4 3 2 1 2 2 4 2 0.6459
3 1 3 4 2 2 2 3 0.6609
2 1 2 1 3 4 1 3 0.6311

3 3 3 2 1 3 1 1 0.6267

2 3 2 3 2 2 1 3 0.6496

2 2 2 2 3 3 2 3 0.6625

2 4 3 4 2 1 2 1 0.6398
1 4 1 3 4 4 2 2 0.6649
3 2 2 3 1 4 3 4 0.6641

1 3 2 3 3 1 1 2 0.6301

1 1 4 2 2 2 2 2 0.6365

4 3 1 4 2 3 2 4 0.6706

3 4 4 2 3 1 1 3 0.6423

3 2 1 2 2 1 2 2 0.6229

1 2 3 2 1 1 3 4 0.6251

2 3 4 3 3 2 3 3 0.6900

3 4 4 1 3 4 2 2 0.6751

2 1 3 2 4 3 4 2 0.6633

Table B.4: Randomly generated testing data set for 9 station production line.

Allocation scheme (9 stations) TR
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Table B.4: Randomly generated testing data set for 9 station production line (Continued).

Allocation scheme (9 stations) TR

1 7 7 1 1 1 1 7 0.6079

1 9 1 1 1 1 1 1 0.5809

3 3 3 3 3 3 3 3 0.6976

1 1 1 1 1 1 10 11 0.5813

1 6 1 7 1 5 1 5 0.6700
1 7 5 5 6 1 1 1 0.6309
1 1 8 4 4 3 1 4 0.6611

1 3 3 3 3 3 1 3 0.6645

1 4 1 1 4 3 4 9 0.6428

7 5 5 1 5 1 1 1 0.6254

7 1 1 7 1 7 1 1 0.6426

1 5 5 8 1 1 5 1 0.6523

3 2 3 3 2 2 3 3 0.6736

1 5 7 1 5 1 1 5 0.6497

13 1 3 1 3 3 3 1 0.6493

1 1 9 1 1 1 1 1 0.5913

1 1 1 9 1 1 1 1 0.5999

1 10 1 1 1 10 1 1 0.6256

2 2 14 2 1 2 1 2 0.6317
9 1 1 1 1 9 1 1 0.6053
3 3 3 1 3 3 3 3 0.6707

7 1 1 7 1 1 7 1 0.6379

1 1 5 7 5 1 5 1 0.6601

1 7 1 1 1 7 8 1 0.6287

1 10 10 1 1 1 1 1 0.5923
3 1 4 4 10 4 1 1 0.6617
1 7 1 1 7 7 1 1 0.6449

3 2 2 3 2 1 3 9 0.6540

1 4 4 9 4 1 1 4 0.6575

3 3 3 3 3 1 3 3 0.6718

1 1 1 10 1 9 1 1 0.6275

7 1 1 7 1 1 1 7 0.6187
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Table B.4: Randomly generated testing data set for 9 station production line (Continued).

Allocation scheme (9 stations) TR

3 3 3 3 3 1 1 3 0.6431

1 1 10 1 1 1 1 11 0.6059

1 1 10 1 10 1 1 1 0.6282
3 3 1 10 3 3 3 1 0.6809
8 1 5 1 1 5 1 5 0.6432
1 1 7 7 1 1 1 7 0.6274
13 1 3 3 3 3 1 1 0.6439

7 1 1 7 7 1 1 1 0.6266

3 3 3 1 13 1 1 3 0.6551

1 1 5 1 1 8 5 5 0.6321

7 1 5 1 1 5 5 1 0.6474

1 1 1 1 9 1 1 1 0.6003

1 2 2 2 2 2 14 1 0.6467

1 1 1 1 1 11 10 1 0.5931

1 1 1 1 1 19 1 1 0.5923

10 4 1 4 4 1 3 1 0.6567

1 9 5 1 1 1 5 5 0.6294

1 3 9 3 3 1 3 3 0.6743

3 1 3 3 3 3 3 3 0.6734

1 6 1 7 5 5 1 1 0.6620

9 1 1 1 1 1 1 9 0.5814

5 1 1 5 1 1 5 7 0.6315

1 9 1 10 1 1 1 1 0.6074

1 1 7 7 1 1 8 1 0.6489
1 1 1 1 10 1 10 1 0.6084
10 1 11 1 1 1 1 1 0.5925

1 6 1 6 6 1 1 5 0.6564

1 4 5 4 5 1 1 7 0.6604

1 5 1 5 1 1 8 5 0.6459

4 1 4 4 1 9 4 1 0.6790

4 4 1 9 4 1 4 1 0.6734
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Table B.4: Randomly generated testing data set for 9 station production line (Continued).

Allocation scheme (9 stations) TR

5 5 1 1 8 1 5 1 0.6526

1 3 3 3 3 3 3 3 0.6806

3 1 3 3 14 1 1 3 0.6563

9 9 1 1 1 1 1 1 0.5813

4 3 1 1 1 4 4 9 0.6231
1 1 10 1 11 1 1 1 0.6282
1 1 1 1 1 9 9 1 0.5933

5 5 4 1 1 1 5 6 0.6286

1 1 1 1 1 9 1 9 0.5919

9 4 1 1 3 4 1 4 0.6429

7 1 7 1 1 1 7 1 0.6256
10 1 1 1 11 1 1 1 0.6149
10 1 1 11 1 1 1 1 0.6074

3 3 1 3 3 3 3 3 0.6719

1 1 8 4 1 1 5 6 0.6445

2 1 1 2 2 2 2 13 0.6202

1 1 1 10 10 1 1 1 0.6204

14 2 2 1 2 1 2 2 0.6217

1 1 1 14 3 3 3 3 0.6317

3 2 1 3 1 14 3 1 0.6517

5 1 1 1 8 1 5 5 0.6284

6 5 1 1 1 7 1 5 0.6264

3 1 3 3 3 1 13 1 0.6641

2 2 13 1 2 2 2 1 0.6420

1 4 1 1 4 9 4 3 0.6442

7 1 1 1 1 7 1 7 0.6063

3 2 2 1 9 2 3 2 0.6647

1 3 3 13 3 3 1 1 0.6545

1 1 8 1 6 1 5 5 0.6581

4 4 1 1 9 4 4 1 0.6584

1 1 1 1 1 1 9 9 0.5813

8 7 1 1 7 1 1 1 0.6195
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Table B.4: Randomly generated testing data set for 9 station production line (Continued).

Allocation scheme (9 stations) TR

10 1 1 1 1 1 11 1 0.5928

7 1 5 5 5 1 1 1 0.6293

1 4 9 1 4 4 4 1 | 0.6844

5 1 5 1 1 8 1 5 0.6492
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Appendix C

Data sets for Chapter 5

Key: CWIP columns are the process variables, Lag is the lag information regarding autore-
gressive model. Data is collected when a lot arrives at the system. Process variables are retrieved
from the buffers of the production lines, i.e, Q = (¢1,¢2,43,--.,qm), for CWIP. The WIP values
used during the experiments can be either obtained from I/O data of the models or from the
summation of the individual levels of each corresponding CWIP. FT is the column for measured
flow times obtained from DES model (validated against Papadopoulos et al. 1989) for the cor-
responding lot. All the tables present training (first 30 samples), testing (second 30 samples) and

validation (last 30 samples) sets for each problem at once.

C.1 Problem1

Table C.1: Training, testing and validaiton data for Problem 1.

Input Output
Lag CWIP FT

42410 | 7|7 |6 |6 | 4.1480
4.1480 (8| 6|7 | 6 | 4.2915
42915 (8 |5(9 |5 |4.1518
41518 | 8| 6 | 8 | 4 | 44677
44677 |86 |7 |6 | 44597
44597 |76 |7 |7 | 4.2808
42808 | 7|7 |7|6]|4.2932
42932 |7 |7|6|7|4.579
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Table C.1: Training, testing and validaiton data for Problem 1 (Continued).

Lag CWIP FT
42410 |7 7] 6|6 4.1480
45790 | 6 | 8 | 5|8 | 4.7688
47688 | 77|68 4.7510
47510 | 6 | 8 | 7|5 | 4.6152
46152 | 7|75 8| 45763
45763 | 77|67 44103
44103 | 85|77 43310
43310 |9 | 5| 7|7 | 43740
43740 | 8 | 7| 6|6 | 4.4960
44960 | 77|76 43883
43883 |8 |7|7|6| 46572
46572 |7 8|5]|6| 44518
44518 |77 |7|5 | 43683
43683 |8 |7|6|6| 43520
43520 | 78|67 43637
43637 71957 |42733
42733 16| 7|87 |4.2407
42407 | 6| 7|8 |8 | 42142
4214216 | 7|76 | 4.1007
41007 | 6 | 7| 8|5 | 4.1033
41033 | 58|84 4.1763
41763 | 6 | 8 | 8 | 4 | 4.1240
41240 | 77|85 |4.2338
42338 | 689542630
42630 | 7]7(9]4 42010
42010 |7 5(9|6|4.1843
41843 |76 | 7|7 | 42578
42578 |8 | 6| 6|8 | 41627
41627 | 8 | 5| 8| 8| 4.0725
40725 77|78 |4.1550
41550 | 7] 6| 8|9 | 4.2447
42447 16 | 7|79 | 4.0807
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Table C.1: Training, testing and validaiton data for Problem 1 (Continued).

Lag CWIP FT
42410 |7 7] 6|6 4.1480
4.0807 | 6|7 |86 |4.1520
41520 | 6 | 8| 6|6 | 41153
41153 | 77|58 42943
42943 (716|717 |42892
42892 |7 7(6/|7]| 41630
41630 | 8 | 6| 6 | 8 | 4.2585
42585 8| 6| 6|9 | 42548
42548 |8 | 6| 6|8 |4.2387
42387 | 76|86 41957
41957 | 8 | 5|8 |5 |4.2537
42537 8| 6|7]|6| 44598
44598 | 7|76/ 6 42810
42810 |6 | 7|66 | 42713
42713 |6 | 7| 6|7 | 43963
43963 | 6| 7|68 | 43088
43088 | 67|67 41590
41590 | 75| 7|7 | 44545
44545 67|75 |42793
42793 | 715(7|7| 41963
41963 | 75|76 42955
42955 |6 |5|8|5| 42513
42513 16| 6|75 41202
41202 | 66|67 41138
41138 | 57|57 | 4.0835
408356657 41223
41223 6|6 | 5|7 | 44368
44368 | 65|68 | 46303
46303 | 6| 6|66 | 44647
44647 |6 |75 6 | 4.4098
44098 | 67|55 42187
42187 |6 5| 7|5 | 42752
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Table C.1: Training, testing and validaiton data for Problem 1 (Continued).

Lag CWIP FT
42410 |7 7] 6|6 4.1480
42752 171556 |4.2655
426556 |5|6|6| 42342
42342 1567540748
40748 | 516 |57 |4.1597
41597 |6 |5| 6|6 41802
41802 | 6| 6|57 | 41523
41523 |76 |56 | 42812
42812 |7 ]5|5]|6|4.1778
41778 | 8 | 5|5 |6 | 4.2547
42547 17165743917
43917 |8 | 4| 7|6 | 43497
43497 | 716 |56 | 4.1290
41290 |8 | 6|5 |6 | 44143
44143 86| 6|6 | 44142
44142 |8 |7|5 |6 | 4.2435
42435 (87|55 | 41765
41765 | 8 | 6| 6|5 | 4.1642
41642 196 | 5|6 | 44795
4479519746 | 44278
44278 19| 6| 6|6 | 43280

C.2 Problem 2

Table C.2: Training, testing and validaiton data 2.

Input Output

Lag CWIP FT
51963 |6 |7 |7 |5|7|5.4643
54643 |6 |6 | 6| 7|7 |53232
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Table C.2: Training, testing and validaiton data for Problem 2 (Continued).

Input Output
Lag CWIP FT

51963 |6 |7 |7 |5|7|5.4643
53232 /6|6 |6|8|5|5.1975
51975 |6 |6 | 7| 8| 4| 52395
52395 |76 [5]9]5]52652
52652 |6 |6 |7 |6 651945
51945 |6 | 7|6 | 6| 6| 51893
51893 |7 |74 |7 |7]5.1430
51430 | 7|56 | 7|7 |52538
52538 | 7|6 |5 |7|8]53147
53147 | 7|66 |6 | 8| 52608
52608 |8 |5(6|6|9|5.2133
52133 |76 |7|6]|6]|52768
52768 |6 |7 |7 |4|8]53927
53927 |76 |7 |5]|6 54835
54835 |7 6|6 |6|7]|53540
53540 |7 |7 |15|6|7|52633
52633 |8 |6 |5|7|7]|53545
53545 |7 |7 |5|7| 8] 53928
53928 | 7|76 |7|6]|52828
52828 |8 (5|7 |7|6]5.1282
51282 |7 |76 |6 6| 51850
51850 |6 |7 |7 |6 |5 53055
53055 |7 |7|6|6]6]|51973
51973 | 716|766 |51395
51395 |6 |76 |7 |6|5.1195
SA195 |6 |6 |7 |75 53325
53325 |6 | 6|8 |5]| 652247
54315 |6 |6 |7 |6 |7 |54233
54233 | 7|58 |5 ] 8] 52893
52893 | 7|58 6| 752087
52087 |76 |8 |5]|6]5.1012
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Table C.2: Training, testing and validaiton data for Problem 2 (Continued).

Input Output
Lag CWIP FT

51963 |6 |7 |7 |5|7|5.4643
5012 |7 |6 |6 | 7| 7| 5.1243
51243 | 7|57 |6 |6 | 53865
53865 6|6 6|7|6|53395
53395 |76 |5|8|5 53775
53775 |76 ]16|8|5 53523
53523 | 7|66 |8|5|5.1805
S5A805 |7 |7 |15|16| 751197
54557 |89 |2|6| 853588
53588 | 7|67 |5]|8]52622
52622 |7 |7]16|6| 854755
SA4755 |7 |7]16|6]|8]|53570
53570 | 7168 |4 |7|5.1410
51410 | 7|7 |8 |3 |8 ]5.1658
5.1658 | 6 | 8 |9 | 2| 8| 5.3413
53413 |7 |7 8|4 |5 |5.2803
52803 |7 |716|7|5|52553
52553 |7 |7|6|6]6]|52133
52133 | 7|76 |7]6|52943
52943 | 7|76 |8|4]|51193
51193 | 8 |6 |7 | 8|3 |5.1968
51968 | 8 | 6 | 8 | 8|2 | 52157
52157 |8 |6 |7 |6|6|5.2250
54945 |8 |6 |6 |7 |7 | 54678
54678 |8 |6 |7 6|8 | 54137
SA137 |7 |7 |7 |7] 8| 52655
52655 |8 |7 ]16|8|8|53593
53593 | 8|8 |5|8|7]5.2298
52298 |76 |8 |7]5]5.1922
51922 |\ 7|77 |6|6]51792
51792 16 |8 | 6|7 |6|53710
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Table C.2: Training, testing and validaiton data for Problem 2 (Continued).

Input Output
Lag CWIP FT

51963 |6 |7 |7 |5|7|5.4643
53710 |7 |7 7|76 53875
53875 |7 |77 |6| 854308
54308 |78 |7 |6|8|5339
53390 |8 |77 |6]|8|52373
52373 | 8|76 |8|7]52702
52702 |8 |7|6|8]|6|53533
53533 | 8|67 |6|7]|5.1905
51905 |7 | 8|6 |7 |7 53398
53398 | 8|6 |7 |7|8]52172
52172 |8 |6 |8 | 7|8 |5.1895
51895 16 |8 |7 |8 |6]5.1868
51868 |7 |7 7|68 |53363
53363 |7 |77 6|9 53868
53868 | 7|7 |7|6]|7]|53328
53328 16 |7 |7 |7|7]|52933
52933 |6 |7 |7 |7]|8|5.3860
53860 |6 | 7|7 |7|7] 52820
52820 | 7|68 |6 | 752745
52745 |\ 7|7 |7 |7 |6 ]|5.1812
SA812 |6 |7 |8 |6 | 6| 51888
51888 |7 |7 16 |7|7]|5.1263
51263 |76 |8 |6| 753277
53277 |\ 7|57 |7|8]52572
52572 16 |76 |8 | 752020
52020 |7 |76 | 7|8 51605
51605 |76 |7 |7]9|5.0933
50933 7167 |6]9|5.1595
SA595 |7 |7 |7 |6]7]5.1615
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C.3 Problem3

Table C.3: Training, testing and validaiton data for Problem 3.

Input Output
Lag CWIP FT

81808 | 7|5 |7 |58 |5]9|5| 81488
81488 (6 |6 (6|6 (6|7 7|7 83143
83143 |6 |7 5|66 |7 |85 8.2022
82022 |76 5|66 |8|8|5]8.1162
81162 |7 |5 (6|66 7|7 |7| 83548
83548 |6 |6 6|7 |5|7|7]8] 83180
83180 (6 |7 (5|7 (5|8 |69 82363
82363 |76 5|7 |5|7|7]8]8.2530
82530 | 7166 |57 |5|7]8]8.2590
82590 |6 |66 |6|6|6|8 |8 83095
83095 |66 /6|6|6|6|8 |8 8.2823
82823 |6 6|66 |6|6|7 |7 82525
825256666 |6|6|8|6| 84163
84163 |6 |6 16| 6|6 |6|8 |5 83332
83332 |6 |66 |7 |5|6|6|7] 83017
83017 |75 |7|6[5|6]6|8| 82957
82957 | 71616 |5[6|7|6|7]8.1968
81968 |76 (6|57 6|68 83732
83732 |7 |56 |7 |5|7|6|7)| 82253
82253 |8 |5|/6|6|6|7|6|7| 82513
82513 |76 6|6 |6|6]|6|8]|8.2557
82557 |8 |5 |7 |57 5|66/ 83635
83635 |8 |6 |5|7|6|5|6|6] 82537
82537 |7 17665666 81985
81985 |8 616 |6 |5|7|6]6/8.1702
81702 |8 |7|/6|6|5|6|7 |6 83013
83013 (8 |7 |56 (6|67 |7 83247
83247 |8 716 |6|6|5|8|4)8.3670
83670 |8 |76 |6|6|6|5]|7|8.3462
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Table C.3: Training, testing and validaiton data for Problem 3 1 (Continued).

Input Output
Lag CWIP FT

81808 | 7|5 |7 |58 |5]9|5] 8.1488
83462 |8 |76 |6 |6 |7|5]6/| 82135
82135 |8 |7 16|66 5|76/ 8.2880
82880 (7|7 |7|6|5|6|6|7 82030
82030 |6 |7 |7|6|6|6|6|7| 84323
84323 |6 |8 6|66 |6|6|7| 83197
83197 |6 |8 |7 |5 |7 |6]6|5| 82448
82448 |6 |7 |7 |66 |7 |65 81315
813156 |7 |76 |6|7|5|6] 8.1527
81527 |6 |6 | 8|6 |5|7|6]6 82613
82613 |6 6|7 |7|6|6|6|6] 83197
83197 |6 |6 (8|66 |7 |66 82122
82122 |6 |6 8|7 |6|6|6|6]8.1757
81757 |7 |5 |7 |7]16|6|7|7|8.2230
80595 |7 |5 |7 |7|7|6]5|6| 81328
81328 | 716 |58 |7 |7|4]7) 83075
830756 |66 |8 |6|6|7]|6/| 83100
83100 (6 |6 |6 |7 |8 |57 |5 82738
82738 |66 |5]|6[8|7|6|6]8.1367
81367 |6 |6 6|6 |7 |7|7|4]8.2528
82528 (5|7 (6|58 |7 |74 83375
8337516 65|68 8|56/ 83710
83710 |6 |6 (5|6 (8|7 |66 82903
82903 |6 |6 /6|57 |8|6]5]|8.1790
81790 | 75|16 |58 |6|8|5]8.2227
82227 |6 |5 |7 |56 |8 |76 82235
82235 |6 |5 7|65 7|85/ 82752
82752 |6 |5|6|6|6|8|8|4]8.1327
81327 |6 |5 |7 |56 |8 |7 |6 8.1623
81623 |6 |6 16| 6|5 |8|8 |5 8.1882
81882 |6 |6 5|6 |6 |7 |77 82542
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Table C.3: Training, testing and validaiton data for Problem 3 1 (Continued).

Input Output
Lag CWIP FT

81808 | 7|5 |7 |58 |5]9|5] 8.1488
82542 |56 |5|7]6|6|7 |7 8.1230
81230 |6 |6 |5 |66 |5|8 882372
82372 |6 |6 (565|697 82013
82013 |6 |6 |56 |6 |59 |7 8.2865
82865 (6 |57 |5[6|5]|8|6| 81958
81958 |6 |5 |16 |5 |7 5|78 82195
82195 |7 |5|/6|5]6|6|6]9 83235
83235 |7 |5|6|5[6|7|6|7]8.2348
82348 | 71516 |56 5|78 8.1443
81443 |6 |6 16|56 |6|5]9 | 8.1275
812756 |6 (5|74 |6|6|7| 82188
82188 |6 6|56 |5|7|5|7| 81775
81775 |5 |7 5|6 |5|6|7 |6/ 8.1672
81672 |6 |6 (5|6 (5|6 |6 |7 | 82573
82573 |66 |5]6[6|5|6|7]8.1988
81988 |6 (6 (5|6 (6|5 |7 |5 83150
83150 |7 |56 |5|6|5|7 |6 82202
82202 |76 |56 |5|5|7|6] 8.2047
82047 | 7156|566 |6|6| 8199
81990 | 75|16 |56 5|68 83465
83465 |6 |56 |6 |6 5|66/ 8.2245
82245 |6 |6 16|56 |6|6 |5 8.3430
83430 |6 |6 |6 |6 |5|6|5|7] 82597
82597 | 7161656557 83245
83245 (6 |7 (5|6 (5|65 |7| 82893
82893 |76 |5|6|6|6|5]|7|8.2555
82555 |76 |5|7|5|7|4]6/8.1930
81930 |8 |5/6|6|5|/6|6|5|8.2923
82923 |8 |5/6|6|5|6|6]|6/8.2490
82490 (8 |6 (6|6 (5|57 |4 83138
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Algorithm C.1 Retrieval of the expression into a stack !
//Expression: * cos - ${6} + ${1} - ${6} In ${4} ${0}
//1. Store the expression components in a string array.
dummy[] = solution.Regression.Split((char)’ *);
//2. Fill the myStack such that myStack[0] = ${0}, myStack[1]=${4} and so on.
for (1 = 0; 1 < dummy.Length; i++)
myStack.Push(dummy([i]);

Table C.3: Training, testing and validaiton data for Problem 3 1 (Continued).

Input Output

Lag CWIP FT
81808 | 7 |5 |7 |58 |5]9 |5 8.1488
83138 (8|6 (6|6 [5|6]6|5| 82047

C.4 How to interpret symbolic expressions

This section summarises how the symbolic expressions are translated into regular mathema-
tical functions. This task is performed by using Stack class in Visual Studio Express C#. The
Stack class represents a simple last-in-first-out (LIFO) non-generic collection of objects. The
class exposes two methods, Push and Pop which was extensively used to calculate the output
values of the symbolic expressions. The Push method inserts an object at the top of the Stack,
whereas Pop method removes and returns the object at the top of the Stack.

When a regression expression is received, a stack object is filled such that the last component
of the expression will be stored at the first indice of the stack variable.

As the stack object (myStack) is filled (see Algorithm C.1), it follows to calculate the value
of the expression. Note that, in the example in Algorithm C.1, components with ${} refers to the
decision variables, starting from O to n — 1 for a problem with n decision variables. Depending
on the component, the calculation is performed by enumerating through the as illustrated in
Algorithm C.2. In the Table explains the nomenclature used in Algorithm C.2. Eventually, the
function represented by the expression “* cos - ${6} + ${1} - ${6} In ${4} ${0}” mathematically
expressed as in Equation C.4.1

xo * cos((In(xa) —x¢) +x1 — X6) (C4.1)
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Table C.4: The symbols in Algorithm C.2

| Symbol |

Meaning

|

d

value of the i’ decision variable in a data point, i € [0,n — 1].

01

a unary operation, e.g., cos(Q).

02

a binary operation, e.g.,

<i

returned real value from an operation

Algorithm C.2 Calculation of the expression values.

ParseStack = new Stack[myStack.Count];
component = myStack.Pop();

define z, z1, 22,

while(myStack.Count #0)
if(component.StartsWith(${))
ParseStack.Push(d;)

else if(component =

{

=01)

71 = ParseStack.Pop();

z=0(z1);

ParseStack.Push(z);

}

else if (componenet == 03)

{

7o = ParseStack.Pop();
z1 = ParseStack.Pop();

72=0(21,22);

ParseStack.Push(z);
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