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Preface

This book is intended to fill a gap in the currently available literature on the
development and application of dynamic simulation models. It deals with issues
of model quality and, more specifically, with the processes of testing, verification
and validation. Since simulation models can never be proved to be “valid” in any
absolute sense, the topic of model testing inevitably involves subjective issues and
often a trade-off between accuracy, cost and practical issues associated with the
intended application of the model. The emphasis within the book is mainly on
continuous system simulation problems, and case studies are used to provide
examples from the fields of engineering and physiology. The range of these
applications and their cross-disciplinary nature reflects my research interests and
activities over a period of almost 50 years.

Since the book is aimed at people with interests in simulation models and their
use in practical applications in many different fields, some assumptions are made
about the prior knowledge of the readers. Relevant supplementary material is
therefore being provided through a website (http://www.springer.com/gb/book/
9783319150987), and it is hoped that this should provide a convenient way of
accessing additional background information, both in terms of the general princi-
ples of modelling and the application areas considered in the case studies. For those
who do not have a background in engineering and the physical sciences, this
includes sections about mathematical and system modelling concepts. Similarly,
for those whose prior knowledge is lacking in terms of the biological sciences and
who need more in order to understand aspects of some of the physiological case
studies, the supplementary material includes sections which present some basic
concepts from those areas. No attempt has been made to make the supplementary
material sufficient on its own to meet the needs of everyone. Instead, only a brief
account of each topic is included on the website, and links are provided to other
sources of information which are far more extensive and detailed. The supplemen-
tary material also includes some data sets relating to some of the case studies, and it
is hoped that these may allow readers to carry out their own investigations of those
examples. Frequency-domain and time-domain data from tests carried out on some
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relatively simple systems and models, which are not discussed within the book, are
also provided. It is hoped that these may allow the reader to explore and apply
experimental modelling and model testing methods to these additional data sets. All
the data sets and models provided through the website may be used freely and
shared with others, provided the source is acknowledged.

Since the case studies, and other applications discussed in the book, are drawn
from research projects and my teaching activities, I must record my sincere thanks
to the many research students, research assistants, undergraduate students and
colleagues who contributed in important ways. Some of those receive explicit
mention through references to reports, theses and journal or conference publica-
tions, but I must express my thanks to all who have contributed to the work in any
way. I must also thank students who may have encountered some of these case
studies within their courses and whose questions and difficulties have contributed
significantly to the way in which material has been presented.

Glasgow, UK David J. Murray-Smith
June 2015
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Chapter 1
An Introduction to Simulation Models
and the Modelling Process

1.1 Objectives in Mathematical Modelling and Computer
Simulation

Mathematical modelling and computer simulation methods are powerful tools and
have applications in many areas of science, engineering, medicine, economics,
business and the social sciences. It is clearly possible to describe any real system
in different ways and the number of possible models that can be used in any specific
case is infinite. In practice, we have to find ways of assessing the suitability or
otherwise of a model for a proposed application and for comparing different models
in terms of objective measures or, in many cases, through procedures that are more
subjective. This book discusses issues of model testing and evaluation, both for
engineering applications and for system modelling in the biological sciences. Four
case studies are included, two of which are from engineering and two from
physiology. The emphasis throughout is primarily on dynamic models that involve
variables that are continuous functions of time. The methods being discussed thus
relate mainly to models implemented using continuous system simulation tools.

It is important to note, from the outset, that there is an important difference
between ways in which mathematical modelling and computer simulation are used
by engineers and the ways in which these techniques are employed for broader
scientific investigations where the objectives are often very different from those in
engineering. Probably the most important factor relates to the uncertainties in our
understanding of the real system represented by the model and the extent to which
there are unknown, or incompletely understood, elements. Although engineering
systems involve uncertainties and models of those systems have limitations, they
are often relatively well understood in terms of their structure. Within that field,
models can be very useful in specific applications and are most often developed to
help in the design of new engineering products, or to allow testing and analysis of

© Springer International Publishing Switzerland 2015 1
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2 1 An Introduction to Simulation Models and the Modelling Process

an existing engineering product or system. Most engineering systems are thus well
understood in terms of their structure and are often described as “closed”.

In contrast to engineering systems, natural systems arising in scientific fields
such as physiology and the environmental sciences often involve models that are
not closed. Information about the real system represented by the model is incom-
plete or has been derived through processes involving fairly drastic simplifications
and approximations. The system boundaries are often ill-defined and involve major
uncertainties. In science, a model is most often a stepping-stone within a research
project which is aimed primarily at providing a better understanding of a natural
phenomenon and models may be especially helpful in the design of experiments for
the testing of hypotheses. Model development and computer simulation techniques,
thus become a central and natural part of the scientific method. It is interesting to
note that in clinical medicine we find some applications of modelling and simula-
tion that show quite strong similarities to some types of model-based investigations
in engineering, while other medical applications may involve problems which
display all the uncertainties and the open-ended nature of investigations in pure
science.

In science, observations made of the behaviour of a real system may often be
explained in a simple and concise way using a mathematical model or an associated
computer-based simulation. More quantitatively, a model may also be used to
provide an indirect estimate of something that is difficult to measure directly.
Models and the associated computer simulations may be of assistance in making
predictions or decisions, such as those relating to climate change, or weather
forecasting, or estimates of future changes in air or water quality. They may also
have an explanatory role and may be developed as part of an attempt to bring
together all the available information about some natural system in a convenient
and concise form of description that can be accessed by researchers in different
groups around the world.

As with scientific applications, models in engineering may also be used to
describe, analyse, explain or simply document a complex system. However, a
more important type of application involves the use of these techniques to support
the design process and prototype development, or to assist in decision-making
processes. Models are often vital for tackling the trade-offs within the design
process and properly tested models and computer simulations now provide evi-
dence that is routinely used to establish a basis for certification of the performance,
safety and reliability of safety-critical and high-value systems. They provide a way
of supplementing the testing of prototype systems and can allow investigation of
performance limitations that would not be permitted in more direct ways for reasons
of safety or the risk of damage to expensive hardware. Proven models can reduce
engineering development times and costs in a significant way and also provide a
basis for some techniques of computer-based control, and for more specialised
applications such as schemes for automatic fault detection and fault alleviation.
Such models are also valuable for the development of real-time simulators that are
used routinely for training of operators. Without simulators, risks associated with
use of the real hardware would make it impossible to expose operators to training
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scenarios involving major system problems. A simple example of this could be a
pilot being trained to deal with an engine failure or a control surface actuator failure
in an aircraft in flight. Other examples of similar safety-critical applications are
found in the training of operators for off-shore platforms serving the oil and gas
industry, in nuclear power generation and in the control of electricity supply
networks.

From all of the above discussion, it is clear that, because of the important role of
simulation and modelling techniques in many different fields, the adoption of
proper procedures for testing models and computer simulations prior to their
routine application is very important. The significance of testing is obvious for
engineering design, for training simulator development or for simulators on which
different management and operational strategies can be investigated. The testing of
models is also critically important in scientific investigations since any publication
of results that depend on a simulation model should include details of the processes
used for assessing the model’s fitness-for-purpose. Publications relating to models
and the associated simulation software must provide proper “transparency” so that
the reader can extract all the information required to fully understand the model and
how it has been tested. Ideally the reader should be able, in principle at least, to
assemble the model from the information provided and reproduce all the published
findings.

1.2 Requirements Definition and Conceptual Modelling

One key aspect of the model development process is the requirements definition.
This starts from basic statements of the purpose of the model, together with
statements about its performance, cost and timescale. It ends with a detailed set
of specifications and performance targets for the model. Defining the precise
purpose of a model often follows on from a functional statement relating to the
project for which the model is required and the deliverables from that project. The
specification of model fidelity must always be related to the broader performance
requirements of the planned application.

Within engineering, a distinction may be made between what have been termed
“market pull” projects (perhaps involving design and development of a specific
product to meet given performance requirements in a specific period of time) and
“technology push” projects intended to assess new areas of technology (such as a
new form of control scheme) and reach conclusions about their likely future
importance and potential value [1]. In the case of “market pull” projects there is
usually a clear problem statement that can be used in the requirements definition for
the associated simulation model. With “technology push” projects, on the other
hand, the requirements definition for models needed in the investigation may be less
precise initially but should always be chosen to be representative of problems to
which the new technology could be applied. With technology-push projects a range
of different models having distinctly different characteristics in terms of their
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structure, order, nonlinearity etc. might be needed to allow firm conclusions to be
reached about the potential value of the new ideas.

Examples of major “market pull” projects in which modelling failures or inad-
equacies have led to significant extra costs or to late delivery are well known. For
instance, in naval construction in the USA the average over-cost of new ship classes
is reported as being of the order of 30 % and it is believed that a significant reason
for this is that designs have been released to production prematurely [2]. It has also
been alleged that most of the extra costs could have been predicted at the design
stage if the systems had been modelled more comprehensively. These ideas form a
central part of the reasoning behind the development by the US Office for Naval
Research (ONR) of the Ship-Smart System Design (SSD) tool where it has been
recommended, in a rather revolutionary set of proposals, that the system model
should become the system specification [3].

Although not all projects in all areas of application, even within engineering, can
fit within the framework being suggested by ONR, it is obvious that whatever the
area of application clear definitions of model requirements are of critical impor-
tance. This applies equally to “technology push” projects and to work within other
disciplines such as the physical, biological and earth sciences. It should be noted
that, in practice, model specifications may change and evolve during a project due
to the understanding that is built up during the work, even if the formal require-
ments remain the same throughout.

Following requirements definition, an early stage of most projects involves the
assembling of all available information about the structure and function of the
system or the formation of hypotheses for cases involving much uncertainty, as is
the case in modelling some physiological systems. The dominant phenomena
within the system to be modelled must first be identified and described, initially
in terms of words. This could involve energy conversion and storage processes, or
material transfer and storage within distinct compartments. Appropriate simplify-
ing assumptions can then be applied to create an initial “conceptual” model. The
development of the conceptual model is a highly creative task that often has
intuitive elements. The model must include all relevant available knowledge
about the important phenomena involved to allow a possible model structure to
be defined, together with parameters of the system and important variables. It is
particularly important to identify the variables that have measurable counterparts
within the real hardware as these are potentially important for model validation.

Essentially, a conceptual model is a collection of statements, assumptions,
relationships and data that describe the reality of interest. From this conceptual
type of description a mathematical model can eventually be constructed and
information useful in the design of experiments to test that model can be derived
[4]. Often a top-down approach is adopted, where a relatively coarse type of
description is defined initially, with details being added at a later stage. However,
there are usually also elements of bottom-up thinking where existing sub-models
are introduced within the structure that has been defined in a top-down fashion at
the start.
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This initial process of conceptual modelling is followed by the abstraction of the
information contained within the qualitative description to provide a more formal
representation, usually involving the use of equations or graphical block diagram
elements. The choice, in this respect, may depend on the modelling tools and
computing environment chosen for the work. This mathematical model not only
involves equations but also boundary values, initial conditions and data needed to
describe the conceptual model in quantitative terms [4]. That can provide informa-
tion about key parameter sensitivities and inter-dependencies which may be impor-
tant for design decisions and for performance optimisation.

1.3 Issues of Model Quality

Since a model is only an abstraction of the system it represents, perfect accuracy is
impossible. This inevitably raises important philosophical questions but, in all fields
in which modelling and simulation techniques are used, the key issue is one of
determining the level of model fidelity needed for the intended application. Models
also need to be transparent so that all who make use of a model can have some
understanding of how it is organised. An inappropriate model is less than useless and,
in engineering applications, may delay the project and lead to cost escalation. In
scientific research projects, the use of incorrect or poorly understood models may
lead investigators in totally the wrong direction. In general, whatever the type of
application, modelling errors should be reduced to defined levels for specified
operating regions for the system. Information about these modelling errors and a
“neighbourhood of validity”” must be readily available to users along with all the other
information about the model that provide the required overall transparency.

While reducing modelling errors is very important, a balance should also be
sought between overall accuracy and other factors. These include development
time, solution speed and the cost of developing the model in relation to the expected
benefits. In any type of application, the level of detail within a model is linked to its
purpose. As models are made more detailed, they inevitably become more complex
but model complexity should never be confused with model quality and a simple
description can often be better, in terms of quality measures, than a more complex
one. Developing a model requires careful examination of information about the real
system and consideration of how the model is to be used. In general terms, when
modelling a complex dynamic system, it is advisable to move in a stepwise fashion
from a well-understood area of operation, such as a steady-state condition, towards
situations where knowledge is more limited. Inconsistencies or gaps in the available
knowledge can then be found. These may require further experimental work or the
testing of an engineering prototype and this process may lead sometimes to a
reconsideration of requirements. The outcome of the model assessment process
should be a statement of the quantified level of agreement between experimental
data and model prediction, as well as information about the predictive accuracy of
the model [4].
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Tested models allow virtual prototypes to be created before any hardware
prototype is available. This provides a way of identifying necessary design alter-
ations at an early stage and, perhaps, of avoiding expensive changes later on. Once
real prototypes become available more complete and rigorous processes of testing
and model validation become possible, as discussed in Chap. 2.

1.4 Model Re-use

In terms of the overall efficiency of the modelling process, re-use of model
components is important and some software tools for modelling and simulation
now offer well-documented libraries of re-usable sub-models that are based on the
previous experience of many different users. Successful re-use requires sound
principles of model management and this is especially important for applications
involving large teams of developers, especially when these include multidis-
ciplinary groups and geographically dispersed teams.

In the field of medical decision making some health care models are intended to
be “general” in the sense that they can provide a basis for a number of investiga-
tions. Other models are built for a single application and are not intended to be
re-used but may, in fact, be modified and extended at a later date so that they can be
applied to new situations. This division between “general” and “specific” models is
also likely to apply in other fields. For a “multi-application” model, with more
general applicability, transparency is clearly a priority and the documentation must
therefore be of the highest quality. In such cases validation is an on-going process
and the model is likely to have to be modified and updated as science advances. In
such situations, retaining full documentation for each historical version of a model
is important. For a model intended for a single application, issues of transparency
and model validation are still vitally important because information about the
model has to be fully reported when results from the research are published.
Also, a “single-application” model may well be picked up again at some future
date by a new user who is interested in a new project with slightly different
objectives and may be interested in the possibility of re-using some specific feature
of that earlier model.

1.4.1 Model Libraries

A library of models or sub-models, for use in a particular application area, needs not
only to be designed to meet current requirements but also to satisfy possible needs
in the future [5]. Sub-models should therefore be designed as building blocks for a
range of applications rather than specifically for one project. This means that
verification and validation processes should be applied, first of all, at the
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sub-model level and should be subjected to testing over a range of conditions before
being accepted, documented and made available for wider use.

One of the most important reasons for model re-use is that it can reduce the time
required for the development of new models. A library also allows the investigator
to make an informed decision about the sub-model that best meets their needs. This
might involve selecting a specific sub-model from a number of representations
involving different levels of detail. Within a library, it is useful to establish a
taxonomy of models [6], which incorporates generic model classes and
sub-classes. This becomes more and more important as the number of models
increases. Ideally the library should also allow the modeller to cross from one
energy domain to another. As an example, this feature might allow a design
engineer to move easily from consideration of a hydraulic actuator for a specific
application to examining the possible use of an electrical actuator for the same task.

Some modern object-oriented simulation software environments, such as
Modelica® [7], provide standard model libraries and allow new libraries to be
developed. Other packages can be extended with tools for physical modelling in
various domains. An example of this is MATLAB®/Simulink® [8] which includes
some standard library sub-models and, through Simscape™ [9] there are additional
standard libraries involving sub-models for fields such as mechanics, hydraulics,
electronics, mechanical transmission systems and electrical power systems. Using
the Simscape™ language, which is based on MATLAB® [8], new sub-models can
be created together with equivalent Simulink® blocks, for components and
sub-systems that are not included in existing libraries.

In projects which involve several teams working together, team members may
wish to use different tools and languages when building their models of different
sub-systems. Sub-models from different software environments may then have to
be brought together within some larger model. One example of this is the Virtual
Test Bed (VTB) [10] which is an environment that facilitates integration of
sub-models developed using other widely-used tools [11], such as MATLAB®/
Simulink® [8], Modelica® or VHDL-AMS [12]. This has obvious significance in
terms of verification processes and inevitably requires further checks beyond those
performed on the original sub-model.

1.4.2 Generic Models

“Generic” models extend the ideas associated with model libraries. A generic
simulation model can be applied to a number of different projects without signif-
icant internal reorganisation. The essential requirements of a generic description
must be identified first and a suitable framework established that offers sufficient
flexibility for a number of different sets of objectives. The main benefit of adopting
a generic approach is that it may lead to savings in the development of a whole
series of models for different projects, compared with the traditional approach
involving the separate development of a new model to suit each application.
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Benefits may also arise because a generic model requires more rigour in terms of
model validation, together with better documentation. However the advantages are
only realised if the generic model, once developed, is used for a range of different
projects and the potential range of applications requires careful consideration prior
to any decision to embark on the development of a model of this kind. Issues arising
in the testing and validation of library sub-models and generic models are discussed
in Chap. 7.

Examples of the generic approach can be found at present in several application
areas, including communication systems (e.g. [13]), automotive engineering (e.g.,
[14]), electro-optic systems (e.g. [15]) and the planning of critical care resource
requirements [16]. A good example is the European Space Agency (ESA) Generic
Project Test Bed (PTB) which involves re-usable simulator architectures for space-
craft design [17]. The generic structure includes ground-station models as well as
spacecraft sub-systems, together with models relating to the environment. It is
important to note that the PTB allows for real-time simulation and hardware-in-
the-loop operation and this is a feature that can also be found in some other
examples of the generic approach.

1.5 Classes of Model

Many dynamic models used in science and engineering involve variables that are
continuous functions of time, such as position, velocity, acceleration, temperature
or pressure. Models based on these continuous-variable descriptions may involve
ordinary or partial differential equations or differential-algebraic equations. This is
the main class of model considered in this book and within this general class there
can be many variations in terms of the model structure.

A second class of model that can be important, not only in science and engi-
neering but also in other areas, such as business, planning and operations research,
involves discrete-event descriptions. In such models all the variables remain con-
stant between events that mark changes in the model. These changes take place at
discrete time instants, either periodically or in a random fashion. Simple examples
arise in applications which involve queues, such as in modelling a shop or bank to
establish how many tills need to be provided to ensure that customer waiting times
are acceptable. A digital computer used for real-time control is another example of
a discrete system involving periodic changes. In this case, a continuous variable
may be sampled periodically using an analogue-to-digital converter. Calculations
carried out using the discrete values obtained from the converter are then changed
back into continuous variable form using a digital-to-analogue converter. In model-
ling this type of component within some larger engineering system we cannot use
differential equations because of the discrete nature of the events within the digital
processor and an approach involving a discrete model (based on difference-
equations instead of differential equations) is more appropriate. However, hybrid
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models, involving representations that are mainly continuous but do involve some
discrete-event elements are becoming increasingly common.

1.5.1 Models Involving Continuous Variables

Within the class of continuous variable dynamic models we can distinguish
between models of data and physically-based models of systems. A model of data
involves a description fitted to measured responses, usually from a real physical
system, leading to a model that expresses an observed relationship between two or
more variables. It consists of mathematical functions that may have no direct link to
recognisable elements of the real system. Models of this kind are important in fields
such as control engineering where input-output descriptions, such as transfer
functions, may be used. Often these models may be derived directly from measure-
ments and are often termed “black box” models. They may provide a useful starting
point for engineering design but incorporate limited information about internal
processes. If they are derived entirely from experimental data their validity is
restricted to the conditions that applied in those experiments. Physically-based
models, on the other hand, are developed using established scientific principles,
such as basic laws and principles from physics, chemistry and biology. The models
and sub-models being considered in this book thus range from completely trans-
parent descriptions based on physical principles, through intermediate “grey-box”
descriptions, to the entirely empirical black-box form of experimentally-derived
model.

Another important distinction is between linear and nonlinear models. Linear
models are attractive because they are open to analysis and can be incorporated
conveniently into design procedures. However, linear descriptions may be incapa-
ble of capturing aspects of the behaviour of the real physical system and issues of
nonlinearity should be considered at an early stage in modelling. Assumptions of
linearity should not be made without justification and the range of linear operation
of the system always needs to be evaluated when a linear description is used.
Dangers arise if the model is chosen for reasons of mathematical convenience
and the developer fails to recognise properly the complex realities of the real
world situation.

A time-invariant description is one in which the performance of the system being
modelled is independent of the times at which observations are made. As with
questions of linearity, time invariance needs to be demonstrated rather than
assumed. Models that are linear and time invariant receive particular attention in
many engineering textbooks dealing with topics such as electrical circuit theory,
signal processing, dynamics and automatic control. Many systems have properties
that allow them to be described by linear time-invariant models for some operating
conditions and such models are very attractive because they can be analysed using
simple linear methods of mathematics, such as Laplace transform techniques.
Although nonlinear and time-varying dynamic models are more general, they are
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harder to deal with using mathematical methods and numerical and computer
simulation techniques have therefore become very important for such models.
Simulation thus offers valuable insight for problems that would otherwise be
intractable.

1.5.1.1 Models Based on Ordinary Differential Equations
and Differential Algebraic Equations

Mathematical descriptions based entirely on linear or nonlinear ordinary differen-
tial equations (ODEs) form a particularly important class of model. A broader class
of model involves differential algebraic equations (DAEs) which include algebraic
relations in addition to the ODEs. In both cases all the quantities in these models are
simply functions of time and do not change with spatial coordinates. These are
known as lumped-parameter descriptions and are important for many situations
involving, for example, mechanical systems, electrical networks and compartmen-
tal systems arising in the modelling of chemical processes or physiological systems.

1.5.1.2 Models Based on Partial Differential Equations

Models based on partial differential equations (PDEs) are important for modelling
systems that involve quantities that are physically distributed and thus depend on
spatial coordinates as well as time. One example could relate to the temperature
distributions in a material where, in a lumped representation, this would be
modelled in an approximate way by using a mean value of temperature over
some region. As well as containing derivatives of variables with respect to time,
a model based on PDEs would also contain derivatives with respect to spatial
variables. In general terms, lumped models based on ODEs can be viewed as
approximations of distributed parameter descriptions based on PDEs.
A simple example of a PDE model is the heat flow equation:

Ju o*u  0%u

where the variable u represents the temperature at the position (x, y) in the material.
The variable u# depends both on time, ¢, and the spatial position defined by the
variables x and y. The quantities ¢ and f are constant parameters in the simplest form
of the heat equation but could be functions of the spatial coordinates x and y.
Distributed parameter models are discretised in order to allow conventional
simulation tools to be applied. This involves all partial derivatives being expanded
and approximated by sets of algebraic equations and differential equations at
discrete points to give a set of DAEs that can be handled using standard tools.
Techniques commonly used to discretise partial differential equations for
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simulation include finite element methods, finite difference methods and the
method of lines, analytical methods, the integral approximation method, Padé
approximation methods, the Ritz method and Galerkin’s method. Further details
of these techniques may be found in texts dealing specifically with the solution of
partial differential equations (see, e.g. [18]). Some simulation environments, such
as MapleSim™ [19] include tools that can be used to discretise PDEs and auto-
matically generate components that can be used for simulation. For example, recent
developments [20] have provided a method of incorporating PDEs within a
Modelica model by using the Functional Mock-up Interface (FMI) [21] of Modelica
to import a PDE solver from the HiFlow3 multi-purpose finite element library
written in C++ [22]. With further extensions it is believed that this could provide a
relatively simple approach which allows re-use of existing software which is known
to be efficient and to have been fully verified [20].

In some specific cases it is possible to use analytical techniques to reduce a
description based on partial differential equations to a model involving a lumped
approximation. Whether or not it is appropriate to approach the model development
in this way depends on the application for which the model is being developed. One
example of this is the reduction of a distributed parameter model to a lumped
representation involving a pure time delay.

A useful set of papers on the modelling, analysis and control of distributed
parameter systems may be found in a special issue of the journal Mathematical and
Computer Modelling of Dynamical Systems published in 2011 with guest editors
Kurt Schlacher and Markus Schoberl of the Johannes Kepler University of Linz
[23]. The papers in that special issue relate both to theoretical problems concerning
the development of distributed parameter models and to a number of applications,
including the modelling of flexible structures for sub-sea applications [24].

1.5.2 Discrete-Event and Hybrid Models

In discrete-event models changes of the values of system variables are assumed to
occur instantaneously and in a discontinuous fashion at specific instants of time.
Such a representation is clearly approximate since real physical variables cannot
change instantaneously and the idea behind discrete-event models is to make the
model more tractable and to speed-up the simulation significantly. The variables of
a discrete-event model change value at specific points in time and these are termed
events. Values of variables remain constant between events.

One important example of discrete-event modelling concerns the dynamics of
manufacturing systems. Problems in that field can be especially challenging when
they relate to the overall dynamics of a network of interacting manufacturing
systems and the associated supply chains. In most practical applications of this
kind there are a number of well-defined steps associated with fabrication, testing,
assembling and packaging. In all kinds of manufacturing the total flow time is
influenced by many different factors, such as the processing time at each stage of



