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Preface

Some Early Opinions on Technology

There is practically no chance communications space satellites will be used to provide better
telephone, telegraph, television, or radio service inside the United States

T. Craven, FCC Commissioner, 1961

There is not the slightest indication that nuclear energy will ever be obtainable. It would
mean that the atom would have to be shattered at will.

Albert Einstein, 1932
Heavier-than-air flying machines are impossible.
Lord Kelvin, 1895
We will never make a 32 bit operating system.
Bill Gates, 1983

Such startling announcements as these should be deprecated as being unworthy of science
and mischievous to its true progress.

William Siemens, on Edison’s light bulb, 1880

The energy produced by the breaking down of the atom is a very poor kind of thing. Anyone
who expects a source of power from the transformation of these atoms is talking moonshine.

Ernest Rutherford, shortly after splitting the atom for the first time, 1917
Everything that can be invented has been invented.
Charles H. Duell, Commissioner of the US Patent Office, 1899
Content and Scope

Optimization is the determination of the values of the independent variables in a
function such that the dependent variable attains a maximum over a suitably defined
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area of validity (c.f. the boundary conditions). We consider the case in which the
independent variables are many but the dependent variable is limited to one; multi-
criterion decision making will only be touched upon.

This book, for the first time, combines mathematical methods and a wide range
of real-life case studies of industrial use of these methods. Both the methods and
the problems to which they are applied as examples and case studies are useful in
real situations that occur in profit making industrial businesses from fields such as
chemistry, power generation, oil exploration and refining, manufacturing, retail and
others.

The case studies focus on real projects that actually happened and that resulted in
positive business for the industrial corporation. They are problems that other com-
panies also have and thus have a degree of generality. The thrust is on take-home
lessons that industry managers can use to improve their production via optimization
methods.

Industrial production is characterized by very large investments in technical fa-
cilities and regular returns over decades. Improving yield or similar characteristics
in a production facility is a major goal of the owners in order to leverage their in-
vestment. The current approach to do this is mostly via engineering solutions that
are costly, time consuming and approximate.

Mathematics has entered the industrial stage in the 1980s with methods such
as linear programming to revolutionize the area of industrial optimization. Neural
networks, simulation and direct modeling joined and an arsenal of methods now
exists to help engineers improve plants; both existing and new. The dot-com rev-
olution in the late 1990s slowed this trend of knowledge transfer and it is safe to
say that the industry is essentially stuck with these early methods. Mathematics has
evolved since then and accumulated much expertise in optimization that remains
hardly used. Also, modern computing power has exploded with the affordable par-
allel computer so that methods that were once doomed to the dusty shelf can now
actually be used.

These two effects combine to harbor a possible revolution in industrial uses for
mathematical methods. These uses center around the problem of optimization as
almost every industrial problem concerns maximizing some goal function (usually
efficiency or yield). We want to help start this revolution by a coordinated presenta-
tion of methods, uses and successful examples.

The methods are necessarily heuristic, i.e. non-exact, as industrial problems are
typically very large and complex indeed. Also, industrial problems are defined by
imprecise, sometimes even faulty data that must be absorbed by a model. They
are always non-linear and have many independent variables. So we must focus on
heuristic methods that have these characteristics.

This book is practical

This book is intended to be used to solve real problems in a handbook manner. It
should be used to look for potential yet untapped. It should be used to see possibil-
ities where there were none before. The impossible should move towards the realm
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of the possible. The use, therefore, will mainly be in the sphere of application by
persons employed in the industry.

The book may also be used as instructional material in courses on either op-
timization methods or applied mathematics. It may also be used as instructional
material in MBA courses for industrial managers.

Many readers will get their first introduction as to what mathematics can really
and practically do for the industry instead of general commonplaces. Many will
find out what problems exist where they previously thought none existed. Many
will discover that presumed impossibilities have been solved elsewhere. In total, I
believe that you, the reader, will benefit by being empowered to solve real problems.

These solutions will save the corporations money, they will employ people, they
will reduce pollution into the environment. They will have impact. It will show
people also that very theoretical sciences have real uses.

It should be emphasized that this book focuses on applications. Practical prob-
lems must be understood at a reasonable level before a solution is possible. Also
all applications have several non-technical aspects such as legal, compliance and
managerial ramifications in addition to the obvious financial dimension. Every so-
lution must be implemented by people and the interactions with them is the principal
cause for failure in industrial applications. The right change management including
the motivation of all concerned is an essential element that will also be addressed.
Thus, this book presents cases as they can really function in real life.

Due to the wide scope of the book, it is impossible to present neither the meth-
ods nor the cases in full detail. We present what is necessary for understanding. To
actually implement these methods, a more detailed study or prior knowledge is re-
quired. Many take-home lessons are however spelt out. The major aim of the book
is to generate understanding and not technical facility.

This book is intended for practitioners

The intended readership has five groups:

1. Industrial managers - will learn what can be done with mathematical methods.
They will find that a lot of their problems, many seemingly impossible, are al-
ready solved. These methods can then be handed to technical persons for imple-
mentation.

2. Industrial scientists - will use the book as a manual for their jobs. They will find
methods that can be applied practically and have solve similar problems before.

3. University students - will learn that their theoretical subjects do have practical
application in the context of diverse industries and will motivate them in their
studies towards a practical end. As such it will also provide starting points for
theses.

4. University researchers - will learn to what applications the methods that they
research about have been put or respectively what methods have been used by
others to solve problems they are investigating. As this is a trans-disciplinary
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book, it should facilitate communication across the boundaries of the mathemat-
ics, computer science and engineering departments.

5. Government funding bodies - will learn that fundamental research does actually
pay off in many particular cases.

A potential reader from these groups will be assumed to have completed a math-
ematics background training up to and including calculus (European high-school or
US first year college level). All other mathematics will be covered as far as needed.
The book contains no proofs or other technical material; it is practical.

A short summary

Before a problem can be solved, it and the tools must be understood. In fact,
a correct, complete, detailed and clear description of the problem is (measured in
total human effort) often times nearly half of the final solution. Thus, we will place
substantial room in this book on understanding both the problems and the tools that
are presented to solve them.

Indeed we place primary emphasis on understanding and only secondary em-
phasis on use. For the most part, ready-made packages exist to actually perform
an analysis. For the remainder, experts exist that can carry it out. What cannot be
denied however, is that a good amount of understanding must permeate the relation-
ship between the problem-owner and the problem-solver; a relationship that often
encompasses dozens of people for years.

Here is a brief list of the contents of the chapters

What is optimization?

What is an optimization problem?

What are the management challenges in an optimization project?

How can we deal with faulty and noisy empirical data?

How do we gain an understanding of our dataset?

How is a dataset converted into a mathematical model?

How is the optimization problem actually solved?

What are some challenges in implementing the optimal solution in industrial
practice (change management)?

NN R L=

Most of the book was written by me. Any deficiencies are the result of my own
limited mind and I ask for your patience with these. Any benefits are, of course,
obtained by standing on the shoulders of giants and making small changes. Many
case studies are co-authored by the management from the relevant industrial cor-
porations. I heartily thank all co-authors for their participation! All the case studies
were also written by me and the same comments apply to them. I also thank the co-
authors very much for the trust and willingness to conduct the projects in the first
place and also to publish them here.

Chapter 8 was entirely written by Andreas Ruff of Elkem Silicon Materials.
He has many years of experience in implementing optimization projects’ results
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in chemical corporations and has written a great practical account of the potential
pitfalls and their solutions in change management.

Following this text, we provide first an alphabetical list of all co-authors and
their affiliations and then a list of all case studies together with their main topics and
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The following is a list of all case studies provided in the book. For each study, we
provide its location in the text and its title. The summary indicates what the case
deals with and what the result was. The “lessons” are the mathematical optimization
concepts that this case particularly illustrates.

Self-Benchmarking in Maintenance of a Chemical Plant

Section 4.8, p. 53

Summary: In addition to the common practice of benchmarking, we suggest to com-
pare the plant to itself in the past to make a self-benchmark.

Lessons: The right pre-processing of raw data from the ERP system can already
bear useful information without further mathematical analysis.

Financial Data Analysis for Contract Planning
Section 4.9, p. 58
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Summary: Based on past financial data, we create a detailed projection into the
future in several categories and so provide decision support for budgeting.

Lessons: Discovering basic statistical features of data first, allows the transformation
of ERP data into a mathematical framework capable of making reliable projections.

Early Warning System for Importance of Production Alarms

Section 4.11, p. 63

Summary: Production alarms are analyzed in terms of their abnormality. Thus we
only react to those alarms that indicate qualitative change in operations.

Lessons: Comparison of statistical distributions based on statistical testing allows
us to distinguish normal from abnormal events.

Optical Digit Recognition

Section 5.4, p. 92

Summary: Images of hand-written digits are shown to the computer in an effort for
it to learn the difference between them without us providing this information (unsu-
pervised learning).

Lessons: It is possible to cluster data into categories without providing any infor-
mation at all apart from the raw data but it pays to pre-process this data and to be
careful about the number of categories specified.

Turbine Diagnosis in a Power Plant

Section 5.5, p. 96

Summary: Operational data from many turbines are analyzed to determine which
turbine was behaving strangely and which was not.

Lessons: Time-series can be statistically compared based on several distinctive fea-
tures providing an automated check on qualitative behavior of the system.

Determining the Cause of a Known Fault

Section 5.6, p. 102

Summary: We search for the cause of a bent blade of a turbine and do not find it.
Lessons: Sometimes the causal mechanism is beyond current data acquisition and
then cannot be analyzed out of it. It is important to recognize that analysis can only
elucidate what is already there.

Customer Segmentation

Section 5.10, p. 117

Summary: Consumers are divided into categories based on their purchasing habits.
Lessons: Based on purchasing histories, it is possible to group customers into be-
havioral groups. It is also possible to extract cause-effect information about which
purchases trigger other purchases.

Scrap Detection in Injection Molding Manufacturing
Section 6.6, p. 135
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Summary: It is determined whether an injection molded part is scrap or not.
Lessons: Several time-series need to be converted into a few distinctive features to
then be categorized by a neural network as scrap or not.

Prediction of Turbine Failure

Section 6.7, p. 140

Summary: A turbine blade tear is correctly predicted two days before it happened.
Lessons: Time-series can be extrapolated into the future and thus failures predicted.
The failure mechanism must be visible already in the data.

Failures of Wind Power Plants

Section 6.8, p. 143

Summary: Failures of wind power plants are predicted several days before they hap-
pen.

Lessons: Even if the physical system is not stable because of changing wind condi-
tions, the failure mechanism is sufficiently predictable.

Catalytic Reactors in Chemistry and Petrochemistry

Section 6.9, p. 148

Summary: The catalyst deactivation in fluid and solid catalytic reactors is projected
into the future.

Lessons: Non-mechanical degradation can be predicted as well and allows for pro-
jection over one year in advance.

Predicting Vibration Crises in Nuclear Power Plants

Section 6.10, p. 152

Summary: A temporary increase in turbine vibrations is predicted several days be-
fore it happens.

Lessons: Subtle events that are not discrete failures but rather quantitative changes
in behavior can be predicted too.

Identifying and Predicting the Failure of Valves

Section 6.11, p. 155

Summary: In a system of valves, we determine which valve is responsible for a non-
constant final mixture and predict when this state will be reached.

Lessons: Using data analysis in combination with plant know-how, we can identify
the root-cause even if the system is not fully instrumented.

Predicting the Dynamometer Card of a Rod Pump

Section 6.12, p. 157

Summary: The condition of a rod pump can be determined from a diagram known
as the dynamometer card. This 2D shape is projected into the future in order to
diagnose and predict future failures.
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Lessons: It is possible not only to predict time-series but also changing geometrical
shapes based on a combination of modeling and prediction.

Human Brains use Simulated Annealing to Think

Section 7.6, p. 183

Summary: Based on human trial, we determine that human problem solving uses
the simulated annealing paradigm.

Lessons: Simulated annealing is a very general and successful method to solve op-
timization problems that, when combined with the natural advantages of the com-
puter, becomes very powerful and can find the optimal solution in nearly all cases.

Optimization of the Miiller-Rochow Synthesis of Silanes

Section 7.8, p. 189

Summary: A complex chemical reaction whose kinetics is not fully understood by
science is modeled with the aim of increasing both selectivity and yield.

Lessons: It is possible to construct empirical models without theoretical understand-
ing and still compute the desired answers.

Increase of Oil Production Yield in Shallow-Water Offshore Oil Wells

Section 7.9, p. 194

Summary: Offshore oil pumps are modeled with the aim of both predicting their
future failures and increasing the oil production yield.

Lessons: The pumps must be considered as a system in which the pumps influence
each other. We solve a balancing problem between them using their individual mod-
els.

Increase of coal burning efficiency in CHP power plant

Section 7.10, p. 197

Summary: The efficiency of a CHP coal power plant is increased by 1%.

Lessons: While each component in a power plant is already optimized, mathematical
modeling offers added value in optimizing the combination of these components
into a single system. The combination still allows a substantial efficiency increase
based on dynamic reaction to changing external conditions.

Reducing the Internal Power Demand of a Power Plant

Section 7.11, p. 199

Summary: A power plant uses up some its own power by operating pumps and fans.
The internal power is reduced by computing when these should be turned off.
Lessons: We extrapolate discrete actions (turning off and on of pumps and fans)
from the continuous data from the plant in order to optimize a financial goal.
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Chapter 1
Overview of Heuristic Optimization

1.1 What is Optimization?

Suppose we have a function f(x) where the variable x may be a vector of many
dimensions. We seek the point x* such that f(x*) is the maximum value among
all possible f(x). This point x* is called the global optimum of the function f(x).
It is possible that x* is a unique point but it is also possible that there are several
points that share the maximal value f(x*). Optimization is a field of mathematics
that concerns itself with finding the point x* given the function f(x).

There are two fine distinctions to be made relative to this. First, the point x* is
the point with highest f(x) for all possible x and as such the global optimum. We
are usually interested in this global optimum. There exists the concept of a local
optimum that is the point with highest f(x) for all x in the neighborhood of the local
optimum. For example, any peak is a local optimum but only the highest peak is the
global maximum. Usually we are not interested in finding local optima but we are
interested in recognizing them because we want to be able to determine that, while
we are on a peak, there exists a higher peak elsewhere.

Second, the phrase “all possible x needs careful consideration. Usually any value
of the independent variable is allowed ’,’ X € [—o0,00], but in some cases the indepen-
dent variable is restricted. Such restrictions may be very simple like 3 < x < 18.
Some may be complex by not giving explicit limitations but rather tying two ele-
ments of the independent variable vector together, e.g.

=)

x1 < /g(xz)dx

0

where g(x) is some other function. Any such equation is called a constraint or
boundary condition.

Almost all practical optimization problems are constrained or bounded. Simple
boundaries are usually no problem. Complicated constraints like the integral con-
straint above are usually complex and must often be treated specially.

P. Bangert (ed.), Optimization for Industrial Problems, 1
DOI 10.1007/978-3-642-24974-7 1, © Springer-Verlag Berlin Heidelberg 2012
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1.1.1 Searching vs. Optimization

Consider a map of a mountain range. The location variable x is a two-component
vector where the two components are latitude and longitude. The function f(x) is
the altitude corresponding to the particular location. The task is now to find x*, i.e.
the point (on the map) with the highest altitude.

Fig. 1.1 A topographical map of the Baitoushan mountain range in China. The contours are labeled
with the altitude in this case.

As humans, we usually accomplish this by searching. If the map is a topological
map (see figure 1.1), we would generally use the contour lines to aid our search
knowing that the centers of roughly circular contours are bound to be mountains.
In the absence of visual aids like contours or colored shading, we have to rely on
searching. We know that we can get a reasonable guess by random searching but the
only sure way to find the highest peak is by exhaustively reading all the labels on
the map.

Moreover, the map does not allow us to find peaks that are not on the map even
though they may be even higher. This is a practical example of a boundary condi-
tion. We know that the highest peak on Earth is Mount Everest but that, on a map of
Europe, we will find Mont Blanc to be the highest peak instead. Because the bound-
ary of Europe excluded Mount Everest, we are not able to find it but we did find the
best point satisfying the boundary conditions.
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This example illustrates the two principal problems of optimization: (1) the in-
corporation of boundary conditions or constraints and (2) the inherent search nature
of the problem. Practically, we must specify two more items: (3) the numerical ac-
curacy with which x* must be determined! and (4) the lowest probability that we
are prepared to accept of the final answer actually being the true global optimum.

In the following sections, we will analyze each of these in turn.

1.1.2 Constraints

As introduced at the beginning of the section, constraints limit the allowed range
of the independent variables. In practical situations, we will almost always have
an upper and lower limit to any independent variable, e.g. —1 < x; < 2.5. Many
times such limits indicate the normal operating conditions of a piece of equipment
or the safety limits for operation thereof. Such limits are often contained in process
control systems or safety systems and are usually determined during the engineering
and build phase of a production plant’s lifetime.

In addition to these simple constraints that limit the numerical range of each
variable, we generally have limitations on the interdependency between variables.
These are generally quite application specific and are difficult to discuss in general.
An example of such is that the total flow through a system of devices operated in
parallel must be (roughly) equal to the sum of the individual flows. Placing limits on
any one of these interdependent variables (e.g. requiring a specific total flow) will
induce interesting and non-trivial limits on the other variables as there is now some,
but not total, flexibility.

It goes without saying that if constraints are not specified, they are generally not
met by any computational method. Thus, it is vital to specify these, if they exist or
are necessary.

1.1.3 Finding through a little Searching

Briefly, optimization is the art of finding without searching (much). In our efforts
to find the best point, we must perform a search of some kind. The most primitive
search possible is to examine every location and, at the end, output the best point
found. The advantages of this method are that it is simple, always succeeds and is
very general. The disadvantage is that it is generally slow as there are many possible
points to look through.

We must therefore come up with a way to find what we need without looking
through all possibilities. In fact, as the number of possibilities grows rapidly with

! The location of the Mount Everest’s peak must be specified more accurately for a mountain
climber than for a photo journalist — demanded accuracy depends on the intended application.
More demanded accuracy may lead to a lot more work required to determine it.
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the problem size, we must come up with a way that needs us to examine only very
very few of all the possibilities. This is the first important insight of optimization.
At first sight, we might think that this is a task that requires problem specific
knowledge. Indeed, domain knowledge is very useful and should, in general, be
used to every extent possible. However, it is possible to say many things in total
absence of domain knowledge. It is this that will be the major topic of this book.

1.1.4 Accuracy

Whenever we ask a question whose answer is a number, we must really specify
how accurately we need that number. Suppose that an engineer wants to make a
calculation on a design and requires the number 7. That 7 ~ 3 £0.2 is correct
to a certain degree of accuracy but is usually not accurate enough for engineering
purposes. That 7 ~ 3.14 £0.002 is better but may still not be good enough. This
can be improved indefinitely of course depending on what accuracy is required.

In practice we have several problems that limit the accuracy. First, the original
data on which all computations are based are experimentally determined numbers
and therefore posses a measurement uncertainty. Second, the model which we use
is not perfect and so the real physical situation differs from the model in some ways
and so represents a further source of uncertainty. Third, the use of uncertain numbers
in any computation leads to an uncertainty in the result that in governed by the laws
of error propagation.

Generally it may be said that the amount of effort to obtain a further decimal
place of accuracy will increase tenfold. It is thus not only scientifically but eco-
nomically important to decide upon a suitable accuracy as early in an application as
possible. Note that not all accuracies are actually possible because they are bounded
by the three factors described above.

1.1.5 Certainty

Any statement made about the physical world is only correct with a certain proba-
bility. This probability can be very nearly 100% but it will never actually be equal to
100%. A heuristic optimization method will eventually output the best point that it
has been able to find. Based on theory, it is often possible to comptue the probability
with which this outputted point is the actual global optimum.

Suppose that you are told that this point is the optimal point with 80% probability.
Will you be happy? How about 90%? Or 99%? The interpretation of this number is
not easy. Having a 90% likelihood that this is the optimal point means that if this
algorithm were run 100 times, then statistically speaking you would get this result
or worse in 90 cases and a better result in 10 others. Beware that this is a statistical
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statement, it may well turn out that all 100 trials, if actually performed, would yield
worse or equal results.

The question is thus twofold. First, what probability are you happy with? Sec-
ond, what is there to be done in case the probability is less than that? Clearly other
trial optimizations must be performed. But how many and what will happen if the
required probability is still not reached? The questions are similar to one we answer
with respect to the weather report: How high does the rain probability have to be
before one will take an umbrella outside?

In conclusion, we can only say that this is a questions whose answer is emotional
and cannot be justified on mathematical grounds. It nevertheless pays to think about
it.

1.2 Exact vs. Heuristic Methods

When we ask “what is the optimal point?” we need to already know what kind of
answer we are prepared to accept. Most importantly, how accurate does the answer
have to be in order to count as a suitable answer? Only the application at hand can
provide this information. Is it enough to know that the highest mountain in Europe
is in France or do we need its location to within a meter?

In mathematics we distinguish between exact methods that deliver a totally def-
inite answer without uncertainty and heuristic methods that deliver an approximate
answer. In the context of numerical problems, exact methods do not, of course, pro-
vide truly exact answers (because real numbers cannot be specified exactly in finite
time and space, in general) but rather can provide answers to any degree of specified
accuracy desired. The exact method will, however, provide the correct location of
the global optimum. Heuristic methods, on the other hand, may get the location of
the optimal point totally wrong. Often however, we can know with what likelihood
the heuristic method got it right.

Based on this distinction, we would always want to use exact methods. However,
the certainty of the best answer has its price: In practical problems, exact methods
usually take far too long to terminate to be used. Real life problems usually require
heuristic methods to be used.

1.2.1 Exact Methods

The most basic exact method that works always is called complete enumeration:
List all possibilities and choose the best one. Clearly, this is simple and it will work.
However this method is generally impractical as one might see at first sight because
the list would take too long to compute in most cases.

The challenge is thus to exclude many possible configurations from an enumera-
tion a priori. We might, for instance, break up our solution space into sections and



6 1 Overview of Heuristic Optimization

these sections into further sections. We therefore have a hierarchy of sections to
search. This is similar to dividing the Earth into continents, countries, regions and
so on. We can then ask if we can exclude an entire section from the search without
searching in that section. This would be equivalent to asking if we could say that the
highest mountain in Europe is not in Germany without looking.

It may seem paradoxical to exclude certain locations from a search without look-
ing there but in mathematical problems, we usually have some knowledge about the
problem at hand that allows us to make such inferences a priori.

Two particular strategies for using such information are tabu search and branch-
and-bound methods.

When considering solutions to the problem, we always have one current solution
and then generate the next one. The difference between them, is a move. We thus
start with some solution and then move our way through the space of all possible
solutions. In tabu search, we archive certain moves on a tabu-list and forbid these
moves from being made in the near future. This way, we can avoid the algorithm
undoing a previously made move a short time afterwards and thus effectively going
in circles. This technique can be made much more complex but it allows effective
searching without accidentally moving backwards.

The branch-and-bound technique expects there to be a hierarchy of regions like
mentioned above. The branch part of the method creates the hierarchical struc-
ture and thus the branches of the search tree. The bound part of the method uses
a problem-specific method to compute an upper and lower bound upon the goal
function value. Using this bound, we can then decide whether that branch is worth
investigating in more detail or not. In this way, we may identify large parts of the
solution space as unsuitable for the optimal point without actually looking at the
points within that part.

If an exact solution is needed, branch-and-bound is the way to go. Of course, this
depends upon a suitable problem-specific branching and bounding algorithm that
must be designed for each problem by hand and may require significant research.

1.2.2 Heuristic Methods

Heuristic methods have a chance of delivering a bad answer — finding a point that
is good but not the optimum. They have the advantage that they are usually much
easier to implement and use and also run much faster than exact methods.

There are two sophisticated and totally general search strategies that are capable
of solving any optimization problem. These are referred to as simulated annealing
(SA) and genetic algorithms (GA). Both have many variants and branch methods.
Essentially the idea behind each are the following. In SA we start with a random
point and start transiting to other points accepting such a transit always if it improves
the objective and with a probability that gradually decreases over time if it does not
improve the objective. In GA we start with a family of points that interact somehow
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to form successive generations of points. Both methods eventually reach a stable
state at which time they may be stopped and the best point found is reported.

As a guiding principle, from which we may learn something for our lives, is that
both methods first get a general overview of the landscape of the problem. Then the
major features of the landscape are explored and determined. Finally, the small de-
tails are fixed near the end. Generally, the top-down approach is the correct approach
to optimization. The bottom-up approach is not successful. Thus, we recommend to
always first get the bird’s eye view of a situation.

Both SA and GA are methods that may be applied to any problem. For SA we
must define how to transit from one point to another. For GA we must define how
two points beget another point for the next generation. The rest of the method for
both SA and GA are completely general and may discussed in absence of a particular
application. This is the strength of both of these methods.

In this book, we shall prefer SA as the general optimization method. This fact
is owed to several practical observations over many projects: (1) SA is easier to
implement for a given problem, (2) it makes sense to cut SA off after an a priori
set amount of time, (3) SA can be shown to converge to the global optimum under
very general conditions, (4) SA usually achieves both better results in general and
also better results for a certain available time budget, (5) SA only needs to maintain
two points in memory at any time whereas the size of the generation in GA must
grow with growing problem size. In brief, we prefer SA to GA because of practical
performance issues as well as theoretical advantages.

We note in passing that this judgment is not appropriate for every problem but
merely for most. In mathematics, the advantages of SA vs. GA are complex and not
completely understood at present. Practitioners of either method almost always hold
to it very strongly and statements of comparison often have an emotional character.
When we restrict ourselves to SA instead of presenting both carefully, we do it for
the above well meant and well documented reasons as well as the practical reasons
that in a book focusing on practical applications a fundamental equanimity has no
place as there is simply no room for it in the book and no time for it in the day of
industry problem solvers.

In conclusion, SA is good enough for industry work and we recommend it most
heartily to all.

1.2.3 Multi-Objective Optimization

In some cases, we may have more than one objective function when seeking an op-
timum. For instance, if we want to maximize profit and minimize cost or maximize
yield while maximizing equipment lifetime, then we have more than one objective
and we will have conflicts between them. It is to be expected that there is a point
at which any further improvement along one objective creates a detriment to an-
other (such a point is called a Pareto optimum, see figure 1.2). This is the challenge
of multi-objective optimization. This is, by now, a large research field with many
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methods. We will discuss the basic ideas here but refer to the literature for more
details [116].

The obvious solution is to create a single objective function from the various
objectives and so create a new problem that has only one objective function. We
may, for instance, translate all objectives into monetary terms and then maximize
the financial yield. This is a step that requires human ingenuity to set up a suitable
function that really does resolve the conflicts in an acceptable manner.

Such a formulation is not always possible as this involves a solution to all possi-
ble conflicts a priori. We note that such a formulation used to be popular in econom-
ical theory as the sum of all utilities (under the assumption that people act rationally
so as to maximize the sum of all utilities). This was rejected in economic theory as
unrealistic because humans are not sufficiently rational in that we have preferences
that we cannot always express on a sliding numerical scale.

Thus, we are stuck with Pareto optima. The tricky point is that there are usually
more than one such points and we must choose among them, see figure 1.2. One way
out is to setup a preference hierarchy that disambiguates between various possible
Pareto optima, e.g. objective x is more important to me than objective y. For the
example in figure 1.2 this is sufficient to uniquely determine the optimal point
(the rightmost point on the locus).

A

Fig. 1.2 Here both axes describe objectives. The shape describes the locus of possible solutions.
Going further along the x axis improves the x objective until we hit the end of the locus. Thus, the
rightmost point on the locus is a Pareto optimum as any further improvement of the y objective
automatically leads to reduction in the x objective. The highest point in the locus is also a Pareto
optimum because any further improvement in the x objective automatically leads to a reduction in
the y objective. In this case, all points in the thick line are Pareto optima.

The Pareto approach is particularly useful in social environments where it is im-
portant to show that no one’s interests will be downgraded. In the event of unclear
preference rules, however, there is substantial room for political negotiation. In an
industrial setting where we have clearer goals it becomes a little easier but not much.
Consider having to rank the following (and more)
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production volume

production losses due to failures
equipment lifetime

raw material cost and quality
final product cost and quality
employee safety and satisfaction
customer satisfaction

greenhous gas emissions
environmental pollution
corporate image

OO N S D~

Due to the fact that many of these preferences cannot be measured accurately and
will change unpredictably in the future, setting up a preference hierarchy can be
nearly impossible. Should you decide to attempt such a ranking, section 3.3 de-
scribes a reasonable method to do so in a group. It is thus likely, in an industrial
setting, that one would choose a single financial objective. That is the reason for
which we will not go further into this approach.

As a final remark, we must carefully note with Pareto optimization as with any
other optimization method in several dimensions: If we are not currently at the op-
timum, then the path to get there is likely to involve changes in several dimensions
simultaneously. In other words, no single remedial measure is likely to achieve the
optimum. Indeed, it is possible that any single remedial measure is going to make
the situation worse if it is not accompanied by other measures!

1.3 Practical Issues

Practically speaking, there are several issues at hand. The most crucial are

1. appreciation that there is potential: This is a management task and is necessary
as the trigger of any optimization project. This will be addressed in chapter 3.

2. collecting enough and representative data: Addressed in chapter 4, interacts with
the next point and may involve a certain amount of engineering in dealing with
instrumentation.

3. understanding the situation: Partially addressed in chapter 5 and presupposes hu-
man understanding of the processes involved.

4. making a good model: Addressed in chapter 6.

drawing the right conclusions: Addressed in chapter 7.

6. implementing the conclusions sustainably: Addressed in chapter 8 and focuses
mainly on the human team.

e

Many of these issues have to do with the human team and involving them such
that the project can be done at all and also that the results of the project actually ma-
terialize in real tangible and long-term results. This is an essential point in practical
industrial work and that is why we dedicate chapter 8§ to this topic.



10 1 Overview of Heuristic Optimization

Supposing that the human aspect is adequately dealt with, we must also address
a number of technical issues. The right data must be collected such that it describes
the problem as fully as is economical. In environments such as chemical plants or
power plants, the instrumentation around the process control system is typically
enough for most modeling tasks. In other plants, such as a water treatment plant, the
process is significantly less instrumented and we may thus have to decide where to
put which sensor.

The data collection process should then occur over a timescale that covers all the
interesting phenomena. If, for instance, the seasons play an interesting role (because
e.g. the plant is exposed directly to outside temperatures and sunlight), then we
would need to collect data over at least one full year. The data must then be cleaned
so that only effects that are physical remain in the data, see chapter 4.

Having got the data, we must then make the actual model. This typically requires
experts with appropriate tools to create an accurate model in reasonable time.

It should be understood by all involved that most methods that produce an exact
solution to any problem are inappropriate here. In an industrial setting we cannot
formulate the problem so cleanly or provide data so accurately to even allow the
problem to be posed exactly, let alone solved exactly. In addition, the method to pro-
duce an exact solution would often require computation times of months or more; to
be re-done at the first bug found or the first opinion changed. From the start, we are
thus looking for a “good enough” solution. This is the area of heuristic algorithms
that produce a good result but not the exact solution. Statistically speaking, the more
computing effort put into a heuristic method, the closer the result is to the result we
would want. There comes a point where it makes no practical difference anymore
and this is the point we need to identify: How accurate does the answer have to be
to satisfactorily solve the problem in the real world?

This is the principle of diminishing returns in its dual form: Every additional
decimal place of accuracy requires more effort than the one before and delivers less
actual result than the one before. Thus we must choose well what we need.

Note here that we have four groups of people involved in the process: Manage-
ment, process related people, project managers and optimization experts. It is the
job of management to start the project and provide it with enough importance to get
implemented. The process related people must provide the data and live with the
conclusions. It is thus essential to excite them about the project. The job of project
management is mainly to provide this excitement and also to translate between the
process people and the optimization experts as these two groups generally do not
speak the same language. The optimization experts are in charge of drawing the
right conclusions from the data provided — typically this involves several iterations
of asking for more data and more explanations about what the data means.

The process described at the start of this section is not linear from the top down
but will most likely circle between the intermediate points several times. It is essen-
tial that the project manager keeps the people together and translates between both
camps so that it eventually becomes clear “what we have” and “what we want.”
These two questions will initially be answered incorrectly and will be updated in-
correctly several times as well. Only after some time of both parties starting to un-
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derstand each other will these questions receive a correct answer. This is the natural
evolution of such a project and one should not be upset at this. For this reason, it is
crucial for the management that started the project to appreciate this point!

1.4 Example Theoretical Problems

For the sake of the discussions in this book, we will usually focus on the traveling
salesman problem (TSP) because it is simple and easy to understand, yet provides
enough optimization complexity and also room for adding features to it to make it
practically interesting.

Classically the TSP consists of N locations and a matrix of distances between
them. We then ask for the shortest trip between the locations such that each location
is visited exactly once. Thus, we must sort the N locations into an order so that, if
we add up the distances between each successive pair on the list, this sum is the
smallest possible sum over all such orderings.

A simple computation shows that there are N!/2 such orderings. For realistic N,
this is a number so large that we could not list all orderings in a reasonable amount
of time or space. This makes the TSP into a problem worth thinking about, i.e. we
must find the best ordering without looking through all possible orderings.

We can make the TSP into a realistic problem by adding complicating features to
it. For instance, some locations may be depots and others drop offs each with a load
to be picked up or dropped off. The vehicle that moves between locations may have
a finite maximum capacity. The locations may be connected by various roads with
differing distances and different toll prices. The driver may be limited due to union
contracts in his driving behavior that interacts with speed limits on the roads.

To be clear in our vocabulary, the TSP as formulated above is the problem. If we
actually specify the number N and give an actual matrix of distances, then this is an
instance of the problem. This distinction is important as some conclusions apply to
the problem as a whole and some only to particular instances.

Another problem would be to find the x such that y is maximal under the condi-
tion y = f(x) for some function f(---). Note the principal difference between this
and the TSP. For the TSP, it would suffice to list all solutions and check each. This
is time consuming but possible. For this second problem, we cannot do this as the
number of solutions (all x) is not finite. This is the difference between a discrete
problem (such as the TSP) and continuous problem (such as seeking a maximal y).






Chapter 2
Statistical Analysis in Solution Space

“ “You see,” he exclaimed, ‘I consider that a man’s brain originally is like a little empty attic,
and you have to stock it with such furniture as you choose ... It is a mistake to think that
that little room has elastic walls and can distend to any extent. Depend upon it, there comes
a time when for every addition of knowledge you forget something that you knew before.
It is of the highest importance, therefore, not to have useless facts elbowing out the useful

PE)

ones.

Sherlock Holmes [Arthur Conan Doyle, A Study in Scarlet]

In the solution of optimization problems, many factors act in concert to achieve
the cumulative effect that we measure using a single cost function. We are dealing
with finding a particular microscopic arrangement of many constituent parts — called
a microstate —in order to attain a desired macroscopic result — called the macrostate.

Suppose that you are in a room. This room has many molecules of air that move
around in the room. The knowledge of the positions and momenta of all these
molecules is the microstate of the room. The macrostate is comprised of a few pa-
rameters of interest to you, such as the temperature and pressure of the air. If you
were to move a single molecule from one side of the room to the other, would the
temperature in the room change perceptibly? No. This observation means that (1)
even though a particular microstate leads to a particular macrostate, (2) any one
macrostate can potentially be achieved by more than one microstate. The relation-
ship between microstate and macrostate is thus not a one-to-one relationship. By
analogy to maps we have one altitude for a specified location but possibly several
locations for one specified altitude; as such the location is the microstate and the
altitude the macrostate.

The same observation holds true for optimization problems: A particular value
for the cost function is usually achieved with many settings of the process param-
eters. The optimum state is an exception and is often achieved using only one pa-
rameter setting just as the altitude of 8850 meters is achieved only in one location,
namely Mount Everest. In the analysis of the relationship between microstates and
macrostates, the analogy to the molecules in the room applies.

P. Bangert (ed.), Optimization for Industrial Problems, 13
DOI 10.1007/978-3-642-24974-7_2, © Springer-Verlag Berlin Heidelberg 2012
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As this problem was first investigated by physicists in the context of thermody-
namics, the language of the theory uses vocabulary that is reminiscent of thermody-
namic processes. This should not be misunderstood as the suggestion that optimiza-
tion problems are thermodynamic. They are not. The theory that governs thermody-
namic processes is, however, so general that it can easily encompass our situation
of optimization problems.

The relevant field of physics is called statistical mechanics. It derives its name
from the fact that the macrostate is essentially a statistical summary of the microstate
just as the mean, or average, is a statistical summary of a set of numbers.

In this chapter, we will treat the relationship between microstate and macrostate
as developed in statistical mechanics. The vocabulary of thermodynamics will be
retained but the ideas will be made sufficiently general that it will become clear
how they apply to our situation. For the purposes of this chapter, please suspend any
ideas of optimizing. First, we must become clear about how the state of the problem
relates to the cost function or, in other words, we must first understand the problem
that we are faced with and the answer we desire. Only when this relationship is
clear, are we permitted to ask what the state of the problem is that corresponds to a
minimum in the cost function.

2.1 Basic Vocabulary of Statistical Mechanics

The energy of a physical system is essentially the same as the cost function in op-
timization in that nature seeks the configuration of least energy. To understand this
from the physical perspective, we quote a description of the concept of energy here:

“Consider a volume of water stationary in a pool at the head of a waterfall. It has what we
may call ‘privilege of position,” in that once it has dropped over the fall we must do work to
return it to its original position. As the water passes over the fall its ‘privilege of position’
vanishes, but at the same time it acquires vis viva, the ‘living force’ of motion. By passing
the water through a turbodynamo, we strip it of its vis viva and simultaneously acquire
electric power which, vanishing when the dynamo is shorted through a resistance, there
gives rise to an evolution of heat. If the water drops directly to the bottom of the fall, without
passing through the turbine, vis viva disappears without the production of electric power; but
at the bottom of the fall the water has a temperature slightly higher than that with which it
left the top of the fall — just as though it had received the heat from the above-noted resistor.
Now a priori there is no reason to suppose that ‘privilege of motion,” vis viva, electric
power, and heat — qualitatively apparently utterly different — stand in an relation whatever
to each other. Experience, however, teaches us to regard them all as diverse manifestations
of a single fundamental potency: energy (Gr. energos, active; from en, in + ergon, work).”
[98]

Let us consider a particular instance of an optimization problem. For definiteness,
consider a particular instance of the traveling salesman problem. The number of
cities and the distances between each city pair is known.

A microstate is a complete detailed description of any arrangement of the most
basic elements of the problem such that no boundary conditions are violated. Any
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microstate is thus a solution of the problem instance. In the context of the traveling
salesman, any ordering of the cities, without repetition, is a microstate and thus
a solution in the sense that all such orderings are legal traveling salesman tours.
Remember that we are not optimizing yet, we are just describing the problem. If
you had an ordering of the cities in which a particular city featured more than once
or a city was missing, then this would violate a boundary condition of the problem
and thus not be a microstate or solution. In terms of mathematics, a microstate can
be expressed as a vector.

A macrostate is a global description of a microstate in terms of all the func-
tions that we will later use to optimize the solution. In most optimization contexts
the macrostate is the value of the cost function and thus a single number. For the
traveling salesman, the macrostate is the total length of the tour.

A system is the instance of the problem viewed as an evolutionary entity that
changes in time. Mathematically speaking, a system is a series of microstates or-
dered in time. In the context of thermodynamics, the microstate of the molecules in
aroom will change from moment to moment in accordance with the laws of physics.
In the context of optimization, the microstate of the traveling salesman problem will
change from one step of the optimization procedure to the next. In both cases, there
is a mechanism of evolution (physical laws or an optimization algorithm) that causes
a time-ordered sequence of different microstates. Accumulated from some start time
to some end time, this is referred to as a system.

When we have a system, we can take an average of the macrostates over time.
That is from the start time to the end time of the system, we select a certain number
of macrostates evenly spaced in time and perform an average. The result is called
the time-average of the system.

Consider again a particular instance of a problem. Imagine now having many
copies of this instance. Each copy is put into a random microstate; many will be
different from each other but some may be the same. We shall have something to
say about the meaning of the word ‘random’ but will delay it a little. To get a mental
picture of this, imagine that the problem consists of a room full of molecules. Now
imagine that you have a great many rooms. All the rooms are identical to each other
in every aspect except that their microstates — the positions and momenta of the
molecules — may be different; as a logical consequence their macrostates may also
be different. Each of these copies now evolves over time and thus we have a set of
systems. This set of systems is called an ensemble. The concept of an ensemble is
very important in the treatment of statistical mechanics and thus in our views on
the relationship between microstates and macrostates. Please note that we are never
going to actually construct an ensemble as this would require too many resources
and thus be a practical impossibility. We are just going to consider the existence of
an ensemble as a thought-experiment.

At any instant in time, we may record the macrostate of each copy in an ensemble
and perform an average over these values. This is called the ensemble-average. We
can take an ensemble-average at any moment in time including the start time and the
end time of the systems in the ensemble. If the value of the ensemble-average does
not change with the time at which the average is taken (with the possible exception
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of some initial time period), the ensemble is called stationary. Physically, this is
usually called equilibrium. Note that if an ensemble is stationary, the many possible
ensemble-averages differing due to their start and end times all take the same value
and thus there is in fact only one ensemble-average value. Stationarity is thus a
crucial concept for us to speak of the ensemble-average as opposed an ensemble-
average.

Having discussed two averaging procedures, the time and ensemble averages, it
is interesting to look at how they differ. In both averages, we list the macrostates of
a large number of microstates and perform an average. If the number of microstates
is sufficiently large, then the averaging process itself should be stable and the re-
sults represent truly underlying differences. In the time case, the microstates are
connected by the evolutionary laws of the process (physics or an optimization algo-
rithm). In the ensemble case, the microstates are connected by their initial selection
and then their evolution according to the same laws. If an ensemble is stationary
and the ensemble-average is equal to the time-average, then the ensemble is called
ergodic.

To be clear, ergodicity is a good thing. We like ergodic ensembles. Situations
where ergodicity is not valid are generally very hairy indeed. The reason for er-
godicity being desirable is that if an ensemble is ergodic, we can replace the time-
average by the ensemble-average in any mathematics that we will want to do. This
is an elemental difference due to the fact that computing a time-average would re-
quire the solution of the time-dependent partial differential equations that govern the
evolutionary laws of the process. We do not like doing this. Respectively, in many
situation we cannot do this. Computing the ensemble-average is relatively easy due
to the fact that the individual copies are randomly assigned a microstate and the evo-
lution in time does not play a role (the ensemble is stationary). To perform such an
average, we merely need to generate a lot of random microstates, take our average
and the deed is done. Computationally speaking, we actually create these many mi-
crostates in the computer. Doing this, including the ensuing taking of the average, is
a simple presentation of a collection of techniques commonly called Monte-Carlo
computation. As before, we delay the definition of the word ‘random.’

In keeping with the language of statistical mechanics, we are going to use the
word energy as a synonym for the objective or cost function of the optimization.
Physics is effectively one big optimization problem as physics postulates that nature
always evolves in order to minimize its energy. Recalling our above definitions,
energy is effectively the number representing the macrostate. As every microstate
has one corresponding macrostate, we can associate an energy with each microstate.

At this point in the discussion, we are going to create our first basic assumption,
namely: The number of possible microstates is finite. Please note that in general
the number of microstates is very very large but we demand that it not be infinite.
This is important because we want to start counting how many microstates belong
to any given macrostate and we want these numbers to be finite so that we can do
arithmetic with them. As the number of microstates is finite, we can label them with
an integer. The order does not matter for this purpose. We will denote the energy of
microstate i by E;.
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The only thing left in the presentation is to be clear about the term ‘random.” We
will make our second basic assumption: The probability of the system being in any
one microstate is equal to that of any other microstate. If there are N microstates
in total, then the probability of the system being in microstate i is P/ = 1/N. It
is now easy to create an ensemble. We simply select microstates from the set of
all microstates each with probability 1/N. Due to this procedure, we will get an
ensemble, we will be able to compute an ensemble average and, if the ensemble is
ergodic, this will be equal to the time average and thus give us something interesting.

The probability of the microstate was thus settled by assumption. But what is the
probability of the associated macrostate? Well it is simply the number of microstates
associated with this macrostate divided by the total number of microstates, P, =
N;/N. While this is an easy formula, it is far from easy to work it out as we, in
general, will be hard pressed to compute »;. Thus, we must find a formulation that
is easier to compute.

To discover this, we first talk about temperature. Going back to the physical case
of the room full of molecules, we note that this room does not actually exist in iso-
lation but rather it is part of the world and exchanges energy with the world. After
some time, so our experience tells us, the temperature in the room will equal the
temperature of the world. In statistical mechanics, the world is therefore referred to
as a heat bath. The concept of temperature enters our discussion here as a crucial
parameter that is supplied by the external forces that act upon our system; see sec-
tion 2.4 for this concept. Also, we will assume that we know what the temperature is
because we can measure it in the heat bath. We will find that the concept of temper-
ature will play a major role in our later optimization efforts. It should be understood
however again that while we are using vocabulary from statistical mechanics, the
concepts are much more general and can be applied to non-physical systems. Tem-
perature, for example, is just a macroscopic parameter of the system supplied by the
external heat bath forces that govern the system evolution.

Now that we know what temperature is, in statistical mechanics, it is possible to
derive what P; is actually equal to. We will not follow the derivation here as we are
concerned only with the interpretation of these results. We have what is called the
Maxwell-Boltzmann distribution,

o~ Ei/kT
P = % 2.1
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where T is the temperature, k a constant known as the Boltzmann constant and
gi 1s the occupation number of the energy E;, i.e. the number of microstates having
energy E;. The denominator of the distribution is referred to as the partition function
and serves several important uses in statistical mechanics to the extent that complete
knowledge of the partition function essentially means complete knowledge about the
system — at least with regard to all the things that physics is usually interested in, i.e.
the macroscopic description of the system. The partition function cannot practically
be evaluated as defined because it is a sum over all microstates and the number of
microstates is very large indeed. Supposing that we could write the partition function
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in a way to be able to directly evaluate it, we could perform ensemble-averages and
thus time-averages.
With the partition function

J

we may find a number of other crucial thermodynamic concepts such as the energy
E, the entropy S or the Helmholtz free energy A,
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where 8 = 1/(kT) and the subscript v indicates that the derivative is to be taken at
constant volume. Thus, our knowledge of thermodynamic properties of a particular
system is limited by our ability to compute its partition function!

Note that if two microstates have the same energy, their contributions to the sum
in the partition function are the same. This is a desirable property as two microstates
of the same energy would belong to the same macrostate and should therefore be,
macroscopically speaking, indistinguishable. Therefore, it is good that their micro-
scopic contributions are the same.

While the Maxwell-Boltzmann distribution works very well for certain systems
in the physical world, it is not necessarily true for all physical systems or indeed for
non-physical systems. An abstract optimization problem can be profitably analyzed
using the language of statistical mechanics but we must remember which conclu-
sions of statistical mechanics are of a generic nature and which apply particularly to
specific elements of physical nature.

2.2 Postulates of the Theory

It is possible to build up statistical mechanics as a formal theory based on axioms.
This fact is important beyond making the theory formally clean because it shows the
fact that the theory is very generic and applies to many situations that have nothing
whatsoever to do with thermodynamics. The postulates are these six [78]:

1. The constituents of the system obey certain laws of motion that themselves do
not change. In the thermodynamic context, these are classical or quantum laws
of physics. In the industrial context it will usually be classical physics only.

2. An observation is a simultaneous and instantaneous measurement of a set of
indicators, which each take the value zero or one only. The instants at which
these observations may be made are discrete and equally spaced.
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3. Observations cause no visible disturbances in the macrostate of the system under
observation!.

4. The successive observational states as given by the indicator values form a
Markov chain.

5. Any microstate may be the initial state.

6. A system with finite energy has finitely many microstates available to it.

All of these postulates are quite clear and simple for a problem that is well de-
fined. The interesting postulate is the fourth concerning the Markov chain. Effec-
tively this means that the system has no memory of its previous states as a Markov
chain is defined by a transition probability matrix in which the probability of the fu-
ture state depends only upon the identity of the current state and not the past states.
A Markov process is thus a probabilitistic (stochastic) process without memory.

It is clear that this assumption is not strictly true about every system in nature
but it is close enough to being true that the theory leads to interesting results about
nature. As we are concerned with optimization in this book, however, we need to ask
ourselves whether the optimization method will respect this and the other postulates.
If it does, then the following theory will apply to the analysis of its results. In general
the methods that are used for optimization do respect the Markov postulate and we
may thus proceed.

Through this postulate, we effectively take the probability of a certain observa-
tional state to be an intrinsic characteristic and we implicitly assume that this is
measurable for example by repeating an experiment several times>. The probabil-
ity of an observational state thus takes on an ontological value similar to that of an
object’s mass in classical physics.

While the microstates obey physical laws and are thus deterministic®, the ob-
servational state, i.e. the macrostate given by the indicators, does not change deter-
ministically. We want a reliable statistical description of its evolution — that is the
purpose of the theory.

Why is that? Note that it is very complex to observe the microstate at all times
and to model it deterministically. It is far more expedient to model the macrostate
because it has few parameters and we are interested in it. Due to the fact that it does
not change deterministically, all we can expect to receive therefore is a statistical
description of the macrostate. In order words, while we can say that a certain mi-
crostate will definitely transit into another specific microstate, we can only say this
with a certain probability in the context of a macrostate.

From these postulates, it is possible to derive all other statements in statistical
mechanics including the famous four laws of thermodynamics, which are the fol-
lowing.

! From quantum theory we know that this fundamentally wrong but we are dealing with systems
far larger than quantum systems and we may thus reasonably assume this. Please do note that
there is a large debate about the role of the observer on a physical system and that this point is an
assumption and not a statement of fact.

2 The concept of probability will be further discussed in chapter 5.

3 We will not concern ourselves with the nature of determinism in quantum mechanics as we are
not dealing with the application of this theory to physical situations.
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0 If systems A and B are each in equilibrium with system C, then A and B are also
in equilibrium with each other.

1 The energy of an isolated system is conserved.

2 The entropy of an isolated system may not decrease.

3 A system cannot be brought to zero absolute temperature.

The concept of energy was already explained. In the following, we will explain
entropy and temperature in more detail.

2.3 Entropy

Having covered some basic concepts, we will turn to one of the most central con-
cepts of statistical mechanics, the entropy of a system.

“The first principle of thermodynamics poses the concept of ‘energy’; the second princi-
ple, the concept ‘entropy.” Feeling that we know what energy is, we demand to know what
entropy is. But now, in point of fact, do we really know what energy is? The classical di-
chotomy is matter vs. energy, and energy may then be defined as whatever produces heat.
But in the early 20th century this dichotomy was undermined by recognition of the inter-
convertibility of mass and energy, and to the question ‘What is energy?’ we can now give
only the unsatisfactory reply ‘It is everything.” Yet however great may be our uncertainty
about the intrinsic nature of energy, the thermodynamic significance of that concept remains
wholly unimpaired. ... Indeed we don’t need to know what energy is, but we do find it satis-
fying and instructive to use the kinetic-molecular theory to interpret internal energy in terms
of the kinetic and potential energies of atoms and molecules. Neither need we know what
entropy is, but we find it satisfying and instructive to use the kinetic-molecular hypothe-
sis to interpret entropy in terms of the ‘randomness’ with which atoms and molecules are
distributed in space and in energy states. A simple illustration of the subtle concept of ran-
domness is found in the ... example of a bullet abruptly stopped by a sheet of armor plate.
The bullet’s gross kinetic energy disappears, and in its place appears thermal energy that
manifests itself in a rise of temperature. Before the impact, all the lead atoms comprising
the bullet traveled together, as a unit, because all had a single directed component of motion
superposed on their uncoordinated thermal motions. After the impact, this directed compo-
nent is randomized: when the bullet’s gross motion vanishes, the constituent atoms acquire
an increased energy of random thermal motion, which is reflected in the temperature rise.
Observe that this molecular picture renders easily intelligible the striking disparity of the
following two cases: (i) a moving bullet, when stopped, becomes hotter; and (ii) a stopped
bullet, when heated, is not thereby set in motion. This otherwise puzzling asymmetry or
unidirectionality grows out of a statistical situation amply familiar in everyday experience.
Consider for example that a new deck of cards, factory-packed in a regular arrangement of
suits and denominations, is soon randomized by shuffling; but we think it highly improb-
able that, by further shuffling, we will soon return the pack to its original highly-ordered
arrangement.” [98]

Consider a closed plastic bottle of water. If you squeeze it, the level of the water
will rise in the bottle. If you let go, the level will sink back down to its former
position. The squeezing is therefore what is called a reversible process. Smashing a
glass onto the floor and seeing it break into pieces is called a non-reversible process.
The difference between them lies in the energy that you have to put into reversing
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the process. Clearly you can mend a broken glass — but only with effort. Restoring
the squeezed bottle to its former state does not require exchange of energy between
the system (bottle) and the external world (your hand).

In the real physical world, no action is truly reversible as there is always fric-
tion. For instance, when squeezing the bottle, you are actually transferring a small
amount of energy to the water which manifests in a rise in temperature. In practical
terms, this does not matter because the temperature increase is small but it is there
nonetheless and so the process is not quite reversible. However, it is clear that the
breaking of the glass is a lot less reversible than the squeezing of the bottle.

Thus, we ask ourselves for a measure of reversibility. This measure will be called
entropy.

Suppose that the letter A labels a particular macrostate and Q(A) denotes the
number of microstates giving rise to that macrostate. Then we define the Boltzmann
entropy to be S(A) = kInQ(A) where k is a universal constant known as the Bolrz-
mann constant the numerical value of which must be determined by experiments.
This definition gives rise to the desirable fact that the entropy is additive. This means
that if we make a larger system C by combining two systems A and B, then we have
S(C) = S(A) + S(B). While this is not a fundamental requirement of the universe,
it is desirable because it makes life easier when computing and also simply makes
sense that a system property would add when systems are added. Please note how-
ever that this is a definition and not the result of any argument!

The same definition leads to the fact that if macrostate A transits to a different
macrostate A’, then there could be a change in the entropy of AS = S(A") —S(A) =
kIn(Q(A")/Q(A)). Note that, by the laws of logarithms, this change in the entropy
can be both negative, zero or positive.

The second law of thermodynamics states that entropy must not decrease. How-
ever, this statement applies to an isolated system and not to a system that has ener-
getic contact with other systems. In the physical world, true isolation is not possible
but we can get very close in carefully constructed circumstances.

Let us consider the meaning of changes in entropy for a moment. If the entropy
increases, this means that the number of microstates for the observed macrostate has
also increased. Macrostates that have a larger number of microstates are more likely
to be observed by the fundamental postulate (and please note that this is a postulate)
that all microstates are equally likely to occur. Thus entropy increasing means that
the system moves to a more likely state. We have a special term for the macrostate
that has the highest probability of being observed, we call it the equilibrium of the
system.

By contrast, if the entropy decreases, the system moves to less likely states. While
this is of course allowed, it is by definition unlikely to happen. In colloquial terms,
the effort that must be expended to get a system into a less likely state must come
from outside the system and will incur an energetic cost in the outside that will
lead to an increase in the entropy there. For example, the glass that broke when we
dropped it can be fixed by effort expended by us on the system thereby increasing
our body’s entropy.
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Practically, if we could plot the entropy over time of a real system, we would thus
see small ups and downs everywhere from natural fluctuations but we should see a
global trend upwards towards equilibrium. If this cannot be seen, then something
happened: An external action was made that influenced the system towards a less
likely state. A state of particularly low likelihood is the ground state of the system.
This is the state of least energy in the physical world or the least cost function
value in the computational world. Generally speaking, the ground state has very
few microstates associated with it and often only a single one. Thus this state is
very unlikely to be observed naturally. Yet, this is the state we wish to find when
doing optimization calculations. In the context of optimization, the algorithm is the
external world influencing the system and thus it is the algorithm that constitutes the
heat bath.

Therefore, when plotting the entropy over time of a search for the ground state,
we should see it decrease. It will generally not do so uniformly but rather have
distinct local peaks and even discontinuities associated with it. These discontinuities
are very distinctive and interesting features of the evolution because they are the
telltale signs of so called phase transitions. In the physical world, a phase transition
is the change from water to vapor or water to ice and vice versa where the phases are
generally solid, liquid, gas and plasma. The ground state will generally be a solid
state but we may have to begin searching for it with a system in the gaseous state and
thus undergo two phase transitions (to liquid and then to solid). To make things more
interesting, there are phase transitions of a more subtle nature, called second-order
phase transitions, which are not visible in the entropy itself but rather in its first
derivative. Formally speaking, a phase transition is a discontinuity in the entropy
over time and a second order phase transition is a discontinuity in the derivative of
entropy with respect to time.

To be clear, if we want to bring a physical system from a gaseous state to a
solid state, we must cross two phase transitions. In cooling the system, we must be
very careful at these points because local freezing may set in that will later make it
impossible to reach the ground state without re-heating the system. Thus, we must
cool very slowly at these points and hence there is a necessity to know where the
phase transitions occur.

It is widely documented that phase transitions are observed in computational
systems as well as natural ones. These are important events that must be negoti-
ated carefully by the optimization algorithm “cooling” the system because systemic
damages can occur during the change of phase. To illustrate this point, consider the
freezing of a glass of water. Typically, the boundary will freeze first and slowly the
freezing process will permeate to the center of the bit of water. If this occurs in the
context of a fragile substance, such as a crystal, the parts that are on the boundary
between the frozen and liquid portions experience a stress that may cause local dam-
ages in the crystal structure. These damages then freeze and so there is not enough
energy anymore to repair the damages by natural fluctuations. This is the so called
freezing in of local structures. Once this has been done, finding the true ground state
is impossible without first heating the system up again and thus allowing the defect
to be repaired. The same effect has been observed many times in combinatorial tasks
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and so we must beware of phase transitions that will block the path to optimality if
they are not negotiated carefully.

So what does negotiating carefully mean? It means two things. First, we must
allow the system to cool (i.e. loose energy to the outside world) as slowly as possible
so that local stresses are small and damages unlikely. Second, we must apply the
cooling as uniformly across the spatial extent of the system as possible so that the
the glass of water might freeze as a unit and not from the outside inwards. While
being very difficult in physical terms, the second can be achieved more easily in a
computational environment.

2.4 Temperature

The concept of temperature is fundamental to statistical mechanics as it is a major
macroscopic state variable and closely related to the concept of equilibrium between
two systems. The definition of equilibrium is*: Two systems in the thermodynamic
context are in equilibrium with each other if and only if they share the same temper-
ature. It makes little sense to speak of the temperature of a system that is far away
from equilibrium as it would then be impractical to determine its temperature. Note
that a physical temperature is measured by a thermometer (one system) being put
into a substance (another system) and these two systems must be allowed to come
to an equilibrium before it is sensible to take a reading of the temperature.

When we speak of something being hot, we mean the subjective impression that
the object is transferring a lot of thermal energy to us and that we are experiencing
a change in our state of being as a result. When you touch a hot stove plate, you
burn your finger — a lot of energy has been transferred causing an increase in your
body’s entropy. This indicates a high temperature. When you touch an ice cube,
some energy is removed from you and lowers your body’s entropy as you move to
a less probably state. This indicates a low temperature.

In terms of nature, temperature is thus a measure of the molecular agitation of
some substance. If the molecules are more agitated, then the temperature is higher.
Generally this also means that the pressure increases and thus the body will expand
if it is allowed to do so leading to the well observed fact that objects get larger as
they get hotter.

The Temperature, denoted by T, is defined by the derivative of the energy with
respect to the entropy, T = dE /dS. Note that temperature is thus a defined concept
in terms of the two basic concepts of statistical mechanics: energy and entropy.

We may ask how much heat (or energy) we must supply to a substance in order to
increase its temperature by one unit. This is called the heat capacity of the substance.
The heat capacity per unit of mass is the specific heat capacity or simply specific

4 This is the definition of equilibrium between two systems. What concerns the equilibrium of a
system, we have already encountered it: Equilibrium is the macrostate corresponding to the most
microstates, i.e. the most likely macrostate.
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heat of that substance. It is an important concept because it effectively translates
between the concepts of energy and temperature.

The specific heat is a characteristic of a particular substance but it is not a con-
stant. In fact, it depends upon temperature, volume and pressure. As the temperature
gets large, the specific heat is approximately constant. The specific heat is particu-
larly interesting as we approach absolute zero temperature or the ground state of the
system. In nature, it follows Debye’s law from quantum theory. Here, we have
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where N is the volume (effectively a value needed for the physical value of ¢, which
we may ignore for the purposes of optimization), k is Boltzmann’s constant (also
a constant that may be ignored for optimization purposes) and 7p is the Debye
temperature. The Debye temperature is a material property. For the purposes of
optimization theory it may be estimated as that temperature where the specific heat
(in the direction of lowering the temperature starting from a high temperature) is
first observed to decrease significantly below an initially approximately constant
value. In figure 2.1, we display the typical evolution of the specific heat according
to the Debye model as compared to the related Einstein model. This is what we
would expect to see in the evolution of an optimization problem and we may use
this to interpret our progress.
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Fig. 2.1 The evolution of specific heat according to the Debye model as compared to the related
Einstein model. We use this model to gauge our optimization progress while measuring the specific
heat of our currently proposed problem solution.
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The reason for studying specific heat in an optimization context is that it allows
us to track our progress towards the ground state of the system to be optimized.

We may define two kinds of specific heat. The specific heat at constant volume
¢y and the specific heat at constant pressure ¢, are defined to be
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where the differential in both cases is made subject to the requirement that either
the volume or the pressure respectively must remain constant.

2.5 Ergodicity

One of the most intriguing concepts in statistical mechanics is that of ergodicity.
It is related, as discussed earlier, to the relationship between time-averages and
ensemble-averages.

In statistical mechanics, we are primarily interested in the equilibrium state for
a particular macrostate. We will thus want to know the value of some interesting
quantity G(), a function of the microstate ¢, in the equilibrium state and denote
its value here by G,4. As the system always tends to the equilibrium state, this value
is equal to the time average of G for a long time, i.e.
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The limit in time poses a practical problem. We cannot measure or compute such a
limit in practice and so must look for an alternative means by which to obtain this
result.

There is a related concept, which takes an average over local phase space (phase
space is the set of all microstates), i.e. over microstates with a similar energy. We
thus get
Jo(g) G(a)da
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where @(E) is that region of phase space, i.e. the set of microstates with energies in

[E — AE,E]. This phase space average is thus an ensemble average. This is some-
thing that we can compute and measure.
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We have restricted ourselves to a neighborhood in energy and energy is always
an invariant of the motion®. If the energy, and functions of the energy, is the only in-
variant of the motion, the phase space is called ergodic. If there are other invariants,
then the above phase space integral must be restricted to neighborhoods of these
other invariants around the value of the current macrostate also.

The ergodicity theorem now states that if phase space is ergodic, then Gy = Gp.

This theorem allows us to replace something that we want to know but cannot
measure or compute with something else that we can measure and compute. Thus
it is very important to know whether phase space is ergodic or not in any particular
case.

Let us analyze the situation by focusing on the concept of a Markov chain, which
governs the evolution of the system according to our set of postulates. Recall that
a Markov chain is a series of microstates where each microstate is arrived at from
its predecessor in such a way that the probability to obtain any given microstate
depends only upon the present microstate and not upon the history of previous mi-
crostates. Such a chain therefore has no memory and is thus particularly easy to
model.

An observational state in our Markov chain is called transient if there is another
state that the system can reach from this one but the system cannot return®. A state
that is not transient is called persistent’. The persistent states can now be grouped
such that two persistent states will belong to the same group if and only if they
can be reached from each other. These groups are called ergodic sets. Essentially
ergodic sets imply that we may more or less freely move between states within the
same ergodic set but are effectively forbidden from going to another ergodic set.

Above, we spoke about the energy being an invariant of the motion and we thus
having to restrict attention on states within an energy neighborhood. This is another
way of saying that we must focus on one ergodic set of states. If we have more than
one ergodic set, we must focus on one of them in order to perform our phase space
integral and have it equal the time average of whatever value we are interested in.

So far, things are clean. However there can be a problem. We have differentiated
transient and persistent states by the property of being able to return to them. As
such the definition is precise. In practice, what also matters is how many transitions
(i.e. how much time) are necessary for an eventual return. Sometimes it is quick to
return and sometimes a return is possible only after a great many transitions. States

3 The phrase “invariant of the motion” means that the value does not change over time. In the case
of energy, this will not change as we have a law stating that energy is conserved.

% An example of a transient state is a hot cup of coffee at room temperature. This will naturally
tend to cool down and so it can reach this cooler state. However, it will not be able to return to its
hot state — unless it is acted upon by an external system such as a microwave oven.

7 An example of a persistent state is that of a cup of coffee at the same temperature as the room in
which it is located. This state may occasionally transit to other states but can and will return to this
state of equilibrium.
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that are persistent in principle but only after a time that is longer than our typical
observational time period are called pseudo-persistent®.

These will cause the splitting of an ergodic set into several subsets that are each
an ergodic set for the realistic time-scale defined by our observational period. The
existence of this effect is known as ergodicity breaking and represents a major com-
putational problem. The problem has several features: (1) It is hard to know what
states are pseudo-persistent in advance, (2) it is hard to diagnose ergodicity breaking
when it happens and (3) the inherently long times necessary for a tour around the
ergodic set increases the time needed for a reliable computation. During the use of
an optimization algorithm, we start somewhere and then move from microstate to
microstate until we believe to have found the optimum. This moving process could
get stuck in one these pseudo-persistent areas and thus practically prevent our al-
gorithm from exploring other areas. If the true optimum is in that other area, we
are unlikely to find it. In the language of optimization, these points are called local
minima (of sufficient depth and width to limit our evolution from going away for
the observational duration).

Particularly for optimization purposes it is troublesome if we spend a very long
time in a restricted section of the ergodic set without exploring the rest of it as it
could be that the optimum we are looking for is in that rest. To have reasonable con-
fidence that we will find the optimum, we must therefore increase the observational
period. However, the effect of ergodicity breaking can occur on several time-scales
and so the period may have to be increased by an impractical amount. Moreover, we
cannot know how much we need to increase it by unless we can detect what is go-
ing on. In short, ergodicity breaking is a major stumbling block to efficient optimum
finding and a response to it needs to be found.

What are appropriate responses? A very general strategy is called restarting in
which we execute the optimization algorithm several times from different randomly
selected starting points in the hope to get into all the pseudo-ergodic sets at least
once. In fact, this is the response of choice in the field for a variety of optimization
algorithms. Uniformly over the entire space of possible solutions, we select N of
them and start a full optimization from these points. To save time, these N opti-
mizations can be run in parallel as they do not interfere at all. We then take the best
answer. It is observed that the answer quality improves approximately logarithmi-
cally. There is thus a law of diminishing returns as we crank up the effort put into
a problem’s solution. It is also observed that, for relatively low N, the gain is of the
order of a few percentage points and so, in general, substantial enough to be worth
the effort. We highly recommend augmenting any optimization algorithm with this
simple method.

8 A pseudo-persistent state is any state that takes so long to change that we are in danger of not
seeing the change in our observational period. An example is the heating of water. If we supply
heat to a large quantity of water, it takes a long time (respectively a lot of heat) to create even a
small rise in temperature. Another example is a lake at high altitude. The water should flow down
to reach a lower energy state but it is limited by the mountain. Eventually erosion will bring the
mountain and thus the lake down but this takes a very long time.






Chapter 3
Project Management

In practice, we find that industrial optimization projects typically involve several
roles of people. These roles may be filled with more than one person each and
these people may belong to different legal organizations. The roles generally are
the following

1.

User Manager: This role actually orders the project to be started, obtains the
budget and finally accepts the deliverables. This role may include persons from
technical management, purchasing and organizational management of the orga-
nization interested in using the project’s results.

User Helper: This role helps the project during its execution but will not di-
rectly use the project’s results when the project is finished. This may include
various experts from production and research in the organization wanting to use
the project’s results.

User: This role is going to actually use the project’s results and may or may not
be involved in the project itself.

Implementation Manager: This role is the management role of the organization
that will perform the project. This involves people from economic and legal de-
partments making sure that the project can actually be completed successfully.
Implementor: This role comprises all people that actually work on the project it-
self. This may be populated by persons from both organizations and so the divid-
ing line between this role and the User Helper seems fuzzy. The division occurs
in that User Helpers participate occasionally when their expertise is needed and
the Implementor is essentially a full-time participant in the project.

Project Leader: This role directs the evolution of the project. This role should be
populated by at least two people, one representing the three user roles and one
representing the two implementation roles.

As we are talking about industrial projects, these roles generally involve a num-

ber of individuals. These have needs and wishes that are difficult to fulfill and even
express. To this end, there are several project management suggestions that we will
discuss here.

P. Bangert (ed.), Optimization for Industrial Problems, 29
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First, we will discuss the actual management philosophy between all the people
in an environment of uncertain needs. Second, we will discuss how the process of
obtaining the required data can be made efficient. Third, we will discuss a method
by which goals may be prioritized and conflicts resolved.

3.1 Waterfall Model vs. Agile Model

For many years, project management was dominated by the so called waterfall
model. This model compared a project to the production of an automobile in which
each action could be done separately from the others in a sequence in which the sec-
ond action could only start once the first had been completed. Basically, we count a
few major steps along the waterfall road:

Requirements definition

Analysis of requirements to see which pieces were not yet available
Design of missing pieces

Implementation of the designed pieces

Assembly of all pieces

Test

Production

Nk w =

In many industrial optimization projects, we have observed what many people
have observed in other contexts, particularly in the IT industry. The shortfalls of the
waterfall model occur mainly in its linear orientation.

In the stage of defining the requirements, the user organization is generally not
able to formulate the requirements in full and in sufficient clarity. A vision and
a wish is present but it is amorphous at this time. If these requirements are truly
established as the basis of a project, then this project will most likely deliver a result
that no one wanted and no one will use. In the worst case, the project will do harm.
At the very least, much money and effort must be spent in repairing the differences
between what has been done and what is needed.

When it is discovered that the project has failed, the cycle is repeated. This will
often yield similar results because again requirements were not precisely and fully
defined. We learn in practice that users’ requirements change (1) in time, (2) in
discussions with others, (3) when seeing some results, (4) based on their mood of
the day and so on. Then again, the user organization includes diverse and many
people often with conflicting wishes even when they can formulate them. Nailing
an organization down on a particular definitive wish list is a practical impossibility
at least before the project has started.

We now derive a project management suggestion of our own. This is an evo-
Iution and combination of three methods that are called agile [118], scrum [114]
and kanban [99]. In brief, the features are of iterative project evolution, much com-
munication and the acceptance of imperfect and impermanent project goals by all
concerned.
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We begin with a definition of the problem that the project is to solve and a vision
of the project’s solution. Note that we are not defining requirements. We are defining
what is wrong and how the world would look like if it were no longer wrong.

Based on this vision, we design an intentionally simple mini-solution that cap-
tures the vision but includes no features of any comfort whatsoever. Discussions of
ergonomics, look-and-feel and so on are totally ignored at this stage. The focus here
is to capture the problem itself and to make the vision tangible.

This is delivered to the user organization and is modified together with the user
organization until this mini-solution actually captures the problem. During this dis-
cussion, we will learn that even the initial definition of the problem was incomplete.
At the end of this, we should have something that truly captures the problem.

Now we can work on capturing the solution. We do this in the same manner as for
the problem. Completely ignore the mechanism of going from problem to solution
at this point — if you do not know how the solution looks like, it is a waste of time to
design the method to obtain it. The user organization will only discover how it wants
its solution to look like after an iterative process of checking out several suggested
variants.

Now we can work on the actual obtaining of the solution from the problem. We
will implement a simple variant of this only at this point. The aim is to arrive at a
prototype system as quickly as possible. It is a mistake to get too fancy at this point,
it will just be modified later. Just get something working.

At this point, we have a prototype. This should now be installed in the industrial
plant and from now on investigated on the live object. We need to demonstrate the
successes and problems of the prototype in its real environment even though we
know it is only a prototype. As a rule of thumb, this event should not occur more
than three months after the start of the entire project. If we take longer than this, the
project has fundamental flaws and might have to be reorganized or the prototype is
not simple enough and must be stripped down.

We will now find that several requirements will enter our definition that were
never before thought about. The interaction with the real plant will yield constraints
that are present but forgotten by all concerned. There may be compatibility issues,
timing issues and so on. The prototype will be modified now until it actually works
stably in the real plant — that is to say that it delivers a solution in such a manner
that this solution can be used and is actually useful.

For the first time do we now ask the questions: Does the solution quality need to
increase or is it already good enough? Does the solution require additional features
to be more “comfortable” or not? Often we find that the prototype is very close to
the final solution and all the fancy buttons initially desired are no longer wanted
because people have seen that the simple system delivers.

We see the basic ideas are (1) to focus on solving the problem without any frills,
(2) to get something working as soon as possible, and (3) to involve the user orga-
nization in all steps.

The very first step is, of course, to educate the user organization about this man-
ner of project management and to explain that this saves a great deal of cost and
time. Only then is there enough motivation to be constantly involved. Many people
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in management would like to order a project, wait and then have it delivered. It is
important to observe that this is almost impossible (without conflict upon delivery)
and will certainly cost more.

So far, we have described the process from the point of view of interaction be-
tween the user and implementor organizations. This is called the agile paradigm'.

We note in passing that these steps and meetings should be carefully documented
and the minutes to all meetings should be signed by responsible people from all
involved organizations. This makes sure that people can “remember” what they have
said in the past and adhere to certain decisions that cannot easily be modified. It also
makes sure that the project remains on track economically.

From the point of view of the implementors we need to manage the constant
process of change. The implementors are viewed as a scrum, that is to say a rugby
team. The terminology is borrowed from the IT industry. It refers to a group of
people working on the project. There is a leader of this team but this team also has a
so called scrum master different from the project manager. The scrum master’s job
is to make the scrum’s work possible. The scrum master is to eliminate obstacles and
as such generally refers to the implementing organization’s management to clear up
economic, legal and other hindrances to the actual team being able to do what it
must.

The scrum meets daily to discuss what has been done the day before, what will
be done on the present day and what the problems are that may prevent or delay
this. The first two points are resolved by the project manager. The last point is to be
resolved by the scrum master. The project manager then assigns tasks to people and
makes sure these are done.

It is a key element to the agile/scrum combination that the work be divided into
small chunks. If we meet a large chunk, we have to investigate ways of splitting
it up into several small chunks. Ideally a chunk has the size of one person’s work
for a period of 2 — 5 days. If the chunk is smaller, then the management overhead
for assigning and checking the steps is too high. If the chunk is larger, then the
individual is in danger of implementing into a cul-de-sac and wasting time.

The scrum approach is heavy on testing. Each element should be tested before
it is considered done. Ideally, tests are made at first by the implementing individual
first and then by someone else again. In a software environment, testing may be
automated by writing a testing program. The chunk time of 2 — 5 days includes the
time to test the chunk’s correct completion.

The chunks currently in progress are displayed publicly in a so called burndown
chart. This is most often a whiteboard or a pin board. Here we may see what is, has
been and will be done on the project.

This is also the point at which the third element, kanban, will enter our method-
ology. Each member in the scrum will have particular qualifications and specialties.
Any task, a so called ticket, will pass through various people’s hands and pass vari-

! Certain features of the agile paradigm as understood in the IT industry such as evenly spaced
meetings with the user organization and so on seem to be too restrictive for industrial projects that
interact with the plant. Here we understand agile to refer to many small steps taken together with
the user focusing purely on the problem’s solution before any luxury features are considered.
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ous virtual stages. Such stages may for instance be: specification, research, design,
implementation, test, verification, packaging (into the project’s whole). These stages
may be done by various people or not. The identity of the stages must be altered to
match the project’s needs.

Every ticket will be tracked across the stages. There will be a limit on the tickets
per stage at any time. A ticket is “pulled” by a person who has complete a task and
who has capacity to take on another ticket. Thus, we can easily see where tickets
accumulate and may react in a timely manner if delays occur. This process is dis-
played on the above mentioned board and is maintained by the scrum itself. The
project manager helps to assign tickets to people and observes problems; the scrum
master resolves over-arching difficulties such as the number of people in the scrum,
the available resources and so on. In this way, we also incorporate the aim of contin-
uously improving the process (kaizen) via the interaction of scrum and management
via the kanban board.

It is advisable that each ticket receive: (1) a priority, (2) an estimation of the
effort required for completion, (3) a dependency note on other tickets, if applicable,
(4) a deadline, (5) team role who is to fulfill the ticket. During execution, the ticket
should receive information as to what has been done to it.

Many presentations of the agile process herald the lack of documentation as a
great benefit. We disagree with this view and note that the agile approach may ac-
tually generate more documentation than the waterfall model. For this, we note that
there are several kinds of documentation. First, we must document the interaction
of the users and implementors. This has legal and economic consequences as well
a project management relevance. The agile framework generates significantly more
documentation in this regard. Second, we must document the internal flow of the
implementation inside the ticketing system so that the system functions. Particu-
larly this includes how larger tasks have been broken into smaller chunks and how
the emerging system is built from its chunks. This is an evolving documentation that
is made larger through the kanban framework. Third, there is a functional documen-
tation intended for the maintainer of the project on the implementors’ side and the
actual user in the users’ organization. This is typically written only after the project
is complete and is such much smaller than in the waterfall framework where it is
written incrementally and then needs to be altered.

The agile/scrum/kanban combination almost always yields a result that solves the
problem and makes all stakeholders happy with the result. It generally uses fewer
economic resources and get the results done faster. The waterfall framework not only
takes longer and costs more resources but it also usually generates bad emotions and
conflict among all concerned.

We advise to use the agile framework and note in closing that this approach
makes it impractical to agree a priori to a definitive deadline and budget. If these
must be adopted, then the approach can still be used but there may come a time at
which tickets must be rejected because they would break these restrictions.
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3.2 Design of Experiments

Optimization projects nearly always involve data experimentally obtained in prac-
tice. Industrial practice does not lend itself to experimentation easily as this involves
a large number of people and substantial cost. In industrial reality, making experi-
ments can be very expensive due to lost production volume or quality if one inten-
tionally puts the plant into a poor state. Thus the number and length of experiments
should be minimal. In many cases, historical data is sufficient and leads to the com-
plete absence of experimentation for the purpose of the project. The theory of design
of experiments exists to minimize the number and size of experiments relative to a
certain expected outcome of the experiments [75].

A good experiment will have the following features from the scientific method
[105]

1. Reproducibility: The experiments are conducted and documented such that they
can be reproduced by someone else at another location, at a different time with a
different apparatus and this replicator will obtain similar results.

2. Comparability: The results are obtained in such a manner that they may be
compared against other datasets collected by others previously or later. For this
reason, measurements must have understandable units and any measurement or
analysis process must be sufficiently documented to allow direct comparison.

3. Replication: A single measurement should be taken several times both to reduce
and to measure the uncertainty with which the measurement process itself acts
upon the data. For instance, we are to measure the length of a book with a ruler
that has one notch every centimeter and no others. Sometimes we will measure
25 and sometimes 26 centimeters if we repeat the process. This is natural because
we have no finer markings. Thus, the measurement uncertainty is +1 centime-
ter. Repeating this often will yield a measurement distribution that can be very
educational.

4. Representativeness: The data collected must be representative of the problem un-
der study. Please note that if a problem occurs with one car out of 100 cars, then
taking 1000 random cars will not produce data representative of the problem; it
will produce data representative of the situation at large. To obtain data repre-
sentative of the problem, you should select 500 random troubled cars and 500
random untroubled cars.

5. Unbiased: The experiment itself must not pre-suppose a certain desired result
or intentionally direct the measurement process towards a certain result. This is
most typical in questionnaires to human responders. If we ask “you do agree,
don’t you?” then this is a leading question in that we predispose the responder to
say yes.

6. Controlled: Any conditions that are not under study must be controlled for the
experiment, i.e. we must strive to keep them constant while the experiment lasts.

However, a good experiment is not a designed experiment. To qualify for a de-
signed experiment, it has to satisfy additional features,
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1. Grouping: The individual measurements to be taken must be divided up into
groups such that all the member of each group are comparable, i.e. they do not
differ in any important way from each other. This leads to the assumption that
the members of each group are statistically distributed in the same way.

2. Orthogonality: When changing one independent variable, this change should not
have any effect upon the other independent variables. This leads to the possibility
that the groups are independent of each other.

3. Factorization: Each independent variable is assigned several “levels” for inves-
tigation. Then each combination of every level of every independent variable is
made into a group and many measurements for each group (presumably the same
number for each group) are taken. For example, if we have three variables and
two levels per variable, then we have 8 different groups.

The two first factors in a designed experiment mean that the groups of measure-
ments are independent and identically distributed. This is an important statement
in statistics. You will usually find it abbreviated as iid in books because it occurs
so often. It means that each measurement is independent of another and that all the
members in any one group are distributed the same (usually normally).

The third factor allows us to determine the influence of several independent vari-
ables upon an effect and upon each other (compare with the assumption of orthog-
onality) using the same number of trials that were necessary to study the effect of a
single variable upon the effect.

The approach of design of experiments is very simple. The actual practice of it is
complex because of having to make sure that all of these features actually hold in the
practical application. We urge you to plan an industrial experiment well and prepare
to test these features on test datasets acquired under normal production situations
before going into the real experiment. Much wailing and gnashing of teeth may be
thus avoided.

3.3 Prioritizing Goals

When facing the task to prioritize a list of objectives, we frequently do so emotion-
ally and assign the highest priority to the objective that we “feel” is most important.
This can lead to a misrepresentation if our opinion is wrong. Moreover, if the list
of objectives includes 7 or more items, then human judgment has been proven to
be suboptimal. The following method is designed to be easy to implement and will
yield a much more objective result [107].

First, list all objectives clearly.

Second, compare every pair of objectives in turn. Note that if you have n objec-
tives, there will be n(n— 1) /2 such pairs. For every pair ask the following questions:
(a) Which objective is more important? (b) Which objective is easier to attain? (c)
Which objective will give the greater yield? We create three columns for each ob-
jective and put a mark into the importance column for the more important of the two
objectives, a mark into the difficulty column for the easier of the two objectives and
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a mark in the yield column for the objective with the greater result. Note that since
each objective is being compared to all others, any specific objective may collect
quite a few marks. Next, we count the marks in all columns for each objective. The
result of this might look like table 3.1.

Third, decide how relevant the importance, difficulty and yield levels are to you.
We do this by assigning a weight to each of these three categories. The weights
must add up to one. For instance, if difficulty and yield are equally relevant and
importance is twice as relevant, then the weights are 0.5 for importance and 0.25
each for difficulty and yield. This decision is a subjective one based on the problem
at hand.

Fourth, multiply each mark-count by its weight. For each objective, add up the
three mark-counts that have been multiplied by their weight. This result is the prior-
ity score. The higher this score, the more relevant the objective to the problem. This
has been applied in table 3.1 in the last column.

Fifth, this analysis not only yields an ordering on the list of objectives but a
numerical measure of relevance. In our example in table 3.1 we discover that there
are two equally relevant objectives (A and C), one objective that is just a little less
relevant (B) and one objective that is much less relevant (D). This numerical score
can be used to delete some objectives that obtain a very small score from further
treatment.

Apart from the more objective nature of this process, it is the numerical score
that is a major advantage over a subjectively sorted list. This approach can thus be
used to shorten and rank a complex (even hierarchical) list of objectives.

Objective Importance Difficulty Yield Score

A 2 1 1.25
B 1 1 1 1.00
C 1 2 1 1.25
D 2 0.5

Table 3.1 The working table for an objective method to prioritize objectives. The leftmost column
lists the objectives. The next three columns include the number of times that this objective was
(a) more important, (b) less difficult or (c) more promising than another objective to which it was
being compared. The last column contains the computed priority score.



Chapter 4
Pre-processing: Cleaning up Data

4.1 Dirty Data

The basis of any empirical research is formed by the raw data taken from the exper-
iment. When we are dealing with laboratory experiments, we expend much effort in
order to create an environment where few external conditions affect the data. In this
way, whatever is seen can usually be assumed to be an effect of the experiment and
not an effect of the environment.

In the industrial context however, the plant is usually built already and we must
deal with whatever we find in place. Even if the plant is still in the design phase,
production is the goal and the measurement process of data is a subsidiary goal.
The environment interacts with the plant in myriad ways, e.g. raw material delivery,
end product shipping or the weather. In addition to these meaningful interactions we
obtain a number of unwanted effects. For example,

1. Sensors may stop sending data because they break.

2. Sensors may give out faulty signals because the sensor is malfunctioning.

3. Sensors may send wrong data because they have been clogged, gotten dirty or
overheated.

4. Sensors may send unexpected data because they have been installed incorrectly
in some manner, for instance in the wrong location (e.g. an air-temperature sensor
placed in direct sunlight will yield data incomparable to normal air-temperature
measurements that are taken in the shade).

5. Various temporal effects may lead to an occasional spike in value registered by
the sensor that is however unphysical.

6. Data may be misinterpreted if it has been stored in the wrong units, e.g. pounds
versus kilograms or Newtons versus kilo Newtons.

7. Various programming effects in the control and/or archive systems of an indus-
trial plant may lead to values being distorted or stored in a way prone to misin-
terpretation.

P. Bangert (ed.), Optimization for Industrial Problems, 37
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8. The entire measurement process from sensor to archive system contains many
sources of noise that make a signal look significantly more variational than it
fundamentally need be.

The raw data must be cleaned before analysis so that we may draw conclusions
that apply to the plant and not to the various sources of errors that will exist in real
life. This chapter discusses some methods used to clean data.

We distinguish several fundamentally different ways to prepare or pre-process
data for subsequent computational methods,

1. Discretization: These methods convert a continuous stream of data into a se-
quence of data points and so select when a new data point is added to the se-
quence.

2. Outlier detection: These methods exclude unwanted data points from further pro-
cessing.

3. Data reduction / Feature Selection: These methods group similar data points into
clusters to reduce the total volume of the data.

4. Smoothing: These methods change the measured data points in order to remove
noise and other atypical components.

5. Sampling: These methods choose the data points presented to the computational
method so as to represent those types of events that are most relevant to the
intended goal of the analysis.

6. Interpolation: These methods supply a value for a variable in between several
measured values.

4.2 Discretization

4.2.1 Time-Series from Instrumentation

Many industrial sensors are analog sensors in that they produce a value in the form
of an electrical signal at the rate of 50 or 60 Hertz. With many sensors, e.g. tem-
peratures, the vast majority of signals are identical and so there is no need to store
all of these values. With other sensors, e.g. vibration, this rate may be sensible for
certain types of analysis. In any case, we cannot usually store data at this rate and
do something useful with it.

The analog data must be digitized and as such we must answer the question of
when we should accept a measurement as sufficiently new to record. There are three
basic methods that are common in the industry.

First, a value is recorded every x seconds. The size of x is chosen manually at
installation time. This has the advantage that data is equally spaced in time, which
is good for many machine learning algorithms. It has the disadvantage that it may
easily disregard important events or create much unnecessary duplication if things
do not change for some time.
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Second, a value is recorded if it differs from the previously recorded value by
either a difference x or by a ratio y. This is the approach taken by most archive
systems that make the interpretation that a value does not change until a new value
is recorded and thus, it is claimed, the system records everything while minimizing
disk space usage. Indeed, this is a good approach if x or y are chosen appropriately.
Sometimes they are chosen without good reason or for storage reasons and not based
on the equipment. The setting of x and y should be a result of the measurement
accuracy of the sensor for the process in which it is installed. Only then, can we say
that we actually record all the dynamics.

Third, we record a new value every x seconds unless the value is outside certain
boundaries in which case, we record a new value at a different (usually faster) rate
for a given time interval. This is often done by control systems to create a kind of
snapshot of atypical conditions. The reason that this is done is often for regulatory
reasons in that the operator must keep detailed records of potentially dangerous
events. Such snapshots do not usually have much scientific value for modelers but
they do offer value to engineers constructing physical solutions.

From the point of view of machine learning, the discretization should record all
important features in the data stream and, if possible, not store too many instances
of the same feature. Based on this loose criterion the second method above is a good
method. This method still stores a great many instances of the “normal” operating
condition of the system and thus duplicates this feature but it only stores it if these
instances are interrupted by some other feature. As we are dealing with time series,
this is very relevant and should thus be kept.

4.2.2 Data not Ordered in Time

In the industry setting, virtually all measurements are time-series in that a sensor
produces a data stream of values that are sensibly ordered and indexed by the time
at which the reading was taken. Data that is fundamentally not ordered in time,
such as addresses or names, do not generally occur in the industrial setting and will
be ignored in this book. Even the retail purchases of a customer to be treated later
in this book are events ordered in time that indicate time-dependent behavior and
interest dynamics.

Supposing we disregard the time order in the above data and simply consider
the data as different measurements taken at the same point. We may now discretize
this data further. The most popular method is called equal-size binning. We select
the maximum and minimum value of the feature over the whole data set and break
this interval into a chosen number of segments. Every observation falls into one of
these segments. We can now count how many observations occurred per segment
and divide this count by the total number of observations. This procedure yields a
probability distribution function (pdf) over the possible feature values. Such a pdf
can yield useful information for the human analyst. For example one may diagnose
the type of distribution function, e.g. a normal distribution, and draw conclusions
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about the noise source on this basis. This pdf can also yield useful information
for an automated system if we continuously compute the pdf and monitor how it
changes over time; see chapter 5 for details.

Often it is hard to tell the difference between different pdf’s based on the em-
pirical distribution computed as above because the distributions differ mainly in the
tails and these are not represented at a high resolution with the method of equally
spaced bins. There are a variety of methods that adaptively change the size of the
bins in such a way as to achieve a very representative picture of the distribution. A
detailed presentation of these would lead beyond the scope of this book and we refer
to the literature for further details [60, 93, 48].

4.3 Outlier Detection

We want to smooth the data incoming by deleting from it extreme values, extreme
changes and so on so that we can delete the “noise” that is introduced by various
factors other than the effect we wish to study. This cleansing is crucial for the noise
would overshadow any analysis or conclusion and possibly lead to errors. In figure
4.1 we present an example with the original data in gray and the denoised data in
black dots over it. You can see that the underlying dynamics is preserved but the
majority of the fluctuations have been removed.

Fig. 4.1 This dataset is a vibration measured on an industrial crane during its operations. The sharp
increase in vibration represents an acceleration. The raw data in gray indicates a significant source
of noise versus the cleaned black curve.

There are various types of outliers that will be treated in the sections below.



4.3 Outlier Detection 41

4.3.1 Unrealistic Data

A reactor temperature in a chemical process of 20 000 degrees Celsius is danger-
ous. Indeed it is unrealistically high. Perhaps this is the result of a floating point to
integer conversion or some other data loss along the way but somehow two extra
zeros got past the system. This kind of value must be extracted as unrealistic. If an
automated system were to accept such a measurement as a true result of a faithful
measurement process, it would lead to an automatic shut-down of the plant and thus
cause significant damage.

Percentages below 0 or above 100 are not necessarily wrong but they are suspi-
cious as this is not the usual intent of percentages. Temperatures below 0 whose unit
is in degrees Kelvin pose a problem. Either the units are wrong or the values are
wrong.

In order to filter out unrealistic data, we introduce a minimum and maximum al-
lowed value for every sensor. Any value outside this range is automatically excluded
from further processing.

4.3.2 Unlikely Data

If we introduce a probability distribution for each time-series as discussed above
in section 4.2.2, then we can assess each value in terms of the number of standard
deviations that it is away from the mean. We may then set limits on this distance
from the mean.

If the distribution is normal, then most values should lie within a few standard
deviations of the mean. Thus, if we draw the line at, say, three standard deviations,
then we should be excluding only a small fraction of all data points. This does
amount to a strict upper and lower limit on the value just like in the previous section.
There is one major difference however: As the mean and standard deviation change
over time, so does the upper and lower limit to reflect that change. This approach
yields an adaptive hard border.

Please note that many probability distributions are not symmetrical about the
mean and thus the limit (expressed in multiples of the standard deviation) must be
specified for both directions away from the mean and will in general have different
values so that we do not over-represent one side of the mean.

We use these methods to remove large spikes from the data that are very unlikely
to happen and generally represent sensor glitches.

4.3.3 Irregular and Abnormal Data

Using a clustering method, we may construct clusters of data points. Most data
points should then belong to a cluster together with many other data points. Each
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cluster represents a particular operational condition. Some data points will lie out-
side any cluster and thus represent solitary operational conditions. These data points
are, by definition, irregular as they do not fit into any of the regularities that are rep-
resented by the clusters. Such points are then excluded from processing.

There are many such clustering methods. We will introduce k-means, the most
popular clustering method in practice, in section 5.3.4.

Using various statistical methods, we can introduce maximum and minimum lim-
its based on more intricate measures than mentioned above. We treat three such
methods in sections 4.5.2, 5.3.5 and 5.3.6. All of these methods transform the actual
measurement into a statistical quantity over a certain time windows, which induces
a new time-series. This is now given a minimum and maximum limit and the data
points associated with the out-of-bounds statistical quantity are excluded.

The methods of this section are relevant if we want to exclude data that comes
from an operational state that represents a working process in a state that is atypical
or considered bad. We restrict our attention therefore only to the really normal and
wanted operational mode.

4.3.4 Missing Data

Values that are missing pose a significant problem to the data analyst. Various of
the previously discussed problems are effectively missing data. For example when
a sensor malfunctions and gives unphysical data, then this is effectively a missing
data point. We also have data that is genuinely missing, for example when sensors
are fully broken and do not output anything.

We must decide whether it is feasible to replace the missing values by some sort
of computed values. Frequently this is possible by interpolation (see section 4.7)
but sometimes we must get more intelligent and actually use a model of the missing
object with respect to the data that we do have in order to plausibly fill the gap. This
method, if it is truly reliable, may in effect amount to a soft sensor and thus this
variable may not be needed at all (see section 4.4).

Most of the time, however, the replacement of the missing data points with sen-
sible data points is something that must be decided upon the merits of the individual
problem at hand. If it concerns a time-series and the gap is short, the solution is
usually interpolation. If the gap is long, then it may not be possible to fill without
a reliable soft sensor. Often times, the pragmatic solution is to exclude these data
points from analysis altogether. However, this may introduce a bias into the analysis
if there is some form of structured cause for the absence of the data.



4.4 Data reduction / Feature Selection 43

4.4 Data reduction / Feature Selection

4.4.1 Similar Data

In a normal industrial setting the vast majority of data points will be very similar.
Indeed, with respect to sensor uncertainties and drifts, the vast majority of data
points will even be identical. Billions of data points may, in fact, represent only
hundreds of truly different conditions. The dynamics of these hundreds of conditions
may be suitably represented using thousands of points. Thus, we could, in principle,
reduce the volume of billions of points to millions of points without actually loosing
any information.

Please note here the difference in meaning of the terms data (which we loose
in this operation), information (which we retain) and knowledge (which we hope to
generate using methods of other chapters).

Such a dramatic reduction in data volume has several advantages. First, many
machine learning methods are so resource intensive that they become practically
unusable over a certain data volume. Second, machine learning takes an amount of
time that is a (not necessarily linear) function of the input data volume and so learn-
ing speeds up. Third, the computational resources (computers, chips, hard drives,
electricity etc.) that must be expended to produce and maintain the model reduce.

A simple method is to introduce a distance measure between data points. Then we
compute the distance between a data point and the others. If the distance between it
and some other point is less than a certain limit value, then this data point is deleted
because it is sufficiently similar to an existing point. For statistical information, we
may introduce a count for each remaining data point that shows how many fellows
were deleted when encountering this point. This count may then be used to give this
point a statistical weight with respect to the method below.

This method is simple but it is expensive as the number of distance function
evaluations is quadratic in the number of data points and if we have billions of
them, this may take a long time in practice'.

In the context of time-series however, this is a tricky issue as deletion of data
results in a loss of information as a repetition of a measurement is not actually a
duplication due to the fact that the second measurement occurs at a different time.
Deletion would thus disturb the flow of information about the evolution of the sys-
tem. We must thus be careful if the data points are not independent of each other.

4.4.2 Irrelevant Data

In addition to data points that are so similar to others that they can be ignored, we
have the possibility that data is irrelevant. Irrelevancy is a property not of a data

! Please note carefully that when we speak of long computation times here we do not mean the
annoying minute that a computer takes to boot but rather computations lasting many days or weeks.
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point but of a variable. If a variable has no influence on the output of the model that
we desire to create, then this variable will not be required for training and is thus
irrelevant. Then we may exclude this variable altogether — from every data point.
This not only reduces the data volume but it reduces the dimensionality of the data
set, which is a very valuable feature.

This may be determined by computing correlation coefficients and excluding
variables with a coefficient lower than a cut-off.

4.4.3 Redundant Data

Variables are redundant if they can easily be inferred from others. A frequent obser-
vation in the industry is that important temperatures are measured with three sepa-
rate sensors. The reason is that if one sensor breaks down, the other two still deliver
good values. Thus, the temperature is assumed to be equal to that measurement that
is delivered by at least two agreeing sensors. For our modeling purpose, it would be
a waste to have three temperature variables as the combined temperature signal will
cover the situation. Having three sensors solves a physical problem (sensor failure)
but is not useful for data analysis and so two variables are redundant.

Some chemical processes laboriously take samples of the substance and have it
analyzed in the laboratory. In most situations, it is possible to model the laboratory
result using process measurements and to introduce what is called a soft sensor. This
is a software that computes the outcome of what would have been a physical mea-
surement. Based on various means such as past data and knowledge, it is possible
to craft a computational method that makes the physical measurement superfluous
and we have the outcome of the computation only. As this proves that this variable
can be derived from the others, it is redundant for modeling purposes. This does not
reduce its value for the human operator who may very well be interested in it but we
do not need it for modeling and thus reduce our dimensionality.

4.4.4 Distinguishing Features

A feature is a macroscopically different and interesting state as opposed to other
features. We might wish to distinguish normal operations from abnormal operations,
good batches from bad batches and the like. Sometimes we have only two features
(good vs. bad) and sometimes quite a few (abnormal for this and that reason). We
are looking to distinguish these states from each other using process variables, so
that we can detect such states automatically, and perhaps even ahead of time.

For the purposes of this section, we will assume that we have two features. Figure
4.2 displays several possible methods that one might use to effect a separation. We
instantly observe that certain methods apply to certain situations. In this case, the
data is the same in all images and we see that (a) and (c) do not effect a perfect sep-
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Fig. 4.2 Some different possibilities to distinguish between two categories: (a) Lines emanating
from the origin, (b) lines parallel to the axis, (c) clustering methods, (d) curves, e.g. neural net-
works, (e) decision trees and (f) an ideal arrangement achieved for example by a coordinate trans-
formation.

aration. The method (b) is clearly simplest, method (e) also quite simple but method
(f) is the most impressive as it requires no more computing once a coordinate trans-
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formation has been found that allows such a perfect separation. In general method
() is the result of human expertise while all others can be automated.

It is the responsibility of the human miner to decide which method to apply in
the particular case. Methods (a) and (b) are quite simple and do not need further
discussion. Method (c), clustering, is described in section 5.3.4. Method (d), neural
network, is described in chapter 6. Method (e), decision trees is described below.
Method (f), coordinate transformation, is effectively an encapsulation of the experts
expertise and so is difficult to treat in generality.

No Ify =5 Yes
A h A
No x5 Yes No Ifx <45 Yes
A 4 h 4 ¥ A 4
[fy >3, then Ify < 2, then Ify =9, then ThenQ
X, otherwise O X, otherwise O X, otherwise O

Fig. 4.3 The actual decision tree for the image in figure 4.2 (e). The rules are easy to follow
and lead to a definite decision regarding the two categories to be distinguished. The values in the
decision rules and the branching can be learned by a machine learning algorithm trained by sample
data.

A decision tree is a relatively simple object. An example is displayed in figure
4.3 and the graphical result of it can be seen in figure 4.2 (e). We begin with the
entire state space and introduce a dividing line that divides the space into two parts.
Whether this initial division is a horizontal line or a vertical line is the decision of
the miner. Subsequently, each part is again divided into two parts by a straight line
and so on. Thus, we divide each part into yet smaller parts. We stop this process if
and only if each part of the last generation has points of only one category in it.

The advantages of this method is that it will always terminate and that it will
always yield a perfect division of the training data. Whether this will also yield a
perfect division of new data (not included in training) is, of course, not certain.

Once constructed, a decision is easy to implement and to display. It is easy for a
person to follow and to understand. In many cases, it may even be constructed by
hand.
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4.5 Smoothing and De-noising

4.5.1 Noise

Noise is any unwanted perturbation in a wanted signal. The classic hissing static in
a poorly tuned radio is an example. It is difficult to hear the radio program because
the noise disturbs it. This can occur in any data recording. In figure 4.4 there is an
example of the noisy signal on top and the pure signal on the bottom. We note that
the noisy signal seems to have no structure but the pure signal does. Thus, in this
example, the noise is so dominant that the signal is almost completely swallowed.

Noise occurs in the industrial context just the same. There are indeed many
sources of noise from microscopic variations in the actual physical medium to be
measured, over electronic transmission all the way to the conversion of a 50 or 60
Hz analog signal to digital data. We may get spikes in the data or see a drift that are
due to measurement effect rather than a true process cause.

For analysis, we must divide signal from noise. A method that can do this is called
de-noising. In pictorial terms, the task is to convert the top part of figure 4.4 into the
bottom part. This should be a conversion of data into different data while actually
retaining the information content. This is not strictly possible, as we do not know
the exact nature of the noise. The noise must therefore be modeled or guessed at in
some algorithmic fashion in order to be able to subtract it. The field of electronic
engineering has many methods to deal with this that are grouped under the heading
filters, see [120] for more details. Such filters analyze the noisy signal and only let
portions of the signal through while removing the remainder. It is beyond the scope
of this book to discuss filtering theory. In general, using filters requires at least some
knowledge about the noise as the filter must be tuned.

A very popular method of de-noising is the moving average. We replace each
point by the average of the last x points. This is used almost exclusively in the stock
market and similar financial analysis. This is by far the simplest method and can
be easily done on a spreadsheet but we must be careful with this. Most naturally
occurring data sources (including the people that make up stock market prices) act
on several scales. There are features that are short-lived (e.g. they go from cause to
effect in a day) and some are long-lived (e.g. they go from cause to effect in weeks).
If you use a moving average, the parameter x defines your analysis scale. You will be
deleting all features with scale less than x and you may easily misrepresent features
with larger scales. Thus, moving average is a suitable method only if there is only
one scale present (and this is rare) and you know what it is (and this is even rarer).

In the next section, we introduce a very general method of denoising that can
be applied to any data and that is quite powerful in absence of knowledge about
the sources and nature of the noise present. If such knowledge exists, we recom-
mend an expertly designed filter. Other ways of denoising include all the methods
of interpolation discussed in section 4.7.
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Fig. 4.4 The noisy signal on top and the pure signal on the bottom.

4.5.2 Singular Spectrum Analysis

The method of singular spectrum analysis (SSA) embeds the data in a higher di-
mensional space with the intent of then searching for a new coordinate system - a
set of orthogonal vectors to form a basis for the larger space. This basis is chosen ac-
cording to a number of mathematical criteria to isolate the principal directions that
are important, i.e. common, for the signal observed in the past. Having performed
this analysis, the method computes the eigenvalues of the new basis matrix. These
eigenvalues are effectively the directional variances of the signal along these newly
created basis vectors.

As the largest eigenvalue typically contributes more than 90% of the signal
strength, it is reasonable to focus only on this value for the purpose of identify-
ing the signal abnormality. The value is therefore the largest directional variance
observed along the principal directions and is associated with a particular direction,
i.e. a particular weighted linear combination of the original time-series.

If the variance is low, this means that the signal (along this direction) is tightly
clustered around a particular numerical value. If the variance is high, then this same
signal varies more widely. A temporary jump from low to high variance thus in-
dicates the presence of outliers, which signal a form of abnormality. A temporary
change from high to low variance indicates that the system found a stable configura-
tion. Whether this stability is good or bad for the system cannot be interpreted here
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and so it will be flagged as a visible change. A more permanent jump from low to
high variance, and vice-versa, indicates a structured qualitative change in the system
state. The directional variance computed forms itself a time-series with a mean and
standard deviation. We can use SSA to de-noise a dataset most simply by excluding
the original data points that, in the SSA analysis, yield an eigenvalue larger than
several standard deviation away from the mean.

Once the signal is broken into its various components, the signal can be re-
constructed leaving out the noisy parts. This is the way that SSA can be used for
smoothing operations. Due to the highly sophisticated analysis that SSA performs,
the method can also be used to other purposes such as time series analysis (e.g.
splitting into seasonal and global trends) or even prediction.

Figure 4.5 displays an example of the variance change for a particular dataset.
We note that the principal variance exceeded the threshold at time-window 22 and
then settled back down again. This event would be flagged as abnormal and thus
removed during pre-processing.

We note in passing that the coordinate system referred to is determined afresh
at each time-window and so changes its identity as well. A more thorough analysis
is possible in which the temporal evolution of the coordinate system is analyzed
alongside the variance along its major component.

Fig. 4.5 Development of the abnormality score (SSA) for a single sensor for a consecutive se-
quence of time windows.

The exact details of the method are too mathematically complex to be described
in detail here. The interested reader is referred to the literature [67].
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4.6 Representation and Sampling

In order to make any useful data analysis possible, the data must be representative
of the problem. Take for instance the problem of detecting scrap parts in a manu-
facturing process. If the process produces approximately one percent scrap, we can
easily construct an algorithm that is right 99 percent of the time: The algorithm al-
ways says that the part is good. This method will, of course, not find any scrap parts
but as these only make up one percent, the method is right 99 percent of the time.
Therefore, the measurement of how many parts the method identifies correctly is
the wrong measurement in this case. Training an algorithm with an overwhelming
number of samples of one kind and very few of another kind is the wrong approach
to take.

We must collect data in which the problem is clearly visible. The problem of
representation is different than that of noise discussed above. Noise is the intrusion
of an unwanted external effect to mess up the data, e.g. the hissing noise muffling a
radio signal. Problems of representation come from within the process and contain
actually meaningful data for the process — just not meaningful for the problem under
investigation.

We solve the problem of representation in two mutually supporting ways. First,
we only record data that is useful for solving the problem. The decision of how ex-
actly to do this must be taken dependent upon the problem and cannot be discussed
in this book. It is however essential that a expert with experience carefully designs a
measurement method for this purpose. Second, the obtained data is carefully vetted
so that the problem (or various different problems) receives the right amount of at-
tention to favor its solution. This is done by sampling, i.e. a method to decide which
data point to present to the learning algorithm at any time.

If we have a lot of training data, the process of training may take a very long
time. If we have very little training data, we may have to present each instance to the
algorithm more than once. In both cases, we need a method that decides which data
points are presented to the algorithm more often than others. This decision process
is called sampling. There are two basic approaches to this: random sampling and
stratified sampling.

In random sampling, we select a data point from the totality of data points in
accordance to a probability distribution. We must decide whether we want to allow
a data point to be selected more than once (sampling with replacement) or to be
selected at most once (sampling without replacement). We must also decide what
the probability distribution is going to be. Generally, one takes the uniform distri-
bution (all options are equally likely) and samples with replacement; this is also the
simplest of all sampling approaches to implement.

We choose random sampling when we have a huge data set and must train on a
subset to save training time. It is assumed in this approach that the data is sufficiently
representative of the problem we wish to solve. If the data is not representative, then
we use the second sampling approach.

In stratified sampling, we select a data point in much the same way except that
the probability distribution is chosen to over-represent rare data points. In industrial
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systems there are usually rare circumstances that are quite essential to be understood
and modeled, e.g. outages or shutdowns. If our data set contains a large proportion of
very similar data that represents normal conditions and a small proportion of diverse
data that represents abnormal (but very interesting) conditions, then we should use
stratified sampling. This would then select the abnormal points with much higher
likelihood than the normal points.

The definition of “normal” and “abnormal” is, of course, essential for stratified
sampling and usually we choose a numerical measure that provides a sliding scale
as opposed to a binary division. The methods of section 4.3 above provide suit-
able measures. We may also cluster the data into various operational conditions and
then select an equal number of points from each condition regardless of how many
distinct points are actually in each cluster.

We choose stratified sampling when we have situations that are important for
modeling that are rare in the data set. This is the general situation in the industry
and so this is the method of choice for this book. A statistical measure supplies an
abnormality index of a data point and this index guides the likelihood with which it
is presented to the training algorithm. Exactly how this scales is a matter of some
care and some balance as to how important this abnormal state is in comparison to
the normal state as we do wish to represent both. This balancing act is best carried
out by an experienced analyst.

4.7 Interpolation

Suppose we have taken several measurements of a dependent variable at regular
intervals of the independent variable. Now we ask for the dependent variable at
some value of the independent variable that lies in between two previously measured
values. As the point in question is within the range explored already, the answer to
this question is known as interpolation. If the point in question were outside the
range explore, then we would refer to it as extrapolation.

Interpolation and Extrapolation are very different. In general interpolation is
much simpler as we can rest our computations upon firm evidence on either side
of the value demanded while in extrapolation anything could happen outside of our
experience.

The general approach is always the same. We choose some function that we
believe has the capability of representing the actual source of the data and adjust the
parameters of this function until it fits the data obtained. Then we use the function
to compute the desired value. In figure 4.6, we see an example. The black circles
are the actual data. Both curves are attempts at fitting a function to the data. Please
note that both curves fit the data perfectly. Yet they differ significantly in terms
of what answers they would give to the interpolation question (at least far away
from the central portion). We do not have any way, based on the data alone, to
distinguish between the two functions, i.e. to call one “better” than the other. We
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may use Occam’s razor here to choose the simpler of the two on grounds that if in
doubt, the simplest explanation should always be chosen, but this is no guarantee.

Fig. 4.6 The black points have been measured and two curves have been attempted for an interpo-
lation. As both curves fit the data perfectly, we cannot choose between them except by adding an
external criterion or knowledge.

Methods of interpolation thus come down to choosing a function believed to be
meaningful for the data. We discuss some popular choices below. We will assume
that we have measured points (x1,y;), (x2,¥2), - (xn,yn) and wish to find a function
that best represents these measurements.

The polynomial looks like this

P(x) = (x—x2)(x—x3) - (x—xn) | (x—x1)(x—x3) - (x—xn)
(a1 —x2)(x1 —x3) -+ (%1 —xw) (2 —x1) (2 —x3) -+ (X2 —
(r—xp)(x—x2) - (x—xy-1)
(xn —x1) (xy —x2) -+ (x§ — xn-1)

Yo+
)

A.1)

according to Lagrange’s classic formula. This presentation fits all the points exactly
and the polynomial will have degree N — 1.
A Fourier series looks like this

fx) = i cne™  where ¢, = % /f(x)e_i"xdx 4.2)

n=—o0

that is generally capable of representing any periodic phenomenon.

Both the polynomial and the Fourier series are functions that are meant to be
applied to the whole data set. The reason is that if we were to apply them to parts of
the data set, then the functions of the different parts would not agree on the boundary
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and we would have a non-continuous function. This is generally not desirable as
nothing physical is really non-continuous.

So if want a piecewise defined function, we must have a method for making
the pieces agree on the boundary. This is the job of splines. Most popular are the
quadratic or cubic splines, which are simply quadratic or cubic polynomials valid
for a part of the data. We select a few points, fit the spline to it subject to the con-
dition that the value on the border agrees with the value of the next spline. Thus we
simultaneously fit a number of polynomials to different parts of the data and thus
produce a continuous piecewise defined function. An example looks like:

—2—2x? 0<x<l,
Sxy=<1—-6t+1> 1<x<2, 4.3)
—141—-2t> 2<x<3.

For most applications in practical industrial computing, the cubic spline is the
interpolation function of choice. If domain knowledge is available and the function
that the effect should have is known, then we can use the theoretical function, of
course. Generally this is not known however and we must work with a pragmatic
choice. The cubic spline is a pragmatic choice because it is quite robust and practical
to evaluate apart from its desirable properties such as continuity.

4.8 Case Study: Self-Benchmarking in Maintenance of a
Chemical Plant

Co-Authors: Claus Borgbohmer, Sasol Solvents Germany GmbH
Markus Ahorner, algorithmica technologies GmbH

We propose that popular benchmarking studies can be augmented or replaced by
a method we call self-benchmarking. This compares the present state of an indus-
trial plant to a state in the past of the same plant. In this way, the two states are
known to be comparable and it is possible to correctly interpret any changes that
have taken place. The approach is based on data-mining and thus can be run regu-
larly in an automated fashion. This makes it much faster, cheaper and meaningful
than regular benchmarking. We demonstrate on the example of maintenance in the
chemical industry that this approach can yield very useful and practical results for
the plant.

4.8.1 Benchmarking

Several companies offer benchmarking studies to industrial facility managers. These
studies provide each facility with a questionnaire to be answered by the facility and
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then the benchmarking company produces a report based on the comparison of these
questionnaires with similar facilities. Each facility can recognize its own position in
the statistics as well as the values for the best-in-class and some other quartiles.
Thus, the facility can see how it compares to similar facilities worldwide. Because
this is done in many categories, one can deduce specific improvement areas for
each specific facility and thus benchmarking is said to help each participant of these
studies to improve.

While the idea of these studies is, as described above, quite sound, these studies
suffer from several endemic faults. First, no participant knows the identity of the
other participants and thus the definition of “similar” facility is entirely in the hands
of the organizer. Second, as almost no facilities are truly comparable, differences in
any one detailed category may be due to causes that are outside of the control of any
operator and maintenance organization, e.g. engineering differences in the initial
building phase of the facility. Indeed, the benchmarking study only allows conclu-
sions about the nature of differences but not the causes (and thus remedies) for such
differences. Third, many questions are not as precisely defined as they would need
to be for true comparison. For example the question for the current financial value
of the facility could be answered by (a) the known historical building cost, (b) the
estimated current re-building cost, (c) the known current book value of the facility,
(d) the estimated market value of the facility, and several more possibilities. Clearly,
these numbers are quite different and thus lead to different conclusions in the study.

In conclusion, such studies produce results that may indeed lead to favorable
changes but they cannot be taken at face value and indeed lack many of the truly
interesting facts.

4.8.2 Self-Benchmarking

As an alternative or addition to traditional benchmarking studies, we suggest a
method that we shall refer to as self-benchmarking, which simply refers to com-
paring one’s own facility to itself at previous historical times and to itself at the
current time in order to find developments and differences. We will demonstrate
below how this leads to useful results.

It is apparent right away that this solves all four of the above problems of bench-
marking studies: First, we know exactly who is taking part, i.e. all players in our
own facility. Second, we are aware how comparable our own facility parts are to
each other or how our facility compares to itself at an earlier time. Third, as the
numbers are centrally collected by one party in the facility there will be no uncer-
tainty as to the meaning and comparability of the numbers.

We note in passing that such a survey is also much faster and cheaper than partic-
ipating in an external benchmarking study. If the data is set up appropriately within
the ERP system of the facility, the study can be largely automated and repeated at
monthly intervals to yield a running account of improvements and deficiencies. This
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is in contrast to external benchmark studies that consume much time and are done
at much longer intervals in time.

We will illustrate the concept of self-benchmarking by using the maintenance
department of the two sites in Moers and Herne of a chemical production company
in Germany. Here, the process includes the following phases:

1. Extraction of all maintenance requests (German: Meldung), work orders (Ger-
man: Auftrag) and the maintenance reports that allow the cost to be divided into
human resource costs and material cost and further into internal and external
costs.

2. Raw processing of this information so that requests, work orders and reports
can be matched. It is useful to have a unique identification number in the ERP
system for this purpose. Here the data is cleaned and prepared for further analysis
by filling empty entries, deleting exceptional entries and performing a myriad of
standard data cleaning and standardization procedures [107].

3. Aggregating the information along the following dimensions: by plant within
the facility (one plant makes one product), by priority of the maintenance mea-
sure, by service types (e.g. repair, inspection, engineering), by request type (e.g.
maintenance, shutdown), by planning groups, by divisions, by duration of the
maintenance measures, by cost category (e.g. external material cost, internal hu-
man resources). In each dimension, we might tabulate the number of measures,
the total cost and the average cost.

4. Step 3 can be done for equally sized historical periods so that a time trend is
obtained and the facility can be compared to itself at an earlier time.

5. These aggregated data are then interpreted and combined into a report. The in-
terpretation yields natural conclusions and suggestions for improvement, e.g. the
relationship between reactive and preventative maintenance. If the raw data is
clean enough and the categories are sufficiently detailed, then useful improve-
ments can be directly read off this analysis.

This last conditional, of course, also provides suggestions for improving the data
quality by introducing further categories or improving the data entry into the ERP
system. In fact, we have often found that many users see an ERP system like a one-
way street into which data disappears. From this point of view, it is not worthwhile to
make a special effort to keep the data clean. With such approaches like we describe
here, the ERP data becomes a two-way street by making such studies possible. This
influences the ERP data entry and thus provides an improvement to the general data
management of the facility.

We provide an example of this in figure 4.7. The vertical axis measures the rela-
tive number of work orders for each of the top three priority levels. The solid gray
line is priority 3, the dashed line priority 2 and the dotted line priority 1. The hori-
zontal axis denotes the different plants in the facility. The plants have been sorted in
decreasing order of priority 3 work order weight. We easily see an inverse relation-
ship between the priorities 2 and 3. We also see a tendency of priority 1 increasing
as priority 3 decreases. We may definitely see a few plants whose priority 1 weight
is far too high compared to the other two priority levels, given the general level. The
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Fig. 4.7 We see the relative number of work orders of any one priority class relative to all work
orders of a certain plant. Priority 1 is the dotted line, priority 2 is the dashed line and priority 3 is
the gray solid line. The plants have been sorted in decreasing order of the priority 3 work orders.

average weight of priority 1 is 13% but there are plants with weight 50%. The higher
the weight of priority 1, the less planning is being done and these work orders will
cost more. Using this comparison, we can easily see which plants can be improved
by comparing the facility to itself.

4.8.3 Results and Conclusions

Over the course of a year, the maintenance of a site implements many measures that
yield a large enough pool of data to allow statistical conclusions to be representa-
tive and sensible. We must be careful to exclude outliers from such conclusions as
they skew statistics into the meaningless. What an outlier is must finally be decided
manually but can be pre-processed automatically. A very costly measure is a natural
candidate for an outlier but it may not be if this measure is indeed regular.

After the data is cleaned such, we may compare averages by type with the av-
erage overall. In this way, we may discover that a particular equipment of the site
is particularly cheap or expensive to maintain. A look into the measures will reveal
what went on to yield this effect. Usually there are also particular types of measures
that have caused unreasonably large costs. Thus, we can identify the so called “bad
actors.”
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Often bad actors are those that failed often or those that necessitate particularly
expensive measures. However, the bad actor really is that equipment that causes
unexpectedly high total costs. If the costs are expected, it is not a bad actor but a
normal actor. The costs can be accumulated over many faults or a few large ones. In
total, this is something that must be extracted by an analysis.

While dividing the measures by priority, we note that the classification of a mea-
sure as first priority (to be done as soon as possible) or second priority (to start within
three working days) is a significant element in predicting the cost of the measure.
The same measure will be 43% more expensive if it is in first priority than in second
priority. The reason for this is that the lower priority allows for planning and this
reduces the amount of working time and sometimes also material used. We note at
this point that it is possible to predict when machines fail a few days in advance, so
that one could immediately transfer many current priority-one jobs into priority-two
jobs and leverage this cost difference, see chapter 6.

From the analysis over types of jobs, one can see mainly the difference between
preventative and reactive maintenance. The theory goes that more prevention will
cause less reaction to be necessary. Clearly there is an optimum relationship be-
tween these two both from reliability and expense point of views. Taking historical
data and making a sliding comparison in that history yields various observed rela-
tionships and will let the analyst conclude the true optimum point. This differs from
plant to plant and thus can hardly be discovered in a benchmark study with different
plants.

Something of interest to all facility managers is the question of whether the work
is done by internal or external staff and whether material is provided by the stock
or ordered in for the job. That is again a point in favor for self-benchmarking. It
depends on such features as what the facility generally needs done as well as what
the external but geographically local area has to offer in terms of service providers.
We again recommend the self benchmark. Here we can see the evolution over time
and find the optimum. If enough work exists, then it is cheaper to do this work with
internal staff and if the failure will lead to relatively high production losses, then it is
cheaper to have the parts on stock. Also, it makes sense to get external companies in
for the larger tasks and to do the smaller ones internally; this also keeps know-how
within the company. It is, in general, very helpful to draw a clear boundary between
what is large and small but this can only be done relative to the individual plant.

A principal discovery is that the data to maintenance requests, jobs and reports is
often incomplete in that entries may be missing altogether or fields in an entry are
empty. Other such items are not correctly reported work reports. This is often not
discovered in most enterprises because most of the data is not analyzed for internal
consistency. Once a self-benchmarking study is undertaken, the data is put into re-
lation to itself and all inconsistencies become apparent. This helps an enterprise by
directly improving its data management.

Throughout the data, there will also be anomalies. These are very unusual for
some statistical reason. For example, they took far too long, cost far too much effort
or material and so on. This outlier detection that is intrinsic to data-mining is very
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helpful to find the items that were either truly unusual (and should therefore be
treated specially) or that were incorrectly input into the database.

Unifying different tables in database frequently also brings up inconsistencies.
This could be that the measures as such lead to a different total cost as the summary
of material and personnel. This should not be but if the data is kept in different
unconsolidated tables, then this may arise. It is then vital which numbers will be
taken as the final ones. Such effects raise the question whether the database is correct
enough for at least one of the points of view to be correct.

Self-benchmarking is a method that compares the present state of a production
plant to a past state of the same plant and draws similar conclusions to a normal
benchmark study. It concerns itself mainly with the costs and tries to identify po-
tentials for cost savings in the future. We have examined this on the example of
maintenance costs in several chemical plants.

We come to several main conclusions: (1) Self-benchmarking is significantly
faster and cheaper than normal benchmarking, (2) self-benchmarking yields useful
results that allow the plant to reduce costs in the future and find the areas of potential,
(3) data management is crucial as a basis for the study and will be improved through
the first such study, (4) several useful insights into the operation of the business are
possible that will allow relevant changes to be made for the better, (5) this type of
study can be automated and be displayed regularly so that the plant is always aware
how it is doing.

4.9 Case Study: Financial Data Analysis for Contract Planning

Co-Authors: Hans Dreischmeier, Vestolit GmbH & Co. KG
Kurt Miiller, Vestolit GmbH & Co. KG
Markus Ahorner, algorithmica technologies GmbH

In the maintenance department of a large chemical facility with several plants,
we are faced with the problem of budget planning for the future. In this particular
case, we are analyzing the last ten years. The first five were spent by doing the
maintenance in house and the next five were spent with the maintenance outsourced
to a service provider. This service provider has a fixed-fee contract so that a single
yearly price pays for all necessary maintenance efforts required to have the plant
running at a certain availability (or better). We therefore have all relevant data, both
technical and economic, only for the first five years. For the second five years, we
have only the technical data.

The management team of both the plant and the service provider feel now that
this fixed price was too low and must be re-negotiated. There are three possible
scenarios for the future: (1) in-source the maintenance again, (2) make another fixed-
fee contract with some other value of the fee and (3) continue outsourcing but agree
on a catalog of individual services and prices and thus remove the obligation of a
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minimum availability from the service provider. The question is, which alternative
is better (and why)?

We note in passing that “better” is not the same as “cheaper” for the problem
has more facets than money alone. The problem of employee (and thus knowledge)
rotation, the dichotomy of risk and reward, the tension between saving on mainte-
nance by quickly degrading the equipment, the security and financial planability in
a fixed cost environment versus the potential saving in a variable cost environment
and so on add interesting features. We must essentially consider that each of these
risk factors has an associated price and consider the best solution in this complex of
possibilities.

The inherent issue is that all the important events, technical and risk factors, will
only happen with a certain probability. We cannot be certain of anything and so our
approach is necessarily probabilistic.

We will view the problem from three angles: plants, equipment categories and
employees. The whole budget as a single ticket per year is divided into each of sev-
eral plants, into each of several equipment categories and each of several employee
categories.

The purpose of doing this is that we can anticipate, from our technical records
of failures, a certain failure frequency in each plant and each equipment category.
We know, for reasons of technical skill and education, which employee category is
needed for a particular failure and we have trade union tariffs for these categories.

The essential underpinning of this approach is the simple observation that the
price of a single maintenance measure forms a tightly clustered normal distribution
if we specify these three categories. We have been able to determine this fact from
the first five years of experience in which we have all data. This means that we must
merely know the number of future failures in order to compute a budget. We then
use our technical records of all ten years to project the number of failures in each
category into the future.

Please note that we must calculate a future value for the number of failures in
any given tuple of (plant, equipment, employee) given only ten past values, one per
year. The dearth of data restricts the mathematical sophistication with which we
may treat the problem. Depending on the configuration, we will use linear or simple
polynomial regression to make this projection; see section 5.3.1 for details.

Naturally the future is not the same as the past. Equipment gets older and thus
fails more frequently, equipment is exchanged and thus fails less frequently, em-
ployees are trained further and become better or change categories, plants are in
higher demand one year and less the next. Such factors must be taken into account
in our future projections of the number of failures.

The fact that the normal distribution of price has a standard deviation provides us
with a natural measure of the uncertainties involved in our approach. We may thus
compute the future costs and the uncertainties in this estimate.

What do we end up with? We end up with a diced cube. The three dimensions are
plant, equipment and employees. The dicing in each dimension is the categorization.
Each dice in the cube now contains two numbers: The expected number of failures
to be treated and the expected cost of this with their respective uncertainties. The
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fact that we have 20 plants, 128 equipment categories and 4 employee categories
means that we have a total of 10240 boxes to fill.

In order to make this mass of numbers a little more transparent, we may plot
slices through this cube as a contour plot. See figure 4.8 for one example of this.
The horizontal axis enumerates the equipments and the vertical axis the plants. This
is thus a slice for a particular employee category. The tetrahedra on the plot indi-
cate the cost structure. The more pronounced the shape, the higher the cost. With
some knowledge of the underlying plant, this plot can be interpreted more readily
than a long list of numbers and structures can be observed. As this requires specific
knowledge of the plant in question, we cannot discuss these conclusions here. We
do note however that such graphical treatment is useful in most cases to get a handle
on many numbers.

Fig. 4.8 A contour plot of the expected cost structure for one particular employee category. The
cost is displayed by the tetrahedra coming out of the plane of the page, the horizontal axis is the
equipment categorization and the vertical axis is the plant categorization.

This done, we first check this for plausibility in that we compute the expected
cost of maintenance in the second five years. We do not have the breakdown because
the activities are outsourced but we do know the total cost as this is reported back
from the service provider. It so happens that we are right. We have thus confirmed a
known global number but we have done so by aggregation of a great many details.
This verifies that the approach is sound.

In this case, an interesting deviation was found. It was determined that the cost
of maintenance should have been higher in the last year than it actually was. If we
believe our model (and we should because it got the previous four years right), then
we would have to assume that some maintenance measures were either not done or
done less seriously. In the knowledge that the fixed-fee is lower than the actual cost,
we must attribute this to an effort of saving money from maintenance. This however
is paid for by an increasingly fast aging of the equipment. The bill of maintenance
is thus only transferred from now into the future — at an unknown but high technical
interest rate.
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Thus we may project the computation into the future and we obtain a number
and an uncertainty.

This result is now the expected true cost of providing maintenance to the plant
such that it is kept up in fair condition. We are thus not degrading the plant in order
to save maintenance money in the short term, neither are we over maintaining. If
we were to in-source the effort, this number would be the price tag. But we need to
keep in mind that this price tag comes with an uncertainty as the future may bring a
different failure profile than the average one assumed.

Should we wish to continue outsourcing we need to negotiate between the prob-
lems of underpaying (and then living with equipment maintained at the limit) and
overpaying (and then loosing money). The fixed-fee must be higher than the above
computed price to take into account the risk taken by the service provider in promis-
ing a service of unknown magnitude and in order to take into account the benefit
obtained by being able to plan a specific cost. As we have computed an uncertainty
figure alongside the price, it would be reasonable to set the fixed-fee price at the
computed cost plus the full uncertainty.

If we are to outsource in the form of an itemized list, then we can also provide
this list: It is the very cost projection per category of plant, equipment and employee
that we have used above. Plus a certain margin, of course, for factors such as orga-
nization, management and liability.

After thorough analysis of the pros and cons of this approach, we emerge with
a solid projection of actual cost in various dimensions and categories that provides
a good basis for planning in so far as planning is possible given that the future is
always uncertain. The risk factors involved are significant however.

With any outsourcing partner, there is a cost of communication and a risk of
this partner doing what may not be in the interest of the plant owner. Some of these
actions may be difficult to trace and may only show effects much later in time. These
costs are significant but difficult to estimate in value. Also the benefit of being able
to plan a definitive budget is an uncertain benefit that is difficult to price. All in all,
the outsourcing partner makes a change to the price tag that is hard to compute and
thus it makes a change mainly to the uncertainty parameter. Thus, outsourcing is
itself a risk; at least in this constellation of factors.

We conclude in recommending insourcing in this scheme. It has the lowest esti-
mated cost and the lowest estimated risks. The owner is in control and can do to the
plant as the corporate philosophy thinks is wise. The lowering of the cost and risk is
however “paid for” by accepting a maintenance budget dictated by failure events as
opposed to a contract.

These conclusions may be drawn simply by carefully considering the data at
hand, cleaning the data by putting it into sensible categories and checking the re-
sults for plausibility. The central piece of the approach was the observation that this
categorization made the individual variables independent and distributed normally.
We advise the reader, in similar tasks, to seek for a division of the problem into
smaller chunks each of which is governed by factors that are mutually independent
and intrinsically simple. In this case, we may then use this simple model to gain
information about each factor and then re-assemble the factors into a bigger pic-
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ture that has more complex features. However the complex features are not modeled
explicitly but the emerge through aggregating many simple pieces. Thus we have
generated information from data and then knowledge from information. Finally, we
have created understanding from knowledge and solved our problem. This is the
approach of divide and conquer.

4.10 Case Study: Measuring Human Influence

An insurance company sells its policies via a large network of non-exclusive agents
and relies on word-of-mouth recommendations both by these agents, who also rep-
resent other companies, and by existing customers. We want to investigate how will-
ing the agents are to recommend this particular insurance company as opposed to
some other.

To this end, a representative sample among all agents was selected. To be repre-
sentative, the collection of all agents must be first stratified into important categories
relevant for the study, for instance region and rate of activity and so on. Only then
will a random selection (within the strata) yield a representative sample. Each of
these selected persons were now asked about their general satisfaction and willing-
ness to recommend the insurer.

From similar studies, it is “known” that if agents are satisfied, then they are will-
ing to recommend. Furthermore, this relationship is linear. Thus, satisfaction and
recommendation are essentially the same variable, at least in this context. It is in-
structive to re-examine such statements in view of data taken in the context of a
novel study. Indeed we find that this was not the case in this particular study. Satis-
faction and recommendation were not as dependent as we would like to believe; the
linear correlation was only between 0.6 and 0.7 depending on the grouping of the
answers.

We now ask how to define the whole group of answers into a single score. First,
we have asked the agents to score their own willingness to recommend between 0
and 10 where 0 is not at all and 10 is always. We will now declare the people who
scored 9 or 10 as promoters, 7 and 8 as passives and from 6 downwards as detractors.
Then we define the number of promoters minus the number of detractors as our net
promoter score (NPS).

This single number now captures how much recommendation potential the com-
pany has in the market. It includes those who recommend actively and those who
advise against the company. It is sensible to work on raising this score. There is one
drawback in this however: The NPS reduces the entire study into a single number.
As such this number means nothing. We must have comparable numbers in order
to derive meaning from this. This comparison can come from competitors or, much
more significantly, from repeating this study at regular intervals and comparing our-
selves to ourselves at an earlier point.

A further drawback is that it will be difficult to discover the relationship between
the NPS and any methods designed to increase it. The reason is simply that it is so
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difficult and time-consuming to measure the NPS just once. We cannot realistically
introduce a good design of experiment and try out several scenarios in order to study
the influence unless we are prepared to either wait a long time or do the various trials
in the design of experiment simultaneously in different geographical regions.

We note that the definition of the NPS makes two elementary errors. First, it as-
sumes that people can adequately express their feelings on a scale from 0 to 10.
Psychological research shows that this is wrong. Human beings cannot grade them-
selves so finely. It is recommended to choose a scale from 1 to 5 at most; the best
grading is into three groups: high, medium, low. That is approximately the express-
ibility of the average human being.

The second error is that we are grouping the 11 possible responses into three
groups one of which includes 7 possible responses. This is not really fair to our-
selves. There is considerable diversity in the detractor group and we artificially in-
crease the number of its members by making its range of definition so large. We
cannot nicely compare the people contained in the detractor and the promoter group.
This is another reason to have people respond in less groups such as high, medium
and low.

We find, also counterintuitively, that the satisfaction and recommendation scores
do not correlate much with the business success of the relevant agents. This means
that unsatisfied agents who do not recommend, are actually responsible for a signif-
icant chunk of the business. We do not have a good explanation for this effect at this
time but this is not important as far as this book is concerned.

This case is to illustrate a few points in the basic design of data acquisition and
the initial data screening. First, the data must be gathered in a way that makes a later
analysis possible and sensible. Do not ask for too much or too many details. You
may be overtaxing the person asked or may have to ask many more people in order
to get significant answers. Second, define your concepts in a way that makes them
comparable to other concepts. It is tempting to condense things down to a score but
then this score must be interpretable in some way; generally we need comparisons
for such an interpretation. Third, question any assumption or clear knowledge in
your field. Even simple relationships may not hold in your case either for an intrinsic
reason or, fatally, because of an error in the data acquisition process.

4.11 Case Study: Early Warning System for Importance of
Production Alarms

Co-Authors: Manfred Meise, Hella Fahrzeugkomponenten GmbH
Bernd Herzog, Hella Fahrzeugkomponenten GmbH

A production plant makes automotive parts on a production line involving many
stations. Each station performs one step in the production process. At various stages
along the line, we have checking equipment that perform a variety of functional tests
on each part. When a part is found to be defective, it is flagged as such and no longer
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treated on the stations further down the line. If a part makes it to the end of the line,
it is, by definition, a good part because it has passed all testing stations.

If a part is not ok, we know the first reason encountered for it be so. Clearly
no process is perfect and so we must expect some scrap parts to be produced. Of
course, we would like this to be a minimum and so we would like to be able to
respond quickly if something changes and we are producing more not ok parts than
normal. As the data comes in from production, we would like to know therefore if
the likelihood of producing not ok parts due to any one reason has increased recently
or not.

To determine this, we first collect all messages identifying a part as not ok over
a longer history and then divide this list into groups by the not ok code, the reason
for which the part was identified as scrap. Within each code group, we order the
messages by time and compute the time difference between these messages. This
is a list of numbers and we can compute the probability distribution (histogram
normalized to an integral equal to one) over these values. We are going to compute
such a histogram over two time periods. Each time period starts from the current
moment and goes back in time. One time period is longer than the other. The exact
length of each depends on the application.

Please see figure 4.9 for an example of these two distributions. We see the long-
term distribution plotted as the solid line and the short-term distribution plotted as
the dotted line. If the behavior of the not ok producing mechanism had been the
same over the recent history as over the long-term history, those two distributions
should be the same. However, we see a marked difference. Thus, we must conclude
that the behavior has changed. In particular we can see that the probability of errors
being separated by between 20 and 30 minutes has increased substantially in recent
times.

Fig. 4.9 The probability distribution measured over the long-term (solid line) compared to the
same distribution over the short-term (dotted) reveals a difference. This difference is the bump
between 20 and 30 on the horizontal axis. The horizontal axis measures the time difference between
alarms in minutes. This image is for one particular type of alarm. In total, we have several hundred
such plots for all types of alarms.
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In order to automate this diagnosis, we need to be able to measure the difference
between two distributions numerically. This is just what the chi-squared test is for,
see section 5.2.2.3. This test gives us a measure, via the chi-squared statistic itself
or via its associated significance probability, of how different these distributions are.
We can then introduce a cut-off for this measure. If the distributions differ by less
than this cut-off, we will consider them sufficiently similar. If they differ by more,
we will signal this difference and conclude that something in the behavior of the
system, with respect to this particular function test, has changed. In this case, that
conclusion is provided to the operators of the production line.

Maintenance

Warning

Good
Result

Fig. 4.10 The scrap rate due to the particular damage mechanism under study on the vertical axis
is shown in dependence upon time (measured in days) on the horizontal axis. We see a rise in
damaged parts up to day 7 if we ignore the production stop on days 5 and 6. Due to an early
warning on day 2, a maintenance measure was implemented on day 7 that resulted in a drop of
damaged parts on the following days. After this, the plant returned to normal levels, as e.g. on day
1.

In this way, we may filter the many alarms generated and provide the operators
with useful feedback as to when these alarms are indeed alarming and when they
are simple routine background noise.

The sensibility in doing this achieves several ends. First, it reduces the workload
of the quality control team as it lets them focus on the issues that arose from changes.
Second, it highlights possible problems with the production earlier in the process,
as it would otherwise have taken a very pronounced change for the human team to
have picked it up.

To demonstrate the effectiveness of this approach, we present one particular case
in which the analysis was helpful. One particular damage mechanism is usually
responsible for approximately 0.3% of scrap, e.g. day 1 in figure 4.10. That is to
say if we produce 1000 parts, then 3 of these will be scrap due to this mechanism
and we may or may not have further scrap parts due to other mechanisms. The
plant was producing parts and the system was monitoring the scrap production of
all mechanisms. On a certain day, day 2 in the figure, the system released a first
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warning that something was unusual with this damage mechanism. The scrap rate
of this mechanism increased on the following two days. Nothing was produced on
days 5 and 6 and so the scrap production was also not present. But on day 7, the
scrap production due to this mechanism was already twice a strong as usual. The
message from day 1 allowed a planned maintenance activity to take place on day
7. On days 8 and 9, the plant generated many fewer scrap parts and on day 10, the
production settled back into its normal mode.

We observe from this example, that the statistical analysis of alarms from pro-
duction extracts useful facts that are early warning signals of an impending problem
and that provide actionable information. Actions can therefore be planned and im-
plemented much earlier than if we had waited until the problem had become so
severe for production personnel to notice it without analysis. In total, the analysis
thereby prevents the production of scrap and increases the effective output of the
plant.

This project was conducted as part of the quality committee in the society Auto-
motive Nordwest e.V. in Germany.



Chapter 5
Data Mining: Knowledge from Data

“It is fascinating to realize that, originally, the roots of statistical analysis and data mining
lie in the gaming halls of Europe. In some ways, data mining follows this heritage more
closely than statistical analysis. Instead of an experimenter devising some hypothesis and
testing it against evidence, data mining turns the operation around. Within the parameters of
the data exploration process, data mining approaches a collection of data and asks, ”What
are all the hypotheses that this data supports?” There is a large conceptual difference here.
Many of the hypotheses produced by data mining will not be very meaningful, and some
will be almost totally disconnected from any use or value. Most, however, will be more or
less useful. This means that with data mining, the inquirer has a fairly comprehensive set
of ideas, connections, influences, and so on. The job then is to make sense of, and find use
for, them. Statistical analysis required the inquirer first to devise the ideas, connections, and
influences to test.”

Dorian Pyle [107]

5.1 Concepts of Statistics and Measurement

5.1.1 Population, Sample and Estimation

Underlying all data is a reality from which that data is obtained by a process of
measurement. This process will be discussed in the next section. Let us focus, for
the moment, on the concept of the underlying reality.

As statistics historically found its first applications in the description of large
numbers of people, the underlying reality is called the population. The word pop-
ulation may refer to a population of persons in a country or a chemical process in
some particular plant. It denotes the physical reality (i.e. all theoretically possible
measurements) that we wish to describe using statistical methods.

The population as such is generally too large and complex to observe as it is:
There are too many persons in a country in order to ask all of them their opinion
about something and there are far too many molecular interactions in a chemical

P. Bangert (ed.), Optimization for Industrial Problems, 67
DOI 10.1007/978-3-642-24974-7 5, © Springer-Verlag Berlin Heidelberg 2012



68 5 Data Mining: Knowledge from Data

process to measure them all. Thus, we have to arrange ourselves with obtaining data
about a subset of the elements in the population, a so-called sample.

The hope that the practically obtained description of the sample will be con-
gruent with the theoretically existing description of the population is referred to as
estimation. We illustrate this concept with an example. First, we believe that some
physical system has a certain inherent property — let us look at the average tempera-
ture of some chemical process. Second, create a formula that calculates this property
from a sample, this is called the estimator of the property. In this case, the formula
would prescribe the summation of all temperatures measured and the subsequent
division by the number of summed terms, i.e. the average. Third, we would actually
apply this formula to a specific sample and arrive at the estimate of the property. In
this case, we would arrive at a number that we would call the estimate of the average
temperature.

The relationship between the actual temperature and the estimate via the average
of measurements is a highly complex one. It depends, for instance, on the manner
in which the sample was obtained and the size of the sample. It is beyond the scope
of this book to go into this in detail. What is important to realize at this point is
that a property of a system that is computed on the basis of data does not neces-
sarily fully represent that system. The part of statistics that studies this process of
obtaining a sample is called sampling, for more details see [53]. If we have a sample
whose estimate comes close enough to the actual population property for our prac-
tical purpose, then this sample is called representative. It is very desirable to have a
representative sample.

It is a major topic in statistics to answer the twin questions: How can we change
the observation process in order to make the representation better? How good is the
representation in a particular example? The first of these is hinted at in this book
by giving these introductory remarks. The second is treated in cookbook fashion in
section 5.2.

5.1.2 Measurement Error and Uncertainty

Whenever a measurement is taken, this measurement is uncertain and perhaps also
erroneous. We will discuss these two concepts in order to make clear that a measure-
ment is not fully representative of whatever one is trying to measure. In the context
of gaining data from human beings, this seems fairly clear. Some persons change
their mind, do not answer truthfully, forget things, make mistakes and so on. Thus,
we must check such data for plausibility, at least, before using it for deeper analysis.

Technical data, such as a temperature measurement, also suffers from similar
afflictions. Let us first discuss the uncertainty.

There are several sources of uncertainty in the context of making physical mea-
surements. First, the sensor itself has a certain tolerance band and is not capable of
measuring more accurately than some fixed amount. This is the easiest to determine
as the manufacturer will label the sensor with its tolerance.
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Second, the sensor will be exposed to changes in its performance based on
changes in environmental conditions. An example is temperature drift where the
sensor becomes more inaccurate as its own temperature rises. This already shows
that uncertainty is a not a constant for a particular experiment but may, in fact, de-
pend on the measurement result itself.

Third, the environment will influence what the sensor measures. If the sensor is
dirty, clogged or covered with substance, then it will no longer measure what we
desire it to measure. As we cannot know this, it becomes an uncertainty.

Fourth, the position of the sensor will reveal a number of potential sources of
uncertainty as well. If the temperature sensor on a vessel in a chemical plant is
outside, the temperature it measures will depend upon the weather (sunshine vs. rain
and so on) much more strongly than the temperature in the vessel itself as the sensor
has much less thermal inertia. Thus we would observe a variability in temperature
that is unphysical. It must therefore be interpreted as an uncertainty.

These effects add up to produce a total uncertainty of a measurement. If we mea-
sure that something has a temperature of 95°C and this has an uncertainty of 2°C,
then we display this as 95 4+ 2°C. This means that the actual physical process has
a temperature that is in the range [93,97]°C and that it is not possible to be more
precise than this.

Please note that this uncertainty has an important decision making effect: If we
subsequently measure the temperature to be 96°C, has the temperature changed?
Ordinarily we would say that the temperature has increased by 1°C but as both mea-
surements are uncertain by 2°C, their ranges overlap and are thus consistent with the
interpretation that the temperature of the process has not changed and that the source
of this change in value is the uncertainty of the measurement. There are statistical
tests to make this more precise (however only in the context of many measurements
and not having only two) but this interpretational difficulty is an essential problem
of measurement and will have significant practical results depending on how it is
resolved!

In addition to the uncertainty, a measurement may also be in error. When a sensor
breaks but still outputs a value, this value is no longer the result of a valid measure-
ment process and thus in error. There are several sources of error.

First, any number of local effects in the process near the sensor can cause a brief
spike in the measurement value of the sensor. This spike can, but does not have to
be, associated with the process itself. The question whether a so-called outlier is
a valid measurement or not is a very difficult question and can only be answered
approximately by statistical methods. One popular method is to apply clustering
methods and interpret those points that do not lie in large clusters to be outliers.

Second, a particular value may deviate from its historical pattern. A system is
observed by a variety of sensors. As they measure properties of one process, they
are all related in mutual ways. These relationships can be quantified by correlations
including time-lag correlations. Should a single sensor radically deviate from this
established network of relationships, we may interpret it to be in error as any physi-
cal change in the process should have affected several sensors via their relationships.
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Third, the concept of systematic error is the most complex source of errors be-
cause it is not always clear that this is actually an error. A systematic error is present
when that which is being measured is constantly different by the same amount from
that which we want to measure. If we, for example, want to measure the average
temperature of a chemical in a vat and place the temperature sensor on the wall of
the vat, we are likely to measure a temperature that is permanently lower than the
true average temperature. Whether this is an error (i.e. something undesirable that
should be fixed) is a matter of interpretation and depends on what this value is used
for. If the value is used for process stability — that is, the value itself does not matter
but only the changes in the value over time — then we have nothing to worry about.
However, if the value is needed for another purpose in which the value itself plays
an important role, e.g. safety, then this may require an engineering change.

As soon as a measurement is taken, we need to ask whether this measurement
is to be accepted at all and if we do accept it, we need to associate an uncertainty
with it. Uncertainties in a measurement x are denoted by a A placed in front of the
variable, i.e. Ax.

Suppose we have a function y = f(x;,x2,- - ,x,) and the independent variables
x; have uncertainties Ax; associated with them, then we may infer an implied uncer-
tainty of the dependent variable y by the total differential,

u X152, %) ) 2
(Ay)22<af( 1732);, : )> (Ax;)*.

i=1

Note carefully that various uncertainties never cancel out but always add. Also,
uncertainties are weighted by the change that the independent variable causes in
the dependent variable.

The fact that uncertain measurements imply an uncertainty in any subsequent
computation is the major reason why these uncertainties are so important. If the
measurements are made poorly, then simulation and computation may be futile ef-
forts because the results may have such high uncertainties that they amount to no
result at all.

5.1.3 Influence of the Observer

It is often the case that the very act of observation and measurement influences the
system in some essential way. The placement of sensors may require certain sections
of a plant to be engineered different in order to leave room for a sensor. Particularly
in closed loop systems — systems in which the measurement is immediately used
by an automated system to make proactive changes — the influence of measurement
upon the system is clear.

This is not a problem but it is a feature that we must be aware of: The observed
system is not the same as the unobserved system and so we must ideally take the
nature of observation into account when designing a plant.
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There are two features of this effect that requires careful thought: Non-locality
and feed-back.

The fact that information gathered in one place of a process will have an effect in
a far away location or at a distant time is called non-locality. If the control system,
or the closed loop controllers, are built locally, then this may be a problem. A pro-
cess in the process industry is generally spread out over macroscopic distances and
may require significant timescales to come to equilibrium. It is a problem if a local
controller is unaware of the effects that the local action at the current time will have
in a different location or at a later time. This must be kept in mind when designing
a system.

Many processes do not linearly feed material through from raw material delivery
to end product dispatch but rather have some cycles of treatment, such as a chemical
that may get several passes through a reactor. Due to this, a controller will affect its
own operations at a later time via the element of feed-back. This is similar to a
microphone and a speaker. As long as they are sufficiently far apart, there is no
problem. When the microphone gets too close to the speaker, the random noise
elements are amplified by a feed-back loop and result in the familiar loud squeak.

When designing a plant, we must be aware that the various elements do consti-
tute a system that interacts with itself both over time and space. It is thus sensible
to construct a single plant-wide simulation model that can thus take care of these
systematic effects. Any local treatment cannot take care of these effects. The igno-
rance of local systems about global effects is both an inefficiency and a liability. The
inefficiency leads to the process outputting a suboptimal yield and the liability leads
to a higher accident potential than necessary.

5.1.4 Meaning of Probability and Statistics

The topics of probability and statistics in the context of the real world are much
misunderstood and give rise to significant errors resulting from insufficiently careful
interpretation. This section will attempt to make clear what barriers exist.

The concept of probability is itself not definitely certain. There are two common
definitions of it that significantly influence its interpretation. The first is the fre-
quency interpretation that defines a probability as the proportion of experiments that
yield one result versus all possible results. The second is the Bayesian interpretation
that defines probability as the degree of belief in something given the evidence.

The difference is elementary because the frequency interpretation must conduct
trials many times and compute a ratio. In theoretical deliberations, these experiments
are only thought experiments and results may be computed. In real life, we do not
know systems well enough to compute anything and we must actually carry out
trials for real. In this case, we must ask to what extent boundary conditions were held
constant while other elements were varied and the analysis becomes difficult. On the
other hand, measuring a degree of belief in a sensible, numerical and reproducible
manner is not easy.
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For the purposes of this book, we will use the frequency interpretation of prob-
ability. We urge the reader to take the caveats above seriously when considering
to combine experimental data with theoretical knowledge in the realm of probabil-
ity. Many errors derive from incorrect interpretations at the beginning or end of a
computation.

Probabilities have a distribution. This is something crucial to understand for their
interpretation. A probability distribution is a function f(x) of some state variable x
that returns the probability p that an experiment will measure the state to be in the
range x to x + dx where dx is an infinitesimal known from calculus. In order to be a
proper probability distribution, the integral over all x must, of course, be one.

Some things are distributed uniformly: All values of x have the same probability.
This is true for the faces of a coin or die — at least we expect that this is true. Many
things in nature are, however, not distributed uniformly but otherwise. The normal
distribution (the classic bell curve) is found often. The heights of persons or the
1Q of persons are distributed normally. It is important to know the distribution of
a probability in order to be able to interpret a probability correctly. Note also that
(given realistic measurement accuracies) a probability always refers to the real value
lying in a range of values as opposed to being a specific actual value.

Think for instance of a process that makes 90% of its products of type A and the
other 10% of its products of type B. We now make a method that can determine the
produced type with a 75% accuracy. Is this useful? Many people might say yes. It
is, after all, better than 50% of pure guessing. But this is an interpretational flaw.
The variable is not uniformly distributed! Type A has 90% coverage. A method that
always identifies any part as being of type A will have an accuracy of 90%. Thus a
method with an accuracy of 75% is poor. Any intelligent useful method must pro-
duce an accuracy higher than 90% for us to even consider it. Thus, the distribution
of a probability is highly significant with respect to interpreting the results of any
computation. This is particularly relevant in cases where the distribution is not im-
mediately known or obvious.

The subject of statistics is similarly difficult to interpret. Mostly, the difficulties
center around probabilities in various contexts. The most important in the indus-
trial context is the concept of significance. This is because it is used in the common
method of six-sigma analysis that is now being used in many corporations. In addi-
tion to probability, significance faces many interpretational issues.

A statement is significant when it is unlikely to have happened by chance or ran-
domly. This definition already has two sources of confusion. The term ‘unlikely’
refers to a probability that is given as the significance level. If, for instance, some-
thing is significant at the 99% level, this means that the probability of correctly
accepting the statement is more than 99%. We may make two errors in accepting
statements: A rype I error is a false positive or the act of rejecting a true statement
whereas a type Il error is a true negative or the act of accepting a false statement. The
significance of a statement has a probability distribution of its own. This depends
upon the statistical test used to test for it, see section 5.2. Thus, the 99% probability
stated above is subject to a distribution that we did not specify.
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The second term in the definition of ‘significant’ that causes confusion is ‘by
chance or randomly.” The reason is that chance events or random events also happen
subject to a well-defined probability distribution. Especially in physical events of
nature, these distribution may be known from the laws of physics. Do not assume
that randomly means uniformly random (all events being equally likely). In nature,
there are almost always preferred events and suppressed events. The distribution
may be complex.

Note furthermore that the significance does not make any statement about how
important, valuable or meaningful the statement is, nor that the statement points to
or comes from any physical cause-effect relationship. We indeed find that there is (in
a certain dataset) a significant correlation between the presence of storks and new
born babies. Even though this is so, this is a significant but spurious correlation as
it is not based on a cause-effect relationship. Also, it is not valuable or meaningful
as we cannot draw any useful conclusions from it. This is a simple example but in
industrial practice, the meaningfulness will have to be suitably questioned before
action items are devised.

5.2 Statistical Testing

5.2.1 Testing Concepts

Statistical tests are methods to answer generic questions about a dataset or the re-
lationship between two datasets. They always take the form of yes/no questions
and are answered by computing a number that characterizes the dataset under in-
vestigation — called the fest statistic — and comparing this to another number that
characterizes the certainty with which we need to know the answer to the question —
called the critical value. We then compare these two numbers and thus answer our
question.

A yes/no question can, obviously, have two answers. One answer is called the null
hypothesis and the other answer is called the alternative hypothesis. Depending on
the result of computing both the test statistic and the critical value, we accept either
one of the two hypotheses. Statistical theory desires to be particularly careful in its
wording and so it speaks of not rejecting the null hypothesis instead of accepting the
alternative hypothesis. We would like to be clear and practical here and thus desire
to give direct answers.

We will not be going into the theory of statistical tests but rather present a prac-
tical method of applying them.

The test statistic is computed by some specific formula that depends upon the
test and is computed from the data. In section 5.2.2, we will present several such
formulas. This part of the test usually presents no problems. Note that the test statis-
tic will appear twice in what follows. Once it will appear as the numerical value
calculated from data. A second time, it will appear as a concept of the population.
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In fact, we want to compare the data’s value to the expected distribution of values
for the population.

The critical value is slightly more tricky. The concept starts with realizing that the
test statistic X itself is a random variable that therefore has a particular cumulative
probability distribution function P(X < x) giving the probability that the test statistic
X, as a population concept, is less than the numerical value x for the current dataset.
Supposing that P(X < x) = 0.95, then we know that there is a probability of 95%
that the test statistic is below the measured value x and a 5% probability that it is
not.

There are two points of view on how to proceed. They are equivalent but we shall
discuss each separately.

First, we may begin with the value of x as provided by the test statistic evaluation
on the present dataset and thus use the distribution function to compute the proba-
bility that the test statistic is below x. This value, P(X < x), is then the probability
with which we can accept the null hypothesis. We may now make the interpreta-
tional decision of whether we will act on the null or alternative hypotheses based on
this number.

Second, we may begin with the probability p and invert the distribution func-
tion to compute the value of the test statistic that will achieve this probability,
¥ = P~!(p). Now we may compare the computed x’ from the distribution func-
tion to the computed x from the empirical dataset. We accept the null hypothesis
when x < x’. Here, we have done the interpretation once and for all in advance and
specified it in the form of deciding on some value for p.

Both methods are essentially the same but they involve different steps. In general,
it is very difficult to invert a distribution function, so that the second method is
normally not employed except when one has pre-computed tables of the results.
These tables were widely used in the pre-computer days of statistics. In modern
times, the computer has taken over the analysis and now it is significantly easier to
apply the first method.

The inverse probability 1 — p of the probability p in the second method is called
the significance level. It denotes the largest probability with which we are prepared
to mistakenly reject the null hypothesis. In other words, p is the lowest probability
with which we are prepared to mistakenly reject the alternative hypothesis. Gener-
ally, p is set to 95%, 99% or 99.9% where the last is termed virtually certain. If p is
set to such a high value, we can be sure that the answer of the test gives us an answer
which we can use with confidence (in the community of most scientists). The value
of p such that you feel confident is, of course, dependent upon the application and
your personal disposition.

In the first method, we would take the computed probability and compare it to
the significance level. If P(X < x) > p we accept the null hypothesis and otherwise
accept the alternative hypothesis. In the following treatment, we will be assuming
this method. By using any standard statistical software, you will be able to follow
this method.

In summary, this is the method:

1. Compute the test statistic and call the value x,
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2. Compute the probability P(X < x),

Choose a significance level 1 — p, and

4. If P(X < x) > p, accept the null hypothesis and otherwise accept the alternative
hypothesis.

»

In the next section, we will state a few specific tests. For each, we will give the
formulas for computing the test statistic, the distribution function and the identity
of the null and alternative hypotheses. This makes the above method definite apart
from choosing p, which must be done in dependence upon the practical problem at
hand.

5.2.2 Specific Tests

Please note that statistical theory has constructed a great many tests for various
purposes. There are sometimes even several tests for a particular purpose. This book
does not mean to give an exhaustive treatment. We will give a test for those questions
that we consider relevant for basic data analysis in the process industry.

5.2.2.1 Do two datasets have the same mean?

For the two datasets A and B, that are thought to have the same variance, we compute
the 7-statistic,
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where the number of degrees of freedom v = N4 +Ng —2, B(-- - ) is the beta function
and N4 and Np are the number of observations in either dataset.
If the two datasets do not have the same variance, the z-statistic is
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while the distribution function remains unchanged.
The null hypothesis is that the means are the same and the alternative hypothesis
is that the means are different.

5.2.2.2 Do two datasets have the same variance?

For the two datasets A and B, that are thought to have the same mean, we compute
the F -statistic,
2
o
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where 67 > o7. The distribution function is
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with /(- --) the incomplete beta function.

The null hypothesis is that they have equal variances and the alternative hypoth-

esis is that the variances are different.

5.2.2.3 Are two datasets differently distributed?

There are different approaches depending on the nature of the two distributions. We
have to answer whether we are comparing an empirical distribution to a theoretically
expected distribution or to another empirical distribution. We also have to answer
whether the empirical data is in the form of binned data or available as a continu-
ously valued distribution. Note that while binning involves a loss of information and
arbitrary choice of bins, it is necessary if the dataset is in itself not a distribution and
will thus convert the dataset into a probability distribution. If possible, one should
not bin datasets. From these two questions, we arrive at four possibilities.

In all cases the null hypothesis is that the two sets are equally distributed and
the alternative hypothesis is that they are differently distributed. Note that this test
makes no statements as to how they are distributed but merely as to same or differ-
ent.

One binned empirical distribution against a theory: The empirical distribution has
n; observations in bin i where we expect to find m; observations and so we create
the chi-squared statistic

2 Z (ni - mi)z

x:
m;

with distribution
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where a is twice the number of degrees of freedom. The degrees of freedom are
the number of bins used minus the number of constraint equations imposed on the
theory, e.g. that the sum of expected bin counts over the theory equals that over the
empirical data, Y m; = Y n;.

Two binned empirical distributions: When the first distribution has n; observa-
tions in bin i and the second has m; observations, the chi-squared statistic is

e y (\/M/Nn; — \/N/Mm;)?

7 n; +m;

where N =Y n; and M = Y m;. The distribution function is the same as above.

One continuous empirical distribution against a theory: The empirical distribu-
tion n(x) is compared to a theory m(x) by computing the very simple Kolmogorov-
Smirnov statistic

D= max |n(x)—m(x
_max_|n(x) —m(x)

that is distributed according to

P(X <D)=1-2Y (—1)/ e 2P",
j=1

Two continuous empirical distributions: Two empirical distributions n(x) and
m(x) are compared to each other. The formulas are identical to the Kolmogorov-
Smirnov test above.

5.2.2.4 Are there outliers and, if so, where?

Outliers are all those measurements that do not belong into the genuine dataset. They
can arise from many different mechanisms. In industrial reality, these are mostly due
to faulty instrumentation, errors in the measurement chain from sensor to database
or manual setup errors along this chain. As such, outliers are a big problem. Their
presence can destroy or at least falsify conclusions. They must be identified and
removed.

Some tests for outliers require us to specify the number of outliers present, which
is of course not practical. We desire the test to tell us how many outliers there are
and which data-points are outliers. The most successful test for outliers is the Rosner
1983 test [109, 110]. We compute the so called extreme studentized deviate

(Si—1) —X(Si-1)|
S(S,;l)

for all i < k where k is the maximum number of outliers in the dataset, S;_| is the
entire dataset with those i — 1 points removed that successively are those separated

ESD, = e
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by the largest difference from the mean of the remaining dataset!, Xext(Si—1) is the
point furthest away from the mean over S;_;, X(S;_;) is the mean over S;_; and
s(S;—1) is the standard deviation over S;_j.

The computation of the critical levels A; for each ESD; would go beyond the
level of this book and we refer to Rosner’s original papers [109, 110]. Supposing
that ESD; < A; for all i, then we must conclude that there are no outliers. If some
ESD; > A; for a particular i, then we look for the largest such i, i.e.

| = max{i|ESD; > A;}

and declare the [ points Xex (S0), Xext (S1), - Xexr(S;—1) as outliers.

5.2.2.5 How well does this model fit the data?

Suppose we have experimental data (x;,y;) for many i. We then suppose that the
function f() represents the relationship between x; and y; to within our desired ac-
curacy in the manner that y; = f(x;). Note that it is unrealistic to expect that the
equality be precise, i.e. y; = f(x;). The reason is simply that experimental data is
always subject to measurement errors and, generally, no model considers all effects.

Generally, a model f() has parameters aj,az, - - - ,a,, that must be determined in
some manner. The fitting problem consists of finding the values of these parameters
such that the model fits the data optimally, i.e. that ¥;(f(x;) — y;)? is a minimum
over all possible sets of parameters. This approach is called the least squares fitting
approach; as one attempts to find the least sum over squared terms. One typically
finds this method illustrated in books in the context of fitting a straight line, f(x) =
mx + b with m and b being the parameters, but the approach is quite general. See
section 5.3.1 for this.

The approach of least squares only prescribes the utility function (the above sum
over squares) and not the method for finding the parameters. Finding these is a
different issue and we must generally use a full optimization algorithm to do it.

Even though one will usually see least squares fitting in the context of straight
lines, please note that straight lines are rare in real life situations. We almost always
encounter non-linear situations and so f() must be a non-linear function. The meth-
ods to find the parameters must then take account of this. The optimization methods
discussed in chapter 7 can handle all such situations.

Clearly, we can use the sum Y, (f(x;) —y;)? as a score to rank different parameter
assignments and choose the best one; that is the least squares method. However,
when we have chosen the best one and have finished the least squares method, we are
left with the questions: Is the f() really representative of the data? Could a different

! We start with the entire dataset, compute its mean and select the point that is furthest from the
mean on either side. We remove this point to get dataset S;. We recompute the mean and select the
point that is now furthest from the mean and proceed like this. If we are only interested in removing
outliers from one end of the distribution, we must only search for points on the interesting end.
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f() have represented the data better? Is this least squares sum “good enough” for
our practical purpose?

The least squares approach makes no statements to this effect as it considers a
single f() that is given to it by the human operator of the method. It is we who must
choose the f() and here lies the magic of modeling. If you have chosen the modeling
Sunction f() well, the modeling and optimizing are merely laborious steps that will
lead you to your goal; if you have chosen f() poorly, those steps will be a waste of
time.

Thus, it is elemental to verify that the model fits the data. For this purpose, we
will use the chi-squared test.

First, we compute the chi-squared statistic

2

2 v i = f(x)
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The probability distribution is the same as the one from section 5.2.2.3,
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where a is twice the number of degrees of freedom. The hypothesis that the model
does indeed correctly represent the data collected is to be accepted if this proba-
bility is larger than your chosen significance level (usually 0.95 or 0.99), otherwise
the model is a poor one at this significance level. Note that this method makes no
statements about how to fix the problem if your model is poor. You must choose
another one by yourself and try again!

5.3 Other Statistical Measures

5.3.1 Regression

The process of fitting a model to data described loosely above in section 5.2.2.5
is often called regression. The term regression with its generally unflattering con-
notations derives from the first academic use of the method: To describe the phe-
nomenon that the descendants of tall ancestors tend to get shorter and approach the
mean height of the population over the generations. This term is very commonly
used for the general problem of fitting a model to data. Often the word is used in
the context of straight lines. If it is used in a wider context, the literature generally
speaks of non-linear regression, which then refers to the general fitting problem.
Here, we will briefly discuss a few special cases. We will present only the result,
i.e. the formulas by which to compute the parameter values. If you are interested
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in how there were arrived at, there are many books that will describe this in detail,
e.g. [62]. Recall that, with fitting, we are concerned with determining the values of
the parameters from empirical data given a known model. The process of deciding
on the model is generally a human decision with all of its subjective alchemical
features leaving it impossible to treat in a mathematical book.

We will suppose that your data includes N observations in the form (x;, y;) where
we will suppose that the y; are dependent upon the x; in some way that we wish to
model. Both the x; and the y; may be vectors and need not be single values. The
model takes the general form y = f(x). It is our hope that y; & f(x;) with a “good”
accuracy. Presumably, we have decided what accuracy we require for our practical
purpose.

We will also assume that the y; are empirically measured quantities that have a
known measurement error o; inherent in them, so that each measurement is actually
y; £ 0;. Should you wish to ignore this feature, please set o; = 1 for all i in the
formulas below.

Should you choose a straight line, f(x) = mx+ b, you will need to determine two
parameters from the data: The slope m and the y-intercept b. This is how:

2
N 1 N xi2 N X;
o (Ba) (£5) - (£3)

N2 N Vi N xX; N)Ciyl-

) KZGZ> (Zcz> - <Zo2> (Z Giz) /A (5.2)
S 1 inyi N Xi N Vi

" KZGZ> <ZG2> B (Zo> (Zcz> /A (5.3)

Please note that many formulas that do not appear to be linear at first sight, actu-
ally are after the variable has been transformed, e.g.

y=e“+b—>y=dz+bwithd =e*andz=¢" (5.4)
y=(ax)*+b — y=dz+bwithd =a‘ and z = x° (5.5
y=ab* =y =d +bxwithy =Iny,d’ =lnaand b’ =Inb. (5.6)

Suppose that this model is not sufficient and you would like to make things more
interesting. General linear least squares focuses on models that are linear (in the
parameters) but may take non-linear basis functions. An example is the polynomial,

y=a+ax+azx® +asx + - apx!

but generally any function linear in the parameters is fine. The most general form is

M
y=Y aiX(x)
i=1
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where the X;(x) are functions of x only and have no unspecified parameters.
To obtain the unknown parameter values a;, we go through the following steps,

X. .
Ajj = ’c(:cl) , the design matrix (5.7)
b; = %, the result vector (5.8)
i
a; = a;, the solution vector (5.9
A=AT.A (5.10)
B=A"-b (5.11)
a=21"1.p. (5.12)

Please note that the matrix A should have more rows than columns as we should
have more data points than unknown parameters. All steps are easy except for the
last, which requires us to compute A ~!. As this matrix is generally large, an explicit
inversion is not a good idea for many numerical reasons. The solution of the implicit
equation A -a = 3 for a must therefore be done numerically. We suggest singular
value decomposition (SVD) as the method of choice as it deals well with the round-
off errors that accumulate.

Explaining the SVD method would go beyond the scope of this book. Any linear
algebra book will explain this in painful detail, e.g. [122]. This paragraph will just
explain the procedure once this decomposition is done. So, we assume that A has
been SVD decomposed into A = U-W - V7 where W is the diagonal matrix of
singular values, U is column orthogonal and V is orthogonal. Then,

M /U-b
(i)
a=Z< Wi )-V(,-)

i=1

where the subscript (i) refers to taking the i-th column of the respective matrix.

5.3.2 ANOVA

ANOVA is an abbreviation for analysis of variance that is a very popular method
that is also very prone to misunderstandings. Note carefully that ANOVA is not a
statistical test. That is, it does not answer any question with a yes or no answer, nor
does it confirm or deny any hypotheses.

The method is used to investigate the effect of qualitative factors on a quantita-
tive result. Should you have quantitative factors, you can always suppress this by
grouping them into low-middle-high or good-bad groups and use ANOVA to deal
with that. The principal assumption behind ANOVA is that the relationship between
factors and result is linear. This is a crucial assumption as many relationships will
be known to be non-linear in which case this method will do you no good. Histori-
cally, the method was devised as a part of the theory of the design of experiments in
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which we plan experiments before carrying them out in order to reduce the work to
a minimum while gathering all required data for a certain desired future analysis.

The basic idea of ANOVA is to see if the variance of the result can be explained
on the basis of the differing categories of the factors. For this, we make experiments
and compute variances within and between groups of categories to see if they differ
significantly. This allows conclusions as to whether the division of a factor into
its categories is sensible or useful with respect to the result. For instance we may
use ANOVA to compare a control group to an experimental group to see if the
factor that is different really causes some observable difference in some result. As
such, ANOVA is a central and commonly used tool in many experimental studies
(particularly involving people). Because it is based on categorical variables rather
than numerical ones, it is naturally suited towards the social studies even though it
is also used in the sciences.

One use to which we may put ANOVA is the attribution of causes to effects.
We may for instance find that there is a link between touching dirt and washing
hands and we may find that this link has a preferred time-wise direction: Generally
touching dirt occurs before washing hands. This may lead us to believe that touching
dirt is a cause for washing hands. ANOVA allows us to draw this conclusion in a
well-defined procedural way. As such it is useful to deal with situations in which we
lack the common sense that we all have in relation to dirt and washing.

In order to use the method, the experimental data must satisfy a few conditions.
If the data does not satisfy these, then the method is unusable. This is also the reason
for which you should plan your experiments, using design-of-experiments methods,
before you make them. The conditions are

1. The observations in any one group should be homogeneously distributed. This
means that if we break our group of measurements into several (arbitrary) smaller
groups, these should not differ in terms of their natural variation or distribution.
A common example of when this does not hold is for a time series in which
observations early in time are tightly clustered around a mean and then, as time
passes, get less and less clustered around the mean. This group of measurements
is not homogeneously distributed but heterogeneously distributed. The technical
terms for this are homoscedasticity versus heteroscedasticity. There are various
tests to confirm or deny this but these would go beyond the scope of this book.
You will find them in many statistical books, e.g. [71].

2. The observations over the groups of any one factor are assumed to be normally
distributed. If, for example, we have a factor with three groups (high-middle-
low), then we would expect to find an equal number of observations in the high
and low groups and a correspondingly larger amount in the middle category.

3. The observations must be independent of each other. In a time series, for exam-
ple, this is definitely not true as the observation at a later time generally depends
causally (often in a known way) on the observation at an earlier time.

4. If you have more than one factor, it is extremely helpful to have an equal number
of observations in each combination of groups of all the factors. For example if
we have two factors and each factor has three groups (high-middle-low), then we
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have nine combinations of these groups (high-high, high-middle, high-low, ...).
This is called balance. It is not a strict requirement but life is easier if it is true.

It can easily be seen that if we are strict about these conditions (especially 2 and
3) most datasets cannot be analyzed with ANOVA. We urge you here, without any
sarcasm, to consider the principle “Never trust a statistic you didn’t fake yourself”
by Winston Churchill.

Should you wish to continue beyond this point, we must now set up the presumed
model. Here we will only treat the case of a single factor. This is not very realistic
but treating more complex cases would go beyond the scope of this book, see e.g.
[87]. We then assume that the relationship between the result y and the factor is
given by

Yij =M+ 0+ E;j fori=1,2,--- k;j=1,2,---,n;

where y;; is the result and is normally distributed within each group, u is the mean
of the entire dataset, ¢; is the effect of the i-th factor group, &;; is a catch-all for all
sorts of external random disturbances to our experiment, k is the number of groups
in our factor, n; is the number of observations in the i-th group.

Practically, we must now compute the variance in each group 67, the means in
each group X; and the variance of the entire dataset 6. Then we compute the F
statistic

Cmm (X —%)? mim (X —X%)?

(n1—|—n2)62 n1612+n2622

to compare two groups with each other. To finish the F-test, we must look up the
value of the probability distribution of the F statistic

Vi WV Vo Vi
PX<F)=2—1 v (—,—)4 , (7,7>
( ) wer \27 2/ TwEar\272

with /(- --) the incomplete beta function and v; and v, being the number of degrees
of freedom in each group.

The null hypothesis in this case was that the two variances are the same. If we
reject this, we must conclude that the variances are indeed different. In this case,
we would conclude that the factor does indeed have an influence upon the result.
Note that we did not say anything about the nature or strength of this influence. The
significance level at which this can be claimed is important as this can be interpreted
to be the degree to which this factor can be used to explain the variation in the result.

In this case, we used the F-test and this is quite frequent in ANOVA. Even though
we ended up using an F-test, please note that ANOVA itself is not a test and involves
a lot more than a test.

For realistic cases, we would, of course, use tests with several factors but this
goes beyond the level of this treatment, which is intended more as a caveat than a
genuine introduction.
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5.3.3 Correlation and Autocorrelation

The concept of correlation is very simple. When one thing is changed, does another
thing change as a consequence? If yes, these are correlated. For example, if we
increase the temperature in a vessel, then the pressure will rise (supposing nothing
else was changed as well). Thus, these are correlated under these circumstances.
In the ideal gas situation, the variation of pressure and temperature is linear and
positive: If pressure rises by a factor a, then temperature will also rise (positive
correlation) by the same factor a (linear correlation). The correlation is so strong
that, if volume is not modified, one variable will be enough to compute the value of
the other.

We measure correlation strength numerically on a scale between -1 and 1. In the
above example, the correlation would be 1. If we compare the effect of studying
hard on exam results, we would expect a correlation to exist and for this correlation
to be positive but it certainly will not be 1 because certain people are more prone
to the subject and will thus get higher grades than others with the same amount of
studying. The effect of sunlight exposure on the water level in a glass is negative:
As the sun continues to shine, the water level drops due to evaporation.

Two variables x and y given by a group of measurements (x;,y;) have a linear
correlation coefficient or Pearson’s r of

Zi:(xi —-X)(yi—Y)
ﬁ(xi—xﬂ Y (i — )2

r =

i

where the over line indicates taking an average. You should not try to determine if
the correlation is significant based on r, it is not suitable for that. However, if the
correlation is significant, r is a good measure of its strength.

Depending on your field of inquiry, various r values are considered “good” by
the community. If you are a physicist, then you would be looking for » = 0.99 or
so to explain an effect. Dealing with experimental data from a real life situation (as
opposed to laboratory conditions), you should be happy with r = 0.8 or so. Many
studies based on questionnaires among humans will try to interpret correlations of
r = 0.4 and sometimes lower to have sensible meaning. Sometimes working with
such low correlations is necessary when the influencing factors are too many or
cannot all be measured.

In our efforts to make a mathematical model of a natural phenomenon that is
known via experimental data from an industrial process, we should be happy with
r between 0.8 and 0.9. If we achieve an r higher than this, we should suspect our-
selves of over-fitting the model, i.e. introducing so many parameters that the model
can memorize the data instead of extrapolating intelligently. Such over-fitting is a
modeler’s suicide and must be avoided.

Note that the above formula is the linear correlation coefficient. This assumes
that the relationship between the two variables is linear. This is an important restric-
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tion as few real life relationships are linear. In order to use a non-linear correlation,
we must first specify the exact form of the relationship that we believe to hold. For
this reason, we cannot treat this here but must be done on a case by case basis. For
a quick-and-dirty check if two variables have anything at all to do with each other,
the linear coefficient is a reasonable thing to compute. Just don’t base any important
arguments on it.

In industrial practice, we most often deal with time-series. This is a variable that
depends on or changes with time. A very interesting question about such a time-
series is whether we can get a feeling for future values based on past values, i.e.
knowing x(0), x(1), x(2), ..., x(f) can we make a reasonable guess at x(z + 1) and
so on? To answer this, we will be asking how a variables correlates with itself at an
ealier time. This is called the autocorrelation function R(7),

R(z) = / X(1)x(t — ).

The new variable 7 is called the lag of the time-series. Usually, we normalize the
autocorrelation such that R(0) = 1.

The autocorrelation indicates the correlation of the variable with itself at different
times. The value R(7) is a measure of the influence that the value x(¢ — 7) has on
the value of x(¢). Take the example of a retail business measuring its total revenue
once per month. Business is mostly stable, except in December where the Christmas
business doubles revenue. We will therefore observe that R(12) for this time-series
will be much higher than the rest of the autocorrelation function. This indicates that
there is a strong cyclic behavior with time-lag 12 (measured in months due to the
data taking cadence), which agrees with our expectation. You will probably also see
a stronger dimple at a time-lag of 4 and 8. These will be due to the Easter business
(Easter is usually 4 months after Christmas and it usually takes 8 months from Easter
to Christmas). Thus, the strength of the Christmas business may be used somewhat
to predict the strength of next Easter’s business and also next Christmas’ business.
That is the point of autocorrelation. The score R(T) can only be interpreted relatively
and offers a useful indication for further investigation.

Note that autocorrelation is time directed. That is, we measure the correlation
that past events have with future events. Thus, autocorrelation is a measure of the
strength of predictability: Knowing a historical fact, how reliable is an estimate of
future performance on its basis (relative to knowing the future fact by simply wait-
ing for it, which is equal to 1 by normalizing the function)? Thus, autocorrelation
identifies cause-effect relationships within a single variable’s time-series.

5.3.4 Clustering

Suppose that you have many observations of some process and that each observation
is vector of values. We may now wish to group observations into a few qualitatively
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distinct categories in order to generate some form of understanding about the un-
derlying dynamics that produce the observations. A simple example is a group of
people visiting a store. Each purchase action is an observation. The observation it-
self is a vector of purchased goods. We now want to group the many observations
made over some time interval into qualitative groups, e.g. “health conscious client”
or “ready made meals client.” These groups can then be described both by their
purchase habits (what, how often, in which combinations ...) as well as by their eco-
nomic impact (what revenue, what margins ...) in order to draw conclusions about
possible changes to marketing or the store.

Each cluster should be as homogeneous as possible and the clusters should be as
heterogeneous between each other as possible.

The action of grouping vectored observations into phenomenological groups is
called clustering. The manner in which observations are clustered has some ele-
ments that are common to all methods. Beyond these common elements, there are
many algorithms to accomplish a clustering and it is difficult to say a priori which
method is best. A major reason for this, in practice, is that it is frequently not clear
how to define or measure what is “best” and this emerges only empirically once the
results of several methods have been compared by persons with significant domain
knowledge.

First, all methods require a metric. A metric is a method to compute a distance
measure between two observations. Some types of observation (locations and the
like) have an inherent sensible distance measure but others (option A instead of
option B) are difficult to tie to the concept of distance. Since we are comparing
vectors of values, the issue of comparing apples with pears is also a significant
problem. For instance if we measure both temperature and pressure of something in
a two-dimensional vector, how are we going to measure the distance between two
sample vectors? The physical units in which these quantities are measured become
important. For example if we measure temperature in degrees Kelvin as opposed to
degrees Celsius, then the numerical values of all temperatures will be much higher.
In any normal distance measurement, the temperature will then be more significant
and could thus potentially skew the results. Thus, the design of the metric is an issue
that must be resolved carefully in a practical application.

Second, each clustering creates so called centers. These are points in the multi-
dimensional space defined by the observational vectors that indicate the position of
the “center” of the cluster. Each cluster has a radius around this center (as measured
by the metric function) and all observations within this sphere belong to that center.
We may thus list the observations per center and, via descriptive statistics, arrive
at a description of each group. This description can then be interpreted and thus
knowledge may be derived.

Third, some observations may not lie inside any center and thus be called outliers.
Generally these outliers are few observations that, for one reason or another, are
sufficiently atypical that they do not belong to a cluster and also sufficiently few in
number not to justify forming a new cluster (or several new clusters depending on
the metric function) for them.
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Outliers are very interesting points as they indicate an abnormal observation. As
outliers skew statistical results, it is important to look at these points in detail to
determine if they are indeed genuine observations. It is possible that outliers are
produced by some form of error in the observation process and would then be ex-
cluded from further treatment. If an outlier is a genuine and correct observation,
then it offers insights into abnormal events. This may be important for the practical
application for a variety of reasons such as capacity planning, which must orient
itself on the events that are maximally taxing and so, by definition, abnormal.

Fourth, the number of centers is often a crucial point. In many practical appli-
cations, a central question is: Into how many groups is it most sensible to divide
the observation? The disadvantage of most clustering methods is that the number
of centers must be specified by the user before clustering is begun. In practice then,
clustering is re-run with several different settings for the number of centers and each
result is examined for “sensibility” whatever this may mean in the practical applica-
tion at hand. Simple versions of a sensibility definition include (1) a homogeneous
distribution of observations within each cluster, (2) no cluster with less/more than a
specified percentage of all observations, (3) less than some specified percentage of
outliers and (4) a certain specified minimum distance between centers to make sure
that clusters are sufficiently distinct.

The idea of k-means requires the number of centers, k, to be specified by the
user. It is an optimization problem that requires the mean-squared distance of each
observation to its nearest center to be minimized by moving the k centers around in
the multi-dimensional space provided by the observations.

Please note that k-means clustering is not an algorithm but a problem specifica-
tion. There are several algorithms that are used to accomplish the solution of the
above described problem. In fact, common optimization algorithms may profitably
be used for this purpose. There is a specific algorithm, called Lloyd’s algorithm, that
has been invented just for this purpose: (1) Assign the observations to the centers
randomly, (2) compute the location of each center as the centroid of the observations
associated with it, (3) move each observation to the center that it is closest to, (4)
repeat steps 2 and 3 until no re-assignments of observations to centers are made.

This algorithm is simple but it finds a local minimum. In order for us to find a
global minimum, this algorithm is generally enhanced by an incorporation of simu-
lated annealing (see chapter 7).

A sample output of a k-means clustering run is shown in figure 5.1. The data is
two-dimensional in this case to make drawing an image easier. In practice the num-
ber of dimensions would generally be large. The metric used here is the Euclidean
metric where the straight line between two points is the shortest distance; this will
be inappropriate for many practical applications.

Having gotten this output, the question is what do we do with it? Clustering
means that the observations associated with a particular cluster are in some sense
similar and observations associated with different clusters are in the same sense
different. The “sense” indicated here is principally measured by the metric function.
The metric function is however a stepping stone and not the result because it is
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Fig. 5.1 The output of a k-means clustering with two clusters (top image) and five clusters (bottom
image) on a two-dimensional dataset with the Euclidean distance metric. The centers are marked
with stars and the observations with circles.

a convenient numerical measure to help the algorithm but it does not help human
understanding.

What is needed at this point is to describe each cluster in such a way as to be
meaningful to a human being who is charged with interpreting the data. We suggest
extracting some of the following statistics, in general, for each cluster: (1) The posi-
tion of the center, (2) the radius in each dimension being a measure of how large the
cluster is, (3) the number of points belonging to this cluster, (4) the mean and vari-
ance over the observations in each cluster to be compared to the center position and
radius as a measure of how tightly clustered the cluster really is. A comparison and
critical examination of this data will allow one to discover a number of generally
useful conclusions.

First, are there artifacts in the data? Artifacts are all those features of the dataset
that are not intended to be there, are strange and thus to be excluded. With clus-
tering one is likely to get artifacts from three sources: bad data (solution: better
pre-processing, see chapter 4), outliers (solution: critically examine outliers and
possibly exclude them) and an incorrect number of centers (solution: change k).
One can determine simple artifacts by looking how clearly clusters are separated
from each other. An example will illustrate the point: Two different large cities (e.g.
Paris and London) are clusters of houses and are well separated as there are large
tracts of virtually houseless lands in between them. However two suburbs of Lon-
don are also clusters of houses but they are not well separated — their distinction is
a purely administrative one and it is not immediately visible to the tourist that one
section stops and another starts. Mathematically speaking thus, the division of a city
into suburbs is an artifact that we would want to exclude (with respect to a certain
viewpoint of finding clusters of houses). Clustering is there to discover meaningful
qualitative differences.
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Second, which dimensions principally distinguish the clusters, i.e. which at-
tributes are sufficiently telling about an observation? This will in practice lead to
the conclusion that a (hopefully small) subset of the measured parameters is suffi-
cient to distinguish observations into their clusters. This will save effort and cost
while still allowing the important conclusions to be drawn.

Third, what is the population of the clusters? If there is one cluster with many
observations and other clusters with only a few each, then the situation is very dif-
ferent than if each cluster had approximately equally many observations. The one
large cluster could be called the “normal” cluster while the others are various kinds
of non-normal clusters. It depends upon the application of course, but situations with
one large cluster are often correctly interpreted by saying that the large cluster acts
as an attractor for the system, i.e. it is a kind of equilibrium state that a participant
of the system would like to go towards. In that sense all other clusters would be
pseudo-stable states that would eventually decay into the attractor. Thus, the clus-
tering would have distinguished (pseudo-)ergodic sets from each other in the sense
of statistical mechanics (see chapter 2).

Fourth, what are the application specific characteristics of each cluster? It is in-
teresting now to compute the distinguishing features of each cluster relative to the
application at hand. This depends, of course, on the nature of the problem but indus-
trially speaking these are now parameters focusing on the major areas: safety, reli-
ability, quality, costs, margin/profitability and the use of various resources. In this
way, one can distinguish the clusters and judge them to be, in some sense, “bad” or
“good” clusters. Typically this is done with respect to money using safety as a lim-
iting criterion, i.e. we wish to maximize profitability while retaining a reasonable
level of safety, reliability and quality.

Fifth, is there a dynamic in the clustering? If some of the major distinguishing
features are such that they change over time, it may be possible to extrapolate a
dynamic system over the clusters. This means that a participant in the system may
be in one cluster at one time and in another cluster at a later time. This transition
may be governed by laws that could perhaps be discovered (using other methods).
In this way, a member of a “bad” cluster may be transformed into a member of a
“good” cluster in some manner that, after analysis, could be understood well enough
to be manipulatable.

5.3.5 Entropy

Informational entropy is a measure of the information content of a signal. High
entropy means that a signal carries much information per unit of signal. If a signal
is a series of letters, then the sequence “aaaaa...” is predictable and thus carries
very little information. In contrast, the sequence “abcd...” carries high information
content. Generally speaking, a signal source that behaves in a uniform manner will
transmit a signal with near-constant entropy. While the individual measurements
vary from moment to moment, the informational content of the signal is static - this
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is referred to as an ergodic source and is a highly desirable property for mechanical
systems.

All the mechanical states that the system assumes from moment to moment and
that give rise to this constant entropy are an ergodic state set. All states in one er-
godic set may be interpreted as belonging to the same qualitative mode of operation.
Using this, we can thus detect several qualitative states of the system over time and
label these as desirable states or not.

If the system switches from one ergodic state set into another, we will observe
a discontinuity in the entropy signal. This event, referred to as ergodicity breaking,
is a significant event and indicates a qualitative change in operations, see section
2.5. Thus, our method of entropy tracing detects ergodicity breaking events in the
history of the measurements.

Entropy can be understood by graphing a signal as a histogram. During a par-
ticular time window, the range from lowest to highest observed value is split into
bins and the number of occurrences per bin over the time window is counted. Di-
vided by the total number of measurements, this yield a probability density function
that characterizes the signal over that time window, see figure 5.2 (a). The shape of
this distribution characterizes the ergodic set that the system experiences during this
time. If we allow some time to pass, we may detect an alternative density function,
see figure 5.2 (b). The system has evolved from one qualitative state to another and
this is clearly visible from the change in the density function. There has been er-
godicity breaking. Entropy provides a statistical measure of this change in a single
numerical quantity and allows measurement of the severity of the change.

That is only a simple example, of what the entropy method is able to detect. Most
fundamental structural changes in the shape of the distribution will be detected,
because they always include a change in the information.

If the entropy for a single time-window is larger/smaller than the mean of all
time windows +2 standard deviations, then the change in entropy is big enough to
let us define it as a significant change. Supposing that the distribution is normal?
(as seen in figure 5.2 (a)), then a deviation of more than two standard deviations
has a probability of less than 5%. This entropy method can be tuned to a problem
by adaptively varying the number of standard deviations chosen as its detection
sensitivity.

We may summarize the meaning of the abnormality score of this method: The
bigger the absolute value of the abnormality score for a single time window, the
higher is the difference between the distribution of values in the present time-
window and the averaged distribution of all time-windows.

2 If a large number of independent and identically distributed factors add up to produce a single
result, then this result is approximately normally distributed - this is called the central limit theo-
rem. Often, this theorem is used to claim that the result of almost any complex mechanism should
be normally distributed. However, in practice, we find that the assumptions of the theorem (inde-
pendent and identically distributed factors) hardly apply and thus the distribution is not normal.
Many industrial processes have probability distributions significantly different from normal. As a
result of this, we must not over interpret the claim that a data point further away from the mean
than two standard deviations occurs with 5% likelihood. This is a rough guideline unless we know
the identity of the distribution.
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Fig. 5.2 The value distribution of a measurement before and after a qualitative change in the
system that gave rise to the secondary peak on the right.

5.3.6 Fourier Transformation

The Fourier transform (FT) f(&) of a function f(t) is given by
7€) = [ roe > ar

where 7 is time and { can be interpreted to be the frequency of the signal. The trans-
form is essentially a transformation of the basis of the coordinate system to another
basis. While singular spectrum analysis (SSA) makes a linear transformation, FT
makes a non-linear transformation and focuses on the frequencies with which sig-
nals change. We thus separate slow changes that occur with low frequency and fast
changes that occur with high frequency.
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Over the different frequencies, we may plot the amplitudes of the frequencies in
the signal spectrum. This amplitude is not the one of the original signal but of the
transformed signal in frequency space. Figure 5.3 (a) displays an example in which
it is clear that the frequencies around 50 Hz dominate this particular time-window.

As the system evolves to a later time, displayed in figure 5.3 (b), we observe that
the frequencies around 77 Hz get populated and thus there is a fast signal variation
present now that was not present before. The shape of the graph of the amplitudes
has thus changed.

We measure the difference between two graphs by computing their correlation.
This provides us with a numerical measure of shape similarity that we can trace
over time. This correlation obtains a mean and standard deviation and we mark ab-
normalities if the correlation at a particular time-window is more than two standard
deviations different from its mean over all time-windows.

When a signal obtains or looses variations at particular frequencies, then the
FT method will show this. An abnormality here indicates that there is a significant
change in the speed with which the signal varies over time.

5.4 Case Study: Optical Digit Recognition

Consider a letter whose envelope is addressed by hand writing. Someone must be
able to read the address to be able to deliver it. As there are a great many letters
sent each day, post agencies the world over have invested in automated systems that
can read an address on an envelope. Part of the task is to identify numbers like the
ZIP code. Technically speaking, we are given an image of a digit and we are to say
which digit the image represents. A sample of such data can be seen in figure 5.4
where we see several examples of the number six. There exists a database of about
60,000 images of digits written by about 250 different persons that we use as our
dataset; this is the NIST dataset (National Institute of Standards and Technology in
the USA).

In order to obtain better results, the data set is pre-processed before applying any
training algorithm. One of the classical pre-processing steps is binarization: The
image is transformed into having only black and white pixels instead of various
gray levels or colors. After binarization, the data was skeletonized and thinned, see
figure 5.5. However, the results obtained were worse than the results obtained using
only binarization.

We will attempt to solve the problem by using a self-organizing map (SOM). In
the terminology of section 6.4 this is a one-layer perceptron network but there is no
need to skip ahead in the book as we will discuss the concept here.

We want to classify an image of a digit into the abstract categories of digits. The
input of the classifier thus receives the pixels of this image and the output yields
the category that this image belongs to. Thus, the SOM needs two layers. The input
layer is a vector with as many elements as there are pixels in the image and so allows
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Fig. 5.3 The frequency spectrum of a signal before and after a qualitative change in the system
that gave rise to the presence of frequencies around 77 Hz on the right.

for the image to be inputted into the SOM. The output layer is a vector with as many
elements as there are categories; in our case of digits there are 10 such categories.

Each element of the input layer is connected with each element of the output
layer and this connection has a certain strength. Thus the strengths form a matrix.
In this way, every output element has a weight vector made up of the connection
strength of all inputs with respect to this particular output.

When an input is presented to the network, we determine that output element
whose weight vector is closest to the input vector. To measure distance, we use
a metric. Most of the time, the metric is the normal Euclidean metric where the
distance between (a,b) and (c,d) is

\/(a—c)2+ (b—d)2.
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Fig. 5.5 Binarized images (on the first row) after applying thinning (on the second row) and skele-
tonization (on the third row)

We may however use a different metric. According to a specific algorithm, the
weight vector is now adjusted slightly to reduce the distance between the input and
the weight vector.

Independently of the weight vector, the output elements are considered to be
locations on a map. Usually, these elements are hexagonally distributed over a two-
dimensional plane, see figure 5.6 (a). The weight vectors of those output elements
that are close to the specific output element just chosen are also modified by a spe-
cific algorithm. Then the next input vector is processed.

In this way, the system learns the input data and particularly learns to classify it
in the form of a map. Each output element corresponds to a region in this map. We
may now display this map in various graphical ways to aid the human understanding.
Particularly, we may plot the distance (in the sense of the above mentioned metric)
between the neighboring output elements. Close elements indicate related categories
and so on. The map may of course be distorted graphically in order to reflect these
distances and to give the illusion of it being a true map of something.

This way of classifying input data is particularly powerful if we have not catego-
rized the inputs beforehand by human means. This is also an important difference. If
we have input data for which we already know the output, we may teach a computer
system by example as we would teach a student; this is called supervised learning.
If we do not have this, then we must present only the input data to the computer
system and hope that it will divine some sensible method to differentiate the data
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into categories; this is called un-supervised learning. For un-supervised categoriza-
tion, the SOM is a very good technology. We note in passing that the accuracy of an
un-supervised system is generally several percentage points worse than a supervised
learning system for the simple reason that a supervised learning system has much
more information (this applies for the same input data volume).

The weight vectors of each output element must be equal to some value at the
start of training; this assignment is called initialization. The best results we obtained
after we initialized the network with samples from the training data set. In this way
the map is initially well-ordered and the convergence is faster. On Figures 5.6 (a)
and 5.6 (b) is shown a map with hexagonal and rectangular topology respectively
initialized from the training data.

Fig. 5.6 Initialization of a 6x6 output layer with hexagonal topology on the left and rectangular
topology on the right

Note that when initializing the network from the training data set, similar letters
should be close to each other. For example, in Figure 5.6, the digit 1 is close to 7
since they look alike.

A crucial part of the SOM training algorithm is determining the winner node (the
output element, and therefore category, assigned to the particular input image under
present investigation) which is closest to the input with respect to the metric func-
tion. Thus the choice of the metric function is very important for the performance
of the training. We use the so-called tangent metric and not the Euclidean metric.
The reason is that it achieves substantially better results (approx. 5% difference).
However, the downside of using the tangent metric is that evaluations are computa-
tionally intesive and take more time than using the Euclidean metric (about a factor
30 in time). It goes beyond the scope of this book to give the details of the tangent
metric, we refer the interested reader to the literature, e.g. [72].

At first, we may observe bad performance. This may be due to a badly formulated
output layer. For instance the digit 7 may be written with or without a horizontal bar
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and thus the number 7 is orthographically worth at least two categories. The same
is true of several other digits and so we must increase the output layer from 10 to 16
as seen in figure 5.6. In this way, we may cut the error probability into half.

On a total training set of 25,000 images, we end up with an error rate of 11% on
the remaining 35,000 images that were not used for training, which is not too bad
given that the algorithm has no idea what we are trying to classify. The technique of
re-learning is also useful: We learn and then use the final state as the starting state
for another round of learning. If we make several such rounds, we can end up with
a very good performance.

5.5 Case Study: Turbine Diagnosis in a Power Plant

A coal power plant essentially works by creating steam from water by heating it
through a coal furnace, see figure 5.7. This steam is passed through a turbine, which
turns a generator that makes the electricity. The most important piece of equipment
in the power plant is the turbine.

Fig. 5.7 A schematic diagram of a combined cycle power plant. The term “combined cycle” means
that the power plant produces both electricity and heat for local homes. The diagram describes the
combined heat and power (CHP) process in overview including the major steps: (1) Entry-point
of the air, (2) boiler with water and steam, (3) high-pressure turbine, (4) mid-pressure turbine,
(5) low-pressure turbine, (6) condenser, (7) generator, (8) transformer, (9) feed into power grid,
(10) district heating, (11) cooling water source, (12) cooling tower, (13) flue gas, (14) Ammonia
addition (15) denitrification of flue gas, (16) air pre-heater, (17) dust filter, (18) ash end-product,
(19) filtered ash end-product, (20) desulfurization of flue gas, (21) wash cycle, (22) chalk addition,
(23) cement/gypsum removal, (24) cement/gypsum end-product.
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A turbine is a rotating engine that converts the energy of a fluid (here steam)
into usable work. Figure 5.8 shows a steam turbine. Turbines are used in many
other contexts such as water power plants, windmills, wind power turbines, airplane
turbines and so on. We will be focusing on turbines used in standard coal-fired power
plants.

The blades on the turbine have the job of actually capturing the energy and driv-
ing the central rotating shaft. They are made from steel and may be more than one
meter in length. The forces at work when this machine is running are very large
indeed.

I.‘".! h

Fig. 5.8 A steam turbine of Siemens during a routine inspection. Source: Siemens AG Press Pho-
tos.

Economically, a turbine is the heart piece of a power plant. All other equipment
in the plant essentially caters to the turbine-generator combination because it is re-
sponsible for the conversion of energy from steam to electricity. The rest of the
power plant essentially has the job of making the steam and cleaning up after itself
(for example filtering the flue gas).

Thus, it is important to carefully watch the turbine for any signs of abnormal
behavior. As the turbine is so important, its operations are monitored by a variety
of sensors installed in key locations. The most crucial information regarding the
health of the turbine is contained in the vibration measurements. All sensor output
is logged in a data historian and therefore available for study.

In our case of monitoring a fleet of turbines, there are between 111 and 179 sen-
sors measuring the condition of each turbine, which provides us with a satisfactory
amount of data for the analysis.
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At all times, we want to provide some automatic diagnosis that decides whether
the values of the sensors are abnormal. This is the key to the analysis. Only an
abnormally functioning turbine should need manual looking at and thus we want to
automatically determine abnormal behavior. For this purpose, we are going to use
three methods that can do this. If any set of sensors delivers abnormal values, we
want to know:

Which method or combination of methods detected the abnormal operation?
How is the development of strength of the abnormalities?

Which sensor or set of sensors delivers the abnormal values and for how long?
Which sensors send abnormal values as a result of a previous abnormality?
When did the first/last signs of this abnormal operation appear/disappear?

NS

We analyze time-windows from the time-series, where each time-window con-
tains 7 days of sensor data and the time difference between two consecutive win-
dows is 1 hour. Thus, if the result of one of the methods is that in the time-window
1 May 00:00:00 - 8 May 00:00:00 there is no abnormality, but in the time-window
1 May 01:00:00 - 8 May 01:00:00 there is some abnormality, we conclude that the
observed abnormality is induced by the 1 hour difference, i.e. that it occurred on 8
May between 00:00:00 and 01:00:00.

We always use the last hour of the analyzed time interval to present the ob-
tained results. Each analysis method delivers one value per time-window. To de-
tect whether there was an abnormality in the analyzed time-window for a concrete
method, we compute the mean and the standard deviation based on the results de-
livered by that method over all the time-windows. Then we compare whether the
results for the current window are larger/smaller than the mean + two standard
deviations. If it is, then excess amount is called the “abnormality score” and rec-
ognized an abnormality. This means that if a sensor had the abnormality score of
4.3 on 1 May 00:00:00, then while analyzing the data for this sensor from 24 April
00:00:00 to 1 May 00:00:00, the analysis result was either greater or less than the
mean =+ (2 + 4.3) times the standard deviation.

We used three techniques for the investigation of the time-windows of the four
datasets. All three methods use the concept of “abnormality score” as defined above
and produce one abnormality score per time window and per sensor. The methods
are singular spectrum analysis (see section 4.5.2), entropy (see section 5.3.5) and
Fourier transformation (see section 5.3.6).

In brief, the entropy indicates if there are abnormal values in the individual mea-
surements, the SSA indicates if there are abnormal variances in the principal compo-
nent direction and the FT indicates if there are abnormal frequencies in the signal.
We thus have two indicators that concern the shape of a probability density (en-
tropy and FT) and one that concerns the size of the density (SSA). These methods
concern very different indicators of abnormality and thus may or may not simultane-
ously detect an event. We have seven combinations of the methods for detecting an
event. Each of these possibilities indicates an abnormal situation. Which methods,
or which combinations of methods, respond indicates the nature of the abnormality
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and may assist in the diagnosis of what the cause of the abnormality may be. We
describe briefly what this may mean:

1. Entropy only: We measure abnormal values but the system changes at the same
speed and with the same variation as before. This must mean that the abnormal
value observed is not along the principal component direction.

2. SSA only: We measure an abnormal variance but no abnormal values or frequen-
cies. This must mean that the principal component direction changed as other-
wise, we would require a significant change in the value distribution (entropy)
as well. Thus, we have a qualitative change of what measurements are important
for characterizing the system.

3. FT only: We measure an abnormal frequency but no abnormal values of vari-
ances. This means that the system does what it did before but it has changed the
speed at which it does it.

4. Entropy and SSA: We measure abnormal values and variances but the same fre-
quencies. The system has changed the range of its operation but not the speed at
which it varies.

5. Entropy and FT: We measure abnormal values and frequencies but the same vari-
ances. As the values have changed but not the variance, this must mean that the
values that changed are not along the principal component direction. Addition-
ally, the frequencies have changed so that the inherent speed of variation has
changed.

6. SSA and FT: We measure abnormal variances and frequencies but the same val-
ues. As the variance changed without having values change, this must mean that
the principal component direction changed. Additionally the speed changed.

7. Entropy, SSA and FT: We observe abnormal values, variances and frequencies.
The system now visits new values at new speeds and this changes the range of
variation along the principal component direction. This is the most significant
indication of a change in the system and these changes should be viewed as
bearing the most danger.

Whether an abnormality is dangerous or not is not included in this analysis. It is
likely that when a significant change in operational settings is made by the operator
that an abnormality is detected even though this does not necessarily indicate a
danger. However, it seems very likely that most dangerous situations would display
an abnormality of at least one of the above kinds.

A zoom-in for one dataset and the SSA method shows how a particular event
starts and progresses over time, see figure 5.9. Monitored over a full year, the anal-
ysis yields the result of figure 5.10. When all three methods are combined, we may
compare them as per figure 5.11.

As discussed above, the combination of methods that detect a particular event
lets us interpret what kind of event is taking place and thus aids the engineer in
interpreting what should be done about the event. In table 5.1, we summarize, for
four turbines, how many events were detected by each combination of methods.
Please note that no combination is in any sense “better” than another.
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Fig. 5.9 The numbers on the vertical axis indicate the sensor that is being analyzed so that the
image as a whole gives us a holistic health check for the whole turbine. We can read from the
plot that the event starts with Sensor 41 on the 30th of June, then a more significant deviation
is observed for sensors 122 and 151, then on the 9th of July more sensors (51) get involved and
the largest abnormality (-2.09) is observed for sensor 93 on the 15th of July. For several days,
abnormalities of most sensors disappear and only the sensors 122 and 151 continue deviating
and start a second reaction of a smaller magnitude on the 24th of July. On the 3rd of August all
abnormalities disappear.

By and large, we can see in the data that those events that have a particularly
large abnormality score do tend to be detected by more than one method. The largest
abnormalities are mostly detected by all three methods. On this basis, we can say
that the urgency with which an event should be looked at can be proportional to
the number of methods that detected it. However, this judgment is made without
correlating it with the actual final outcome of the event (benign events vs. dangerous
situations).

In figure 5.12, we provide a plot of the abnormality score for the events detected
for one turbine.

It is also visible that the total abnormality score of an event forms an approximate
exponential distribution. This is an interesting feature as this is not the outcome that
would result from a large number of random interactions (central limit theorem) but
rather suggests a much more structured causality. In particular, we would expect
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Fig. 5.10 Here we see a turbine analyzed by SSA over a full year’s operation. The vertical black
areas are areas where the turbine was offline. In between the offline times, we can see where the
method diagnosed abnormalities. These were then analyzed by human means and appropriately
responded to.

Set of Methods Turbine 1 Turbine 2 Turbine 3 Turbine 4
SSA only 2 7 1 4
FFT only 7 4 4 1
ENT only 1 4 0 3
SSA and FFT 4 0 3 5
SSA and Entropy 3 1 1 4
FFT and Entropy 1 1 7 0
SSA and FFT and Entropy 4 6 3 3

Table 5.1 Each combination detects a particular signature of event and thus they should be seen
as complementary detection schemes rather than a hierarchy. No one method dominates this table.
This shows that events of all signatures do take place in the systems studied.

this outcome to result from a Poisson stochastic error source, which is present when
events occur continuously and independently at a constant average rate.

Thus, we would conclude that, approximately and on average, the events de-
tected here did not interfere with or cause each other but were independently caused.
We would also conclude that whatever causation mechanism is giving rise to these
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Fig. 5.11 Here we see all three methods in comparison over a whole year on one particular sen-

sor in a particular turbine. We see broad agreement but differing opinions in the details. These
differences can be interpreted as discussed in the text.

events acts at a constant rate. This means that the system does not exhibit ageing
over the time period (one year) investigated here where the event rate would in-
crease with increasing time.

We may summarize all the above findings by saying that the present methods
allow the fully automatic screening of the majority of the data while finding that
they indicate normal operations. For a selected small minority of the data, these
methods give a clear indication at which times which sensors are abnormal, how
abnormal they are and in what sense they are abnormal. This allows targeted human
analysis to take place on a need basis.

5.6 Case Study: Determining the Cause of a Known Fault

Co-Author: Torsten Mager, KNG Kraftwerks- und Netzgesellschaft mbH
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Fig. 5.12 These events are sorted by the sum of their abnormality scores of all three methods. As
the score is defined similarly for each method, the numerical value of the score of one method
is comparable to the score of another. We can see that the detection efficiency of the methods
increases with increasing abnormality, as it should. The plot also contains the number of days
before an event that an advance warning would have been possible. It is recognizable, that the first
signs appeared several days in advance for most events. There are only two events where there was
no sign before the event. The average advance warning time for an event was five days.

Here we take the case of turbine that has failed for a known reason. We seek the
cause for the failure in both time and space, i.e. where and when did what happen
to bring about the known failure? This is often important to settle issues of liability
between the manufacturer, operator and insurer of the machine. It is certainly im-
portant in terms of planning what to do about it and what to do to prevent a similar
case in the future. We recall that a turbine failure is significant and expensive event
for the plant.

In the previous case study, we presented three methods to analyse abnormal op-
erations for turbines. We might think that using these methods over the history of
the particular turbine would reveal the point at which things went wrong.

It should be mentioned that the particular fault in question was that a single blade
touched the casing and was bent. This bent blade was only detected visually upon
opening the turbine months later. It was unclear to what extent the turbine would be
able to continue running and so this blade was exchanged; a time-consuming and
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expensive process. We expect that this is an event that should be visible in the data
(particularly in the vibration data) upon careful analysis.

The analysis result can be seen in figure 5.13 for one vibration measurement
as an example. The three lines indicate the abnormality score of each of the three
methods outlined in the previous case study. It is not important here which is which.
We simply note that there are a few points at which the analysis result intersects the
abnormality boundary and thus we do find abnormal events. Later manual analysis
discovered that all such abnormal events could be explained by sensible operator
decisions.

Fig. 5.13 The outcome of the analysis using the three methods of singular spectrum analysis,
Fourier transform and entropy analysis are shown with respect to one vibration measurement. We
observe that there are significant changes that cross boundary lines and thus indicate abnormal
events.

In figure 5.14, we display the raw data in a different manner that also allows some
interesting interpretations. One vibration is plotted against another in an effort to
track their mutual locus. We find that they do indeed possess a well-defined mutual
locus that is traversed clockwise in figure 5.14. Each point in the image represents
10 minutes of operation. A single cycle thus represents approximately 15 hours. We
see on the image (on the far right) that there is a region in time lasting roughly 3
hours in which the system deviated significantly from the established locus. We can
interpret this as an abnormal event.

In this particular case, however, this event was benign as it was intentionally
caused by the operators. This further indicates that abnormal events do not need to
be harmful. A data analysis system can detect abnormalities but would have to be
given a vast knowledge to be able to interpret these as benign or harmful — at present
we regard this enhancement to be impractical. We do observe however that there
exist some tools that can interpret particular problematic situations on particular
devices and so some work has been done in this regard [77].

In a similar fashion, we also analyzed the cases in which the turbine was not
rotating at operating speed but was in various stages of cycling up or down. Also
here, we were not able to find any genuine abnormality.
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Fig. 5.14 One vibration measurement (horizontal axis) with respect to another (vertical axis). The
locus is essentially a dented cycle, which (in this case) we traverse clockwise over time. We see
that most of the time, the system holds a fairly well-defined locus in time. Occasionally, we do
deviate from this and this represents, loosely defined, an abnormal event.

Even though this is a negative example of data analysis, it is instructive in various
ways that must be taken seriously when starting such an analysis.

In particular, it is clear that there are events that cannot be seen — even upon
detailed analysis — in the normal measurements of a plant. To circumvent this, we
may have to install further instrumentation equipment specifically targeted at dis-
covering such a problem. We must be aware that before we conduct a data analysis
that it is possible that the feature we are looking for: (1) does not exist at all, (2)
is not contained in the data we have, (3) is overshadowed by noise in the data, (4)
occurs at such short timescales that it appears to be an outlier and so on. Ideally, we
would have the opportunity to design a data acquisition system in order to look for
a particular problem in advance. When we encounter a problem however, then we
will simply have to deal with the data available and may then encounter the above
challenges. The correct acquisition and cleaning of data prior to analysis is crucial
for success.

We conclude this case study by observing that there are two principal explana-
tions for the failure to find the cause:

1. The event occurred during the time period analyzed but was not visible in the
data possibly because it was too short-lived.

2. The event did not occur during the time period analyzed. This would imply that
the turbine was initially taken into operation in a damaged state.

5.7 Markov Chains and the Central Limit Theorem

A Markov chain is a sequence of numbers, each of which is a random variable, with
the property that the probability distribution of any one number depends only upon
the previous number in the sequence. This property is called the Markov property.
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Thus, a Markov chain z(?),z(1), z(2)...z0m=1) 7(m) hag the property that

p (V0 20, ) = p (D).

This probability is called the transition probability, which is generally a matrix and
not a scalar as both z™ and z"1) are vectors and we must specify the probability
of transition from each element of one to each element of the other

TmEP( (m+1) |Z )

If the transition probability 7;, is the same for all m, then the Markov chain is called
homogeneous.

The Markov property is a severe restriction and extreme simplification. It there-
fore allows many special properties of Markov chains to be proved. However, it also
means that a Markov chain is not always suitable to model a practical situation. For
that reason, we will often want to relax the Markov property and define the p-order
Markov chain by the property that the transition probability should depend upon the
prior p random variables,

p( (1) |(0) <1>,--~z<m>) :p( (1)) m— p—1>’z<m—p72>,...z<m>)_
The transition probability becomes
Tn=p (z<'”+‘> |gm=p=1) Am=p=2) . -z<'")) ,

To model a real system by using a Markov chain, we thus need to determine the
transition probabilities 7,,. If we know these, and we determine the initial condition
of the Markov chain (i.e. the values of the first p random variables), then we may
probabilistically compute the evolution of the chain into the future and thus arrive at
our model. Supposing that the initial conditions are not to be obtained from physical
experiments but rather must also be calculated, we must establish the probability
distribution of the initial random variables and then rely on our determination of 7,
to compute the others.

As we are dealing with statistical distributions, we require a significant amount
of data to be able to distinguish the various possible distributions from each other.
In case of doubt, one often chooses the Gaussian distribution also called the normal
distribution that looks like

PR = Jore

where o is the standard deviation of the distribution and Z is the mean of the distribu-
tion. The defense for this choice is often the central limit theorem. The users of this
defense believe that the central limit theorem effectively says: If the factors leading
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to a particular observation are sufficiently many, the distribution of this observation
will tend to the normal distribution in the limit of infinitely many factors.

Actually it states that the random variable y which is the sum of many random
variables x; (i.e. y = x1 +x2 + - - - x;,) will tend to be distributed normally in the limit
of infinitely many x’s if the x; are independent and identically distributed and have
finite mean and variance. Please note the if clause in the previous sentence. Thus,
the factors (x;) leading to a particular observation (y) have to be independent and
identically distributed, which is typically not the case as cause-effect interrelation-
ships usually exist in the physical world. Also, the observation y is a very particular
observation, namely the sum of the x’s, and not some other related observation. In
short, we must be very careful when using the central limit theorem to justify a
normal distribution for the initial random variable in a Markov chain.

There are several popular probability distributions that optically all look the same
— they have a bell shaped curve. It is also wrong to say that they are all the same
and one might just as well stick with the normal distribution. In the central area of
the bell, these distribution are indeed similar but they usually differ significantly on
the tails (i.e. far away from the central area). Please note that in probability theory
it is generally the tails that are the interesting parts because these describe the non-
typical situations that will nevertheless occur. A few names of such distributions
are: Cauchy, Student’s ¢, generalized normal and logistic distribution. We will not
go further into these individually.

If an incorrect distribution is chosen for z(?), then even a correct 7, will lead to
bad results overall as everything depends on the initial condition. Thus, modeling
the starting point correctly is essential for a correct Markov chain model. Moreover
the correct modeling of the initial condition can only be done with sufficient data
from the system under consideration. In dearth of this, we must rely on some other
source such as a physical model of the situation.

5.8 Bayesian Statistical Inference and the Noisy Channel

5.8.1 Introduction to Bayesian Inference

Let us focus on a practical problem, namely optical character recognition, see for
instance section 5.4 above. We may observe the system via a random variable x,
the photographic image of a letter, and wish to deduce the parameter 6, the original
letter, that gave rise to this observation.

We begin our excursion with the prior distribution g(0) that is the probability
distribution over the various possible values of the parameter. We will suppose, for
the moment, that this distribution is known. We will discuss later on how it can be
determined.

The observable random variable x has a conditional distribution function f(x|0)
called the sampling distribution that is also assumed known for all values of the
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parameter 6 € ©. According to Bayes theorem, we may now compute the so-called
posterior distribution
f(x16)g(6)

Jo f(x6)g(6)d6"

Thus, we now know the distribution of the parameter given an observation. When we
have made an observation, we can use this distribution to determine the probability
distribution of the parameter for this particular observation.

Knowing this distribution is very useful indeed. For example, if we have an image
of a handwritten letter and we determine that the probability distribution over the
alphabet is such that the probability of “r” is 0.4, the probability of “v” is 0.6 and
the probability of all other letters is virtually zero, then we may conclude that we
have either an “r” or a “’v”” with high probability. We may also conclude that we are
more likely to have a “v” than an “r”” and we have a quantitative method to assess
the degree to which it is more likely, namely 0.2 more.

We may conclude from such a distribution that our model is not yet good enough
since it cannot tell these two letters apart with sufficient certainty and thus that we
need to present it with more examples of these two letters to train it to be better.

Thus, it is a very useful result to have the posterior distribution. However, it de-
pends on the prior distribution and the conditional distribution both to be known. In
general these must be determined by examining the physical mechanism that gives
rise to the problem. In the following subsections, we will treat the determination of
these two distributions.

8(0lx) =

5.8.2 Determining the Prior Distribution

In our case, the prior distribution g(0) is the probability that a particular letter is
going to occur. We can make our life simple and deduce this from a typical piece
of prose text and stipulate this as the prior distribution, see table 5.2. However, the
letter frequencies are very different if we know what letter came before the current
one, see table 5.3. We may, in fact, introduce a complex grammar based language
model here to give an intelligent guess as to the next expected letter based on a lot
of domain specific knowledge. We must make a decision what amount of knowl-
edge must be inserted into the prior distribution for it to be good enough for our
practical purpose. Noting how much complexity was added going from single letter
to digram frequencies, we need to be careful before attempting to introduce a more
complex model as this may create more effort than the result is worth. In the case of
optical character recognition, the usefulness is however so large that several inde-
pendent projects have created models of great complexity at great expense resulting
in several commercial software packages.

In the case that we do not want to or cannot insert theoretical knowledge into
the construction of the prior distribution, we must construct it empirically. So let us
assume that we have a number of observations at our disposal x1,x2, - - - x,. The pa-
rameters 01, 6,,--- 6, that gave rise to these observations are unknown but we will
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8.167% j 0.153% s 6.327%
1.492% k 0.772% t 9.056%
2.782% 1 4.025% u 2.758%
4.253% m 2.406% v 0.978%
12.702% n 6.749% w 2.360%
2.228% o 7.507% x 0.150%
2.015% p 1.929% y 1.974%
6.094% q 0.095% z 0.074%
6.966% r 5.987%

Table 5.2 The probability of each letter in average English prose texts.

=pre th o Qa0 o
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4518 4 10 3912 2 3 571 79 537 71 10 32 39 8 4 9 6
131 11 64 107 392320 15 401 24643 120 4632 14 154 145 80 71641 17 17
2129 1 2514 1 6 211 10 3 2 38 3 4 8 4211 1 4 1

1

1

3

1121 132 31 16 10 41 3 23 21 7 13 8 2 1
84 1 2 1251 2 5 72 31 2 46 8§ 3 22 2 7 1
18 755 16 372710 83932169 63 21 106 88 14 11 4
2 4 4
28 8 3 3 2 1 3 3
34 7 8 28 72 5 1 571 355 4 1 28 22 212 19 8 2 5 47
56 9 1 2 48 1 26 5 3 2816 6 613 2 3
118 64 875 9 373 310 7 9 65 7 5 5111012 415 114
91818 16 394 3 3 13 51744145 2329 113 37 5396 13 36 42

21 1 40 7 8 29 28 26 42 3 14 7 1 2
20

57 414 16148 6 6 3 771111215 12 54 8 18 39 63 6 510 17
751321 6 8413 6 30 42 2 614 19 7124 2 6 4112130 227 4
5614 6 9 94 5 1315128 1214 8111 8 30 32 5322 416 21

18 517 11 11 112 2 5 28 9 33 217 49 42 45 1 11
15 53 19 6

32 3 4 30 1 48 37 4 1 10 17 2 1 3 6112

3 5 1 4 1 4 11

111110 4 12 3 5 5 18 6 4 3 28 7 517 21 1 314

N<XE<LCHumOTOZEr R I QmmIOw»
wn
N
~
e

5 2 1 1

Table 5.3 The relative letter digram frequencies as measured on one English prose text. They
are ordered in that the letter on the vertical axis precedes the letter on the horizontal axis in any
individual diagram, so that the relative frequency of the digram “AB” is 32 and not 8.

assume that they are independent and identically distributed. Then we can group
the observations into sets that are as homogeneous as possible within the set and as
heterogeneous as possible between the sets. This is exactly the unsupervised clus-
tering example that we introduced via the method of k-means in section 5.3.4 and
illustrated in section 5.4 using the self-organizing map.
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5.8.3 Determining the Sampling Distribution

The sampling distribution f(x|0) is a distribution of the observable x for every value
of the parameter 6. In our case, it is the distribution of all possible letter images
for every possible letter. A particular letter, when it is transformed into an image
can be rotated, skewed, squeezed, expanded, thinned, thickened and so on. Various
mechanisms exist to make the letter image look different from a prototypical letter
image — just compare your handwriting to machine typing.

Generally, we would have to have domain knowledge to construct this distribu-
tion. If this is unavailable, we may construct it empirically as we did above. We
simply ask many people to write text and take this as our distribution, see section
5.4. When we cluster observations into clusters, the cluster determines the param-
eter and thus the prior distribution. The not quite homogeneous distribution inside
any particular cluster is the sampling distribution for that particular parameter.

Please note that there is a snag: Unsupervised clustering generally produces clus-
ters that may or may not coincide with your intended parameter. In fact, a single pa-
rameter may actually correspond to several clusters because there are various ways
to distort the parameter that are very different.

In many cases, the connection between the parameter and the observation is in-
deed a very similar one to the case of the letter, i.e. the connection is that an idealistic
concept is transformed into a physical reality via a series of mechanisms that dis-
tort the original prototype in various ways. Thus there is a channel from prototype
to real object and this channel adds noise to the signal is some fashion. This noise
must be removed for us to recover the original prototype.

5.8.4 Noisy Channels

There are two branches of science that deal with noisy channels. From an engineer-
ing point of view, we focus on the noisy channel in that we will focus on actively
building a channel that has the property that we can later on remove the noise as
much as possible. This view led to the construction of the television or telephone
channels that are both noisy but allow the noise to be removed at the recipient’s end
sufficiently well to suit the user’s needs. From a computer science point of view, we
focus on cybernetics or control theory in that we will focus on a given noisy channel
that we cannot influence and we must remove the noise as best we can. An example
of this is handwriting: We cannot influence the author’s handwriting and must do
the best we can to recognize the intended letters via optical character recognition.
Please note carefully the difference here. In the first, we are building a chan-
nel with the noise removal problem on our mind. In the second, we are given an
imperfect channel and told to remove the noise. The focus shifts from making an
ideal channel to making a noise removing machine. Furthermore, when building the
channel, we know to some extent the noise that the channel will add and this knowl-



5.8 Bayesian Statistical Inference and the Noisy Channel 111

edge helps in later removal attempts but when given an existing channel, we do not
generally know how it adds the noise. We will briefly present both approaches here.

5.8.4.1 Building a Noisy Channel

In constructing a channel we will want to reduce as much as possible the noise that
the channel adds. For example, we want to measure the temperature in a process
and convey this measurement to a process control system. The original reality is
a substance that has a certain temperature. Via a sensor, cables, analog-to-digital
converters, filters and so on, the information arrives at the process control system in
the form of a floating-point number. This will be stored once every so often or, as is
commonly done, if the value changes by more than a certain amount from the last
measurement.

A noisy channel is generally characterized by a input alphabet (possible temper-
atures) A, an output alphabet (possible temperature readings) B and a set of con-
ditional probability distributions P(y|x). We may construct a transition probability
matrix

Qji=Ply=bjlx=a)

which gives the probability that the original temperature qg; is displayed as the read-
ing b;. A probability distribution over the input (temperatures) py, which is a vector,
may thus be converted into a distribution over the outputs (readings) p, by multi-
plying it with the transition matrix like this: p, = Qp,.

As we can influence the channel itself because we are building it, what can we
do to increase our chances of correct reconstruction? That’s right, we insert the
same information into the channel more than once. For very important temperature
measurements, the industry generally installs three sensors and the process control
system records the measurement if at least two sensors agree. There are a plethora
of other engineering changes that can be made to make the channel more reliable.
They include procuring a good sensor with little drift and good aging properties,
installing it in a location where it is not likely to get damaged, dirty or overheated,
insulating the cables, setting the recording threshold low so that many value are
stored and so on.

Mathematically speaking, we would control the manner in which a source signal
(your voice) is encoded into electrical form over the channel (telephone) to arrive at
the decoding output (speaker). We may do this via special mathematical techniques
of including some, but not too much, extra information to allow the decoder to cor-
rect some of the errors that are introduced inside the channel. The adding of extra
information reduces the capacity of the channel and so it is important to add the
right amount. There is a large theory on exactly how much is the right amount of
extra information in order to be able to decode enough of the signal for all practical
purposes. Of course, this requires the “practical purpose” to be specified very accu-
rately first. We will not go into this, as this goes beyond the scope of this book. You
will find this under the headings of information theory or communication theory.
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5.8.4.2 Controlling a Noisy Channel

In real life, we are more often concerned with controlling a noisy channel. That is,
the channel and the encoding mechanism exist and cannot be modified. Our task
is exclusively restricted to decoding, i.e. recovering the original prototype from the
signal which consists of the original prototype and some noise. As the noise is gen-
erally not uniformly random but rather structured in some fashion this becomes a
challenge.

Simply put, at one end we have the physical reality that we cannot directly ob-
serve, then we have a channel whose operation we do not know and at the other
end we have the output that we can measure. Let us consider the channel to be a
black box. Let us also suppose that we can arrange for the physical reality to be in a
particular known state, at least for the purposes of experimentation if not in the final
application stage. Then let us present the known physical state to the black box and
observe the output. We repeat this for many trials. If we chose our inputs carefully
(for example by a design of experiment, see section 3.2), then we will have observed
the functioning of the channel in all important modes of operation.

What we are left with is a relationship between inputs A and outputs B. The
channel is then a function B = f(A). Our task is to obtain the function from the
data. This is a problem of modeling that we will tackle in chapter 6.

For the moment, we will assume that the function is determined. Now, we can
compute, for any input what its corresponding output will be. But we can do more.
If we invert the function A = f~!(B), then we may compute the input for a given
observed output. This finally solves the problem of determining the reality that gave
rise to an observation. Of course, it is possible to construct the inverted function
directly via modeling, there is no need to first model f(---) only to then construct
f7Y(--+). It is however often useful to have both orientations of the function on
hand because f(---) is effectively a simulation of the real system and can be used
for experimentation and f~!(---) is a back trace for any output.

Suppose that we are capable of influencing the inputs A in some ways, then we
can take B = f(A) and ask the question: What is the value of A such that a function
of the outputs g(B), the so-called goal function or merit function, takes on the max-
imum (or minimum) value possible? This is an optimization question that we will
tackle in chapter 7.

The topic of developing the model f(---) is effectively the development of the
sampling distribution in the Bayesian inference approach. Please note that there is
no contradiction between inverting the function and using Bayes’ approach. The
difference in method also yields a difference in output. The Bayesian inference ap-
proach does not yield a single answer (as the inversion approach does) but it yields
the distribution of possible answers.

In practice we may be boring and desire a single answer but for more scientific
work we may indeed be interested in the distribution. Also, for practical work, we
would indeed be interested in the confidence (or probability) with which we may ac-
cept the single most likely answer. Perhaps the single answer of inversion is the most
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likely answer in Bayesian terms but there may be other answers that are sufficiently
competitive that we actually cannot be confident in our conclusion.

5.9 Non-Linear Multi-Dimensional Regression

5.9.1 Linear Least Squares Regression

The word regression refers, in the context of statistics, to a collection of methods
that infer a function describing a set of known observations. Often, regression is also
referred to as curve fitting. A simple example is the fitting of a straight line to a set
of two dimensional observations, see figure 5.15.

The simplest example is linear regression where we have observations of two
variables (x;,y;) and wish to deduce a straight line y = mx + b from this data. Our
task, therefore, is to determine a slope m and an intercept b such that this straight
line fits the observed data best. The critical word here is “best” because we will need
to define very carefully what we mean by best. The classic criterion is to minimize
the squared difference between model and observations, which is called the method
of least squares. Thus, we take

D:Z(yi—)’)z :Z(}’i_mxi_b)z

and desire to minimize D in the space of all possible m and b.
The least squared sum is a simple function and so we can apply calculus to it, i.e.
the minimum has the first derivative equal to zero,

o _a
om b
Solving this leads to
¥ — %) (i — 7)
m=-——————— b=y —mx;
Y (x; — %) Y

i

where the over-line represents an average of the observed data. This method is very
simple and yields a result visible in figure 5.15.

Regression lends itself to more complex questions. We may principally make
matters more complex along three different directions: The observed data may be
in more dimensions, the function that we hope describes the data may be non-linear
and the criterion for “best” fitting may be more complex than the least squares crite-
rion. The investigation of methods, such as the above, in the large arena opened by
these three directions constitutes the field of regression.
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Fig. 5.15 An example of a linear regression line drawn through a set of observations in two di-
mensions.

5.9.2 Basis Functions

When the observations are multidimensional, we merely represent the observations
by a vector x;. The non-linearity of the function can be complex and varied. An im-
portant possibility is to work with basis functions. An example of the basis function
approach is a Fourier series in which we represent a function by a combination of
sines and cosines,

flx) = %0 +ay cos(x) + by sin(x) + ap cos(2x) + by sin(2x) + (5.13)
-« +apcos(nx)+b,sin(nx) +--- . (5.14)

The trick in such a representation is to answer the following questions: (1) Can
my function be represented in such a way in the first place?, (2) Does this series
converge to the true value of my function after a practical number of terms and how
many terms do I need? and (3) How do I calculate the values of the coefficients?

In the case of Fourier series, we may answer these questions: (1) If the function
is square integrable, then it may be represented in this way. A square integrable
function is one for which

oo

[ 1e)Pa

—o0

is finite. Note that this is true for nearly all functions that we are likely to meet in
real life. (2) It will converge to the true value of the function at every point at which
the function is differentiable. As the frequency of variation increases with each set
of terms, we may terminate the series after a number of terms such that further terms
would vary too rapidly for our practical purpose. In practice, we observe that this
number of terms is low enough for this to be practical. Note, for instance, that music
is represented (roughly) this way on a CD or in an MP3 file. (3) There are formulas
for working out the value of the coefficients. We will not present them here as this
would carry us too far afield.
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In summary, the sines and cosines form a basis in which we may expand square
integrable functions. There are other bases for other types of functions but the
Fourier series is the most important one for practical applications.

Another important basis is the polynomial basis, i.e. the fact that any polynomial
function can be written in terms of the powers x". So we may put

y=bo+bix+byx® +b3x> + -+ by

This is suitable if the dependency of y upon x has n — 1 extrema (local maxima
and minima) and n — 2 points of inflection. To determine the b;, we apply the same
method as before. We form the least squares sum

D:Z(yi_bO_blxi—bzxiz—b3x? _..._bnxl(t)z
i

and then put the first derivatives equal to zero

oD

This yields a system of equations that can be solved using matrix methods (e.g.
Gaussian elimination) and you are left with a regression polynomial.

5.9.3 Nonlinearity

The above example of using the polynomial basis to obtain a function that is non-
linear in the independent variable x is a popular method. It leaves us with the ques-
tion of determining the “correct” value of n. The answer to this is complex because
we first need to agree on a criterion that would allow us to objectively judge the
quality of a particular choice. There are various possibilities but the least squares
sum will also be useful here, i.e. select that n that minimizes D over the space of all
n. This can easily be determined with a little computation.

Let us recall Taylor’s theorem from our school days. In the simple version, it
states that any n+ 1 times differentiable function f(x) can be approximated in the
neighborhood of a point x = a by

fx) ”f(a)ﬁ-f/(a)(x—a)—&—@(x—a)z—i—@(x_a)ly..._|_7

The approximation is at least as accurate as the remainder term

EAGRIOTN
R—a/(n)!(x—t) dr.



116 5 Data Mining: Knowledge from Data

Simply put, we may approximate any reasonable function by a polynomial within
some region around an interesting point.

Because this theorem applies to virtually every function that we are likely to meet
in daily life, the polynomial basis is a valid approximation for virtually any function
within a certain convergence interval. Of course, practically it will not be easy to
determine the convergence interval but it can be determined by experimental means
(deviation between polynomial and reality).

Strictly speaking, we must analyze the remainder term R and show that it ap-
proaches zero in the limit of n approaching infinity. If we can do this, the function
is called analytic and its series expansion will converge to the function within a
neighborhood around a. The neighborhood’s size can be determined by determining
the range of values for which the remainder tends to zero for infinite n. With closed
form functions, we can compute this but with empirically determined functions, we
must compare the output of the polynomial to experimental data.

To truly capture a real life case however, we need to be able to consider sev-
eral independent variables. We will denote the variables by x;) to distinguish them
from the respective empirical measurements x;) ;. Thus, if we want the fifth empir-
ical measurement of the third variable we would say x(3)s5. If we now take m such
variables and combine them to a maximum power of n, then the function is

nfz n— i17i27-~-7im,1

n —ij— o |
= ilZ:’ Z:’ Z:’ Z b"liZ"'imxl(i'l)x(Z) .. x’(»;:n)
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As before, we form the least squares sum

n n—ipn—ij—ip n—iy—ipg——ipy_1 ) ) ) 2
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To determine the parameters, we again perform the relevant partial derivatives and
solve the ensuing system of coupled equations to arrive at the b; ...,

The m will be apart from the problem specifications, it is equal to the number
of independent variables that are available. However, we must be careful here: Not
all available variables really do influence y (enough to matter)! Thus, we must be
careful to choose only those independent variables that have a relevant and signifi-
cant influence and this is a matter of some delicacy that requires domain knowledge
about the source of these variables.

The n may be determined as before by performing several computations with
diverse n and comparing D.

In this manner, we may deduce a non-linear model from data that will be valid
at least locally. Please note that such models are inherently static as we have said
nothing about time — time is not just another variable as it represents a causal corre-
lation between subsequent measurements of the same variable and creates a totally
different complication.
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5.10 Case Study: Customer Segmentation

At a major European wholesale retailer, hoteliers, restaurants, caterers, canteens,
small- and medium size retailers as well as service companies and businesses of
all kind find everything they need to run their daily business. Every customer has a
dedicated membership number and card. Due to this, it is possible to attribute every
item sold to a particular customer.

Customer segmentation in general is the problem of grouping a set of customers
into meaningful groups based e.g. on their profession or based on their buying be-
havior. In this particular case, it also allows us to trace which customers belong to
these groups because we are aware of their (business) identities. This trace possibil-
ity is attempted by many other retailers via loyalty programs in which clients also
allow the retailer to attach their identity to the products purchased.

Globally speaking it is interesting to find out buying patterns that can be detected
in a certain group of clients. Based on a more detailed description of these groups
and investigations on cause and effect for the actions of these groups, it is then
possible to adjust the business model to react to such features, for example with
targeted advertising such as specific products offerings to specific customers based
on their purchasing habits.

Such an investigation has taken place for a dataset of all sold items in two stores
over one calendar year. This included over 31 million transactions. The investigation
included no particular questions to be answered and no a priori hypotheses to be
confirmed or denied. The goal was to find any structures that might be economically
interesting from the point of marketing to these clients.

The methods used to treat the data were diverse in nature. We used descrip-
tive statistics, non-linear multi-dimensional regression analyses in all dimensions,
k-means clustering and Markov Chain modeling. The aims were as follows:

1. Descriptive Statistics [91]: To get an overall feel for the dataset and its various
sections as discovered by the other algorithms. This includes correlation analy-
ses. In supporting the Markov chain methodology, this also includes Bayesian
prior and posterior distribution analysis, which is able to tell, for example, in
which order in time events happen (leads to cause and effect conclusions).

2. Nonlinear multidimensional regression [40]: To get a dependency model of the
variable among each other. Expressing variables in terms of each other can lead
at once to understanding and also dimensionality reduction.

3. k-means clustering [44]: To find out which purchases/clients belong into the same
phenomenological group and thus determine the actual segmentation that the
other methods describe.

4. Markov Chain modeling [44]: To model the time-dependent dynamics of the
system and thus to find out what stable states exist.

Several descriptive conclusions are available to help with the understanding of
the dataset. We present them here in a descriptive format as this is all that is required
for understanding the final result. In the actual case study, these conclusions can be
made numerically precise:
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1. The total amount of money spent per visit is, statistically speaking, the same per
visit for any particular client. Thus, in order to increase total revenues, the key is
to increase customer traffic — either by getting a client to come more often or by
attracting new customers.

2. Customers will generally go to the store closest to their own locations (in this
study their place of business since we are dealing with a wholesaler). The prob-
ability of visiting another store decreases exponentially with distance.

3. The high seasonal business is focused in the aftermath of the summer school hol-
idays and the preparations for Christmas. The low seasonal business is focused
in the summer school holidays and during the early year post Christmas.

4. The total amount of money spent per year and per visit as well as the number
of articles purchased depends highly on the type of client and the geographical
region. This has a significant effect upon storage and logistics planning.

5. The majority of clients very rarely shop in the store. There is a core group of
clients that shop quite regularly.

6. The products and product groups sold depend strongly on regional effects and on
the visit frequency of a customer.

7. Certain products are generally bought in combination with certain other products.
Thus, we may speak of a “bag of goods” that is generally bought as a whole. The
contents of this bag depend upon the customer group and geography.

8. Via Bayesian analysis and Markov Chain modeling it is possible to deduce that
the purchase of a certain product causally leads to the purchase of another product
as an effect of the initial purchase. An example is that a purchase of fresh meat
directly leads to the purchase of vegetables, cheese, and other milk products.

To summarize these conclusions, we may say that the customer behavior depends
upon geography, product availability, time of the year and certain key products. It
was determined that the following factors offer a significant potential in order to
improve the profitability of the retail market (most significant first):

1. Individual marketing [42]: Customers tend to be interested in a narrow range of
products. It is educational to cluster the customers into interest groups. We find
that there are less than 10 clusters that hold a significant number of customers
and that are sufficiently heterogeneous in terms of the products they offer to
really divide the customers into different groups. These different interest groups
could now be treated differently in some ways, e.g. by sending them advertising
materials specifically targeted towards their interest group.

2. Price arbitrage: In each important product group there is a particular product
that is the causal product in the group. This means that if the customer buys
this product, then the customer will also buy a variety of related products in this
category. This cause-effect relationship may be used to make this key product
more attractive in order to boost sales in the entire product group. One way to do
this is to lower the price of the key product (and raise the prices of the non-key
products in the same category). It can be shown that the causal relationship is
independent of price changes. However, the identity of the key product is not a
universal in that there are regional differences.
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3. Geography: Most sales are made to customers whose place of business is 20 to
40 minutes away from the store. At an average travel speed of 30 km/h, this is an
area of approximately 940 km?, which is comparable to the size of a moderate
sized city. The wholesaler can focus his efforts, e.g. when establishing one-to-
one contacts with his customers, in this area. Promotional activities in this area
like billboard advertising on major roads may also be effective.

4. Time of the year: The main purchase times are March, August and pre-Christmas.
The low times are January, February and summer holidays. The rest of the year
corresponds to the average purchase activity. The advertising should reflect this
trend, focusing on and exploiting the seasonal peaks.

Due to non-disclosure, we have presented the conclusions at such a high-level.
The procedures of data-mining are able to output a quantitative presentation of these
results (also with uncertainty corridors) that allows these conclusions to act as a firm
basis for business decisions.

We note that these conclusions were the result of blind analysis. That is, data of
31 million transactions were given to the mining algorithms without specifying ei-
ther questions or hypotheses. These algorithms output data that could be interpreted
by an experienced human analyst to the above conclusions in just a few hours.

Based on these results we may now ask a number of specific questions to make
the results clearer, especially when decisions have to be taken to implement changes
based on these findings. We will not go into such an interactive question-answer
process.

Despite the wish to know more, these conclusions are quite telling and provide
valuable material for high level decision making. This illustrates very well the power
of data-mining. We have converted a vast collection of data into small number of un-
derstandable actionable conclusions that can be presented to corporate management.
Moreover, we have been able to do so quickly. This procedure may well be auto-
matically reproduced monthly to track changes to customer behavior. One caveat
remains however: The challenge for any data-mining approach in a “bricks and
mortar” business is to translate the findings into successful operational business
concepts.






Chapter 6
Modeling: Neural Networks

6.1 What is Modeling?

A mathematical model is a mathematical description of a system. This may take the
form of a set of equations that can be solved for the values of several variables or it
may take the form of an algorithmic prescription of how to compute something of
interest, e.g. a decision tree to compute whether a produced part is good or bad.

It is wrong to think that all models can be written in traditional equation format,
e.g. y = mx+ b no matter how complicated or simple the equation is. Frequently, it
is far simpler to include a step-by-step recipe based on if-then rules and the like to
describe how to get at the desired result. The model is thus this recipe.

Modeling is a process that has the mathematical model as its objective and end.
Mostly it starts with data that has been obtained by taking measurements in the
world. Industrially, we have instrumentation equipment in our plants that produce
a steady stream of data, which may be used to create a model of the plant. Note
that modeling itself converts data into a model — a model that fits the situation as
described by the data. That’s it.

Practically, just having a model is nice but does not solve the problem. In order
to solve a particular practical problem, we need to use the model for something.
Thus, modeling is not the end of industrial problem solving but modeling must be
followed by other steps; at least some form of corporate decision making and anal-
ysis. Modeling is also not the start of solving a problem. The beginning is formed
by formulating the problem itself, defining what data is needed, collecting the data
and preparing the data for modeling. Frequently it is these steps prior to modeling
that require most of the human time and effort to solve the problem.

Mathematically speaking, modeling is the most complicated step along the road.
It is here that we must be careful with the methodology and the data as much hap-
pens that has the character of a black box.

Generally speaking modeling involves two steps: (1) Manual choice of a func-
tional form and learning algorithm and (2) automatic execution of the learning algo-
rithm to determine the parameters of the chosen functional form. It is important to
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distinguish between these two because the first step must be done by an experienced
modeler after some insight into the problem is gained and step two is a question
of computing resources only (supposing, of course, that the necessary software is
ready). In practice, however this two-step process is most frequently a loop. The re-
sults of the computation make it clear that the manual choices must be re-evaluated
and so on. Through a few loops a learning process takes place in the mind of the
human modeler as to what approach would work best. Modeling is thus a discovery
process with an uncertain time plan; it is not a mechanical application of rules or
methods.

Fig. 6.1 A neural network is trained to distinguish two categories. After a few training steps (a)
and two intermediate steps (b) and (c), the network settles into its final convergent state (d). In this
case it may take approximately 200 iterations of a normal neural network training method to reach
the final state.

Let us take the example of fitting a curve through a set of data points. First, we
choose to fit a straight line, i.e. y = mx + b. Second, we use the linear least-squares
algorithm to determine the values of m and b from the collected data. The result is
the model, i.e. specific values for a and b. The algorithm used in the second step
will produce the best values for the parameters that it can, given the functional form
and the data. It will make an output even if a straight line is a patently poor fit for
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the data. Thus, it is essential to understand what type of model even has a chance
to correctly model the data. Frequently model types are chosen that are provably so
flexible that they can be used for nearly all data.

An example of this is the neural network that we will deal with in this chapter.
It can model virtually any relationship present in a dataset. However, this statement
must be taken with some salt as it is contingent upon a variety of conditions such as
that the number parameters may have to be increased indefinitely for this statement
to hold. That would pose a practical problem, of course, because we desire to have
many fewer parameters in the model than we have data points and clearly the data
points are finite in number. If we had many parameters, then the model would be no
better than a simple list of data points and the modeling step would not provide us
with knowledge.

It is precisely the compactification of lots of data into a functional form with a
few parameters that encapsulates the knowledge gain of the modeling process. We
can attempt to understand the model because it is “small.” We can use the model to
compute what the system will be like at points that were never measured (interpo-
lation and perhaps extrapolation). If the number of parameters were too large, the
model would merely learn the data by heart and we would loose both advantages —
a situation known as over-fitting.

Thus, it is fair to say that a model is a functional summary of a dataset — it is
a summary in that it encapsulates the same information in fewer numbers and it
is functional in that we may use it to generate information that is not immediately
apparent by evaluating it at novel points.

To make this clearer, we will look at an example in figure 6.2. This is a vibration
measurement on an industrial crane. The gray jagged line displays the raw data and
the dotted black line displays the cleaned data according to the methods of chapter
4. In fact, we have seen this example in figure 4.1 before. What we have added in
this figure is the solid black line.

30 4

00

Fig. 6.2 Here we compare raw data (gray) against filtered data (black dotted) and the model (black
solid) with a prediction into the future of the model.
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Please note that the input data (raw as well as denoised) lasts from time zero
to time 6500 minutes. This data is provided to a machine learning algorithm that
produces a mathematical formula for calculating the next value in time given the
previous values. Using this formula, we then attempt to re-create the known values
and then we will calculate some more in order to predict the future. What we see here
is that the model output (solid black line) for the time from zero to 6500 reproduces
the known denoised data (dotted line) so well that we can hardly tell them apart on
the diagram. That is a good sign.

Beyond reproducing the known data, the model is then used to compute values
for the time from 6500 to 8000 minutes. On the image, we have also graphed the
uncertainty in this prediction as we can no longer validate the prediction made due to
a lack of observations in the future. And so we see a line that slowly gains a greater
and greater uncertainty but remains within a well-defined corridor of values. The
formula found, the model, thus reproduces the known data and makes a prediction
that, on face value, makes sense. Whether this now corresponds to true reality, only
experimentation (waiting for the future) can reveal.

Once we are confident that the model can indeed predict the future, then we can
use the model to compute the future. On this basis, we may then, with confidence,
plan actions to prevent events we do not want to occur but of which we know now
that they will occur if we do nothing.

6.1.1 Data Preparation

We will assume that the data is already clean and so only contains data that is repre-
sentative of the problem that we wish to model; see chapter 4 for methods of getting
raw data this far. A factor that must be considered at this point is whether the data
is in the form that allows a machine learning algorithm to quickly learn the salient
features of the dataset.

We give a simple example to illustrate the point. Consider modeling the expected
rise/fall of a stock price as a function of the principal balance sheet components of
a company. To train this model, you may have data over several years from many
companies. Such a model will not be useful to predict a share price (too little data per
company) but it will reveal some interesting basic information. Two of the principal
balance sheet figures are, for example, the stock price and the earnings. The machine
learning algorithm will be able to learn that the expected rise/fall of the stock price
depends upon the ratio price-to-earnings but it will require both time and data for
making this conclusion. Since this is something that we humans already know, it
would have helped the algorithm if we had removed the column of price and that of
earnings and had inserted a column consisting of the ratio.

This example is referred to by the general injunction that one should add domain
knowledge into the training data set. We have not attempted to explain the dynamics
of the stock exchange to a neural network but rather we transformed the data into
a form that is conducive for learning just as we would purchase a colorful nice
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language learning book for our child as opposed to a mere dictionary to aid it in its
learning of a foreign language.

Another feature of data preparation for machine learning is that many learning
methods do not deal well with data that is collinear. What is meant by this is that
if we have two series of observations (e.g. a and b) that are related by a simple
linear transformation (e.g. a = mb + ¢ with m and ¢ constants), then the learner
can become confused by this. The reason why this is strange may be compared
to a situation with human beings. If we are trying to teach someone the meaning
of “chair” and illustrate this with examples of the same chair in a small and large
variety. The person who is to learn the concept may actually confuse the purpose of
the chair with the size relationship in the dataset and thus learn something entirely
unintended. This must be avoided by removing too simply related data from the
dataset.

It cannot be overemphasized that the form in which data is presented to a machine
learning algorithm has more influence on the accuracy of the final model than the
choice of learning algorithm (as long as it is a reasonable algorithm that has the
essential capability to learn the present problem). Thus, data preparation is a delicate
activity and must be aided by thought and domain knowledge.

Generally speaking, the following questions should be answered when modeling
industrial data:

1. Are all the relevant measurements present and have they been cleaned in the
sense of chapter 4?

2. Are only the relevant measurements present?

Have simple relationships been removed?

4. Can the data be transformed in some meaningful way in order to better represent
the phenomenon that is important for modeling?

et

6.1.2 How much data is enough?

When modeling, the question of how much data is needed always arises. Often, we
are limited by practicality. Getting data sometimes represents a cost, perhaps both in
time, money and effort. Having more data may also make learning slower. Increas-
ing the sample rate may just produce noise and not more valuable signal informa-
tion. Too little information is not enough and too much may be counterproductive
as well. Before we end up with too much data, there is definitely a long interval of
diminishing returns from getting more and more data.

One can philosophically say that an industrial process contains a certain amount
of information regardless of how much data we extract from it. We must make sure
that this information is represented in the data and by a reasonable amount of data.
Thus, we must choose the right amount of data that represents the greatest gain of
knowledge for the resources that we put into the acquisition of the data. Because this
is dependent upon the problem at hand, we need a quantitative measure of “enough.”
We will approach this in two steps.
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First, we will say that what we are really looking for is that if we have a reason-
able model of the situation, then an additional bit of data will improve the model
somewhat. As soon as we have reached the state where additional data does not al-
low a model improvement anymore, we may stop and say that we have enough data.
Thus, we define enough data as that amount of data that we need to get the model
to converge (to the right result), i.e. the model output for the validation data agrees
with the experimental measurements for the same dataset and no longer changes
appreciably with more data.

Second, we need to find a quantitative measure of convergence. This is provided,
for example, by the variance. After the model is generated, we compute the variance,
add more data, remodel and again compute the variance. In this way, we obtain the
relationship between the size of the dataset and the variance. This relationship is
roughly logarithmic, i.e. the variance rises with increasing data set size and eventu-
ally settles down to a more or less horizontal line. This can easily be detected and
there is your convergence point.

Equally well, this can be measured by the mean squared deviation between
model output and experimental data in the validation data set. This should behave in
roughly the same manner and thus provide the point at which training may profitably
stop.

Note that in this approach, it is not possible to calculate, a priori, how many
data points are needed. Rather it is a checking procedure, in dependence upon the
modeling method, to check if we already have enough. Any method to compute a
definite data volume before modeling begins will be a mere estimate. Note also that
the information content is not a simple function of data volume as, for example,
many repetitions of the same measurement do not add any information. The data
volume must, therefore have a suitably diverse population of points in it to aid the
analysis.

6.2 Neural Networks

The term neural network refers to a wide family of functional forms that are fre-
quently used to model experimental data. Historically, the creation of some of these
forms was motivated by the apparent design of the human brain. This historical
motivation aspect does not concern us here and will not be discussed.

For the present book, we shall distinguish between a functional form and a func-
tion by allowing the former to have numerically-undetermined parameters and re-
quire the later to specify numerical values for all parameters. So, for example,
sin(ax) with a a parameter is a functional form and sin(2x) is a function. This dis-
tinction is crucial in machine learning as the principal effort in machine learning is
always put into the methods of determining the numerical value of the parameters
in an a priori determined functional form.

Practically speaking, we begin with a dataset and decide (by some unspecified
and generally human procedure) that a certain functional form should be able to
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model that data. Then a machine learning algorithm determines the values of the
parameters. The end result is a function (without parameters) that models the data.
The topic of neural networks can be profitably split into two categories

1. A list of different functional forms, so-called networks, that can be used to model
data and their attendant properties such as

a. The kind of functions that can be represented,
b. Restrictions on the values of parameters,
c. Robustness properties, and

d. Scaling behavior.

2. A presentation of various algorithms used to determine the numerical value of
the parameters in the functional form and their attendant properties such as

a. Requirements on the training data form (labeled or unlabeled) or cleanliness
(signal-to-noise-ratio or other pre-processing requirements),

b. Speed of training,

c. Convergence rate, convergence target (local or global optimum) and robust-
ness of convergence, and

d. Practical issues such as termination criteria, parametrization or initialization
requirements.

Most books on neural networks mix these topics strongly and implicitly place a
focus on the second. In practice, however, it is important to distinguish the network
from the algorithm used to train it because we usually have a (largely) independent
choice for both network and algorithm and must be aware of the involved limita-
tions. For understanding, it is also important to know what a network can accom-
plish in the realistic case.

Training a neural network is a black art requiring much experience and depends
mostly on the person preparing the data (pre-processing) and selecting the train-
ing methodology and parametrization of the training method. Even then, the issue
of convergence to local optima typically requires significant tuning to a particular
problem before a function is found that represents the data well enough for practical
purposes!. For this reason, we will not be discussing training algorithms at all but
refer to the specialist literature for this purpose [69]. We mention in passing that
if you have a problem that you wish to model using neural networks and you are
not already an expert in training them, it is probably best to get an expert to do the
modeling for you as learning how to do it can require many months.

This chapter is intended to give the novice an overview of what neural networks
are, what they can and cannot do and to give a sense of the complexity of the topic.
Before going into the details, we need to discuss two important issues.

! Together, the neural network topology and the training method give rise to several variables
having to be chosen by the human modeler. On top of that, most training methods involve some
degree of random number generation, which means that each training run will be conducted slightly
differently and so results cannot be completely comparable. The exact effect of changing any one
of the initial parameters is unclear and so much stabbing in the dark may become necessary before
enough learning has happened in the modeler’s mind.
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First, neural network methods yield a function that describes a specific set of data.
What is first done to obtain this set of data or what is later done with this formula
is no longer an aspect of neural network theory or practice. As such, it is useful to
view a neural network as a summary of data — a large table of numbers is converted
into a function — similar to the abstract of a scientific paper being a summary. Please
note, that a summary cannot contain more information than the original set of data?;
indeed it contains less! Due to its brevity, however, it is hoped that the summary
may be useful. In this way, neural networks can be said to transform information into
knowledge, albeit into knowledge that still requires interpretation to yield something
practically usable.

Second, neural networks are intended for practical modeling purposes. The sum-
marization of data is nice but it is not sufficient for most applications. To be prac-
tical, we require interpolative and extrapolative qualities of the model. Supposing
that the dataset included measurements taken for the independent variable x taking
the values x = 1 and x = 2, then the model has the interpolative quality if the model
output at a point in between these two is a reasonable value, i.e. it is close to what
would have been measured had this measurement been taken, e.g. at x = 1.5. Of
course, this can only hold if the original data has been taken with sufficient resolu-
tion to cover all effects. The model has the extrapolative quality if the model output
for values of the independent variable outside the observed range is also reasonable,
e.g. for x = 2.5 in this case. If a model behaves well under both interpolation and
extrapolation, it is said to generalize well.

A neural network model is generally used as a black-box model. That is, it is
not usually taken as a function to be understood by human engineers but rather as
a computational tool to save having to do many experiments and determine values
by direct observation. It is this application that necessitates both above aspects: We
require a function for computation and this is only useful if it can produce reasonable
output for values of the independent variables that were not measured (i.e. compute
the result of an experiment that was not actually done having confidence that this
computed result corresponds to what would have been observed had the experiment
been done).

The data used for training can be obtained from actual experiments or alterna-
tively from simulations — neural networks are not concerned with the data source.
Simulations of physical phenomena are often very complex as they are usually done
from so-called first principles, i.e. by using the basic laws of physics and so on to
model the system. As these simulations take time, they cannot be continuously run in
an industrial setting. Neural networks provide a simpler empirical device by adjust-
ing the parameters of a functional form until the so-determined function represents
the data well.

2 Whatever is in the data will hopefully also be in the network but there is no guarantee of this as
the summarization process is a lossy process. Whatever is not in the data, however, is definitely
not in the network. We must thus not expect a neural network to divine effects that have not been
measured in the data. Issues such as noise and over-representation of one effect over another can
produce unexpected results. That is the reason why pre-processing is so important.
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This represents the major advantages of neural networks: They are (1) easier to
create than first principles simulations, (2) can capture more dynamics than nor-
mal first principles model due to them modeling actual experimental output and not
idealized situations, (3) once existing, are easy and fast to evaluate. They are thus
practical and cheap. The price that must be paid for this practicality is that the way in
which the function is obtained and the resultant function itself are both not intended
for human understanding. Questions such as ‘why’ and ‘how’ must thus never be
asked of a neural network. We may only ask ‘what’ the value of some variable is.

6.3 Basic Concepts of Neural Network Modeling

The dataset that will be used as the basis for obtaining the neural network contains
several variables. For better understanding, we include a very simple example in
table 6.1. We have three variables x1, x> and y; in this table. Each variable has an as-
sociated measurement uncertainty or error A (x;), A (xz) and A (y1). It is important
to note that no observation whatsoever is fully accurate and so there are always mea-
surement errors. Frequently, however, their presence is ignored for basic modeling
purposes. We include them here because they have significant effects for industrial
practice.

XA (x)| x|A)] yi]A ()
1.2 0.1] 2.3 0.2] 0.1 0.01
14 0.1 3.1 0.2 0.2] 0.01
1.6 0.2 3.2 0.2| 0.3] 0.02
1.8 0.2 3.5 0.3| 0.4| 0.05

Table 6.1 An example data set for training a neural network. Note the presence of uncertainty
measurements as well. This is important in practice as no measurement in the real world is totally
precise.

The variables must first be classified into dependent and independent variables
or, to use neural network vocabulary, into output and input variables respectively.
We will decide that the two x variables are independent and yield the single y vari-
able that is the dependent variable. We could have arbitrarily many independent and
dependent variables in general; there is no fundamental limitation.

Thus, we look for some function f(---), such that y; = f(x1,x;). In gen-
eral, when we have many variables, we represent their collection by a vector,
x = {x1,x2,--- }. The general function is thus,

y=f(x)

knowing Ax;, we may compute Ay by
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ay? =5 (20 (a2

i

Having classified the variables into input/output for the function, we must clas-
sify the type of output variable. There are two principal options. An output variable
may be numeric or nominal. If a variable is numeric, its numerical value has some
significance and so it makes sense to compare various value to each other, e.g. a
temperature measurement. The function to be modeled is thus a regular mathemati-
cal function that could be drawn on a plot. If a variable is nominal, then the value of
the variable serves only to distinguish it from other values and its numerical value
has no significance. We use nominal values to differentiate category 1 from cate-
gory 2 knowing that it is senseless to say that the difference between category 2 and
category 1 is 1.

Neural networks are very often used for nominal variables and many are specifi-
cally intended to be classification networks, i.e. they classify an observation into one
of several categories. Empirically, it has been found that neural network methods are
very good at learning classifications.

Generally, most neural network methods assume that the data points illustrated
in the above sample table are independent measurements. This is a pivotal point in
modeling and bears some discussion.

Suppose we have a collection of digital images and we classify them into two
groups: Those showing human faces and those showing something else. Neural net-
works can learn the classification into these two groups if the collection is large
enough. The images are unrelated to each other; there is no cause-effect relation-
ship between any two images — at least not one relevant to the task of learning to
differentiate a human face from other images.

Suppose, however, that we are classifying winter versus summer images of nature
and that our images were of the same location and arranged chronologically with
relatively high cadence. Now the images are not independent but rather they have a
cause-effect relationship ordered in time. This implies that the function f(---) that
we were looking for is really quite different,

y=f(x) — Yi=f(Xi—1,Xi—2," - ,Xi_n) -

In this version, we see a dependence upon history that implies a time-oriented mem-
ory of the system over a time length % that must somehow be determined. Depending
on the dynamics of the time-dependent system, the memory of the process does not
have to be a universal constant, so that in general & = h(i) is itself a function of time.

As a consequence of this, we have network models that work well for datasets
with independent data points (see section 6.4) and others that work well for datasets
in which the data points are time-dependent (see section 6.5). The networks that
deal with independent points are called feed-forward networks and form the his-
torical beginning of the field of neural networks as well as the principal methods
being used. The networks that deal with time-dependent points are called recurrent
networks, which are newer and more complex to apply.
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6.4 Feed-Forward Networks

The most popular neural network is called the multi-layer perceptron and takes the
form

y=ay(Wy-ay_i (Wy_i----a; (Wi -x+by)---+by_1)+by)

where N is the number of layers, the W, are weight matrices, the b; are bias vectors,
the a;(-- - ) are activation functions and X are the inputs as before.

The weight matrices and the bias vectors are the place-holders for the model’s
parameters. The so-called topology of the network refers to the freedom that we
have in choosing the size of the matrices and vectors, and also the number of layers
N. Per layer, we thus get to choose one integer and thus have N + 1 integers to
choose for the topology. The only restriction that we have is the problem-inherent
size of the input and output vectors. Once the topology is chosen, then the model
has a specific number of parameters that reside in these matrices and vectors.

The activation functions are almost always functions with the shape of a sinusoid,
for example tanh(---).

In training such a network, we must first choose the topology of the network and
the nature of the activation functions. After that we must determine the value of the
parameters inside the weight matrices and bias vectors. The first step is a matter of
human choice and involves considerable experience. After decades of research into
this topic, the initial topological choices of a neural network are still effectively a
black art. There are many results to guide the practitioners of this art in their rituals
but these go far beyond the scope of this book. The second step can be accomplished
by standard training algorithms that we mentioned before and also will not treat in
this book (see e.g. [69]).

A single-layer perceptron is thus

y=a(W-x+b)

and was one of the first neural networks to be investigated. The single-layer per-
ceptron can represent only linearly separable patterns. It is possible to prove that a
two-layer perceptron with a sigmoidal activation function for the first layer and a lin-
ear activation function for the second layer can approximate virtually any function
of interest to any degree of accuracy if only the weight matrices and bias vectors
in each layer are chosen large enough. In practice, we find that perceptrons with
between two and four layers are used very frequently to model data.
Such a two-layer perceptron looks like

y =m (W -tanh (W, -x+b;)+b)

where m is a scalar and where we get to choose the size of the two weight matrices
to match the problem.
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This approach is used both for numerical data and for nominal data and is found
to work very well indeed. Many industrial applications are based on perceptrons,
e.g. adaptive controllers.

6.5 Recurrent Networks

The basic idea of a recurrent neural network is to make the future dependent upon
the past by a similar form of function like the perceptron model. So, for instance, a
very simple recurrent model could be

x(t+1)=a(W-x(t)+b).

Note very carefully three important features of this equation in contrast to the per-
ceptron discussed before: (1) Both input and output are no longer vectors of values
but rather vectors of functions that depend on time, (2) there is no separate input and
output but rather the input and output are the same entity at two different times and
(3) as this is a time-dependent recurrence relation, we need an initial condition such
as x(0) = p for evaluation.

The above network, if we choose the activation function to be

1 z>1
alz)=¢z —1<z<1,
—1 z< —1

is called the Hopfield network and is a very good classifier. The methodology is
like this: (1) Every one of the possible categories is characterized by a vector of
values called a primary pattern, (2) each item to be classified is also characterized
by a similar vector of values, (3) the network is trained using a specialized training
algorithm, (4) the characterizing vector of an as-yet-unclassified item is input into
the network as the initial condition p, (5) the network is now iterated in “time” until
the vector converges to an unchanging state, (6) this convergent state is one of the
primary patterns and thus the classification is done. This network uses the concept of
time to accomplish a static task in which actual time does not play a role. If correctly
constructed, the time iteration can make the network numerically more stable and
so produce more reliable answers than for a static network like the perceptron.

N

Fig. 6.3 The first three digits as input to train a Hopfield network to recognize these digits.
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We demonstrate the issues by means of a common example, recognition of digits.
In figure 6.3 we display the bit pattern of three digits that we wish to recognize
using a Hopfield network. Each two-dimensional pattern can easily be converted
into a single dimensional vector of bits by joining each column on the bottom of the
previous column. Thus, the digit 0” becomes the vector

X0 = [011110100001100001100001100001011110]T.

With this setup, we can train the Hopfield network and obtain the matrix W and the
vector b. Using this network, we may then classify new inputs.

Figure 6.4 displays the results of verifying the network on novel input. We see
that if we occlude 50% of the original pattern, we retrieve the correct result. How-
ever, if we occlude 67%, then we will get errors in recognition. If the network is
presented with noisy inputs, the network will make an identification that is the same
as a human being would have made. Thus, we conclude that the network is sensible
in its classification.

We have thus been able to represent the difference between the first three dig-
its in a Hopfield network. This is roughly the principle by which optical character
recognition is done even though fancier techniques are being used in commercial
software to make the system less error prone.
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Fig. 6.4 Several test patterns for the digit recognizing Hopfield network and their associated out-
puts. Test set (a) includes 50% occluded inputs. Test set (b) includes 67% occluded inputs. Test set
(c) includes noisy inputs.

A very new type of recurrent neural network is the echo state network. This uses
the concept of a reservoir, which is essentially just a set of nodes that are connected
to each other in some way. The connection between nodes is expressed by a weight
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matrix W that is initialized in some fashion®. The current state of each node in the
reservoir is stored in a vector x(¢) that depends on time ¢.

An input signal is given to the network u(z) that also depends upon time. This is
the actual time-series measured in reality that we wish to predict. The input process
is governed by an input weight matrix W that provides the input vector values to
any desired neurons in the reservoir. The output of the reservoir is given as a vector
y(#). The system state then evolves over time according to

x(t+1) :f(w-x(z)+wi".u(t+1)+wfb-y(z))

where W/? is a feedback matrix, which is optional for cases in which we want
to include the feedback of output back into the system and f(---) is a sigmoidal
function, usually tanh(---).
The output y(¢) is computed from the extended system state z(r) = [x(¢);u(z)] by
using
y(t) =g (W™ -2(t))

where W is an output weight matrix and g(- - -) is a sigmoidal activation function,
e.g. tanh(---).

The input and feedback matrices are part of the problem specification and must
therefore be provided by the user. The internal weight matrix is initialized in some
way and then remains untouched. If the matrix W satisfies some complex condi-
tions, then the network has the echo state property, which means that the prediction
is eventually independent of the initial condition. This is crucial in that it does not
matter at which time we begin modeling. Such networks are theoretically capable
of representing any function (with some technical conditions) arbitrarily well if cor-
rectly set up.

An example of this can be seen in figure 6.5. The original time-series is the very
detailed spiky line. The smooth curve on top is an echo state network with many
nodes in the reservoir and the thick line that seems to have a slight time delay is an
echo state network with a small number of nodes in the reservoir. In this case, the
time-series has a financial origin, it is the Euro to US Dollar exchange rate. We see
that such a signal can be modeled to sufficient accuracy using an echo state network.

Please note again at this point the principal difference between a time-series in
which the points are correlated in time and the classification of observations into
categories in which the observations are not correlated at all. The correlation in time
makes it necessary to use much more sophisticated mathematics.

3 Generally it is initialized randomly but substantial gain can be got when it is initialized with some
structure. At present, it is a black art to determine what structure this should be as it definitely
depends upon the problem to be solved.
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Fig. 6.5 The prediction of the Euro to US Dollar exchange rate over 1.5 years.
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The injection molding technology is a widely used technology for the mass pro-
duction of components with complex geometries. Almost all material classes can
be processed with this technology. For polymers the pelletized material is injection
molded under elevated temperature in a mold cavity showing the negative structure
of the resulting part. The part is cooled down and ejected to the finished component.

In the case of metals and ceramics the so called metal injection molding (MIM)
or ceramic injection molding (CIM) process is applied. Both processes fall under the
umbrella term powder injection molding (PIM). In all cases, the material powder is
mixed with a binder system composed of polymers and/or waxes. This so-called
feedstock is subsequently injection molded compared to the described polymer ma-
terial. The ejected parts are called green parts still contain the binder material that
acted as flowing agent during the injection molding process. To remove the binder,
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the components have to be debinded in a solvent or water solution for a certain
amount of time. Subsequently, a thermal debinding step is needed to decompose the
residual binder acting as backbone in what is now called the brown part. During
the final sintering step, the parts are heated up to approximately 3/4 of the melting
point of the integrated material powder. During the sintering process the material
densifies to a full metallic or ceramic part, showing the same material properties as
the respective material. Examples of a good and bad polymer as well as metal parts
are illustrated in figure 6.6.

Fig. 6.6 Both images display a good part and a damaged part. On the left, we have a plastic part
where we can have various deformations as one damage mechanism. On the right, we have a green
metal part that is broken in one place and a final metal part showing the end product as it should
be. In both examples, the damage is visible but this is often not so.

Often, the damages to a part that occur during injection can only been seen on
the final part. The unnecessarily performed steps of debindering and sintering have
expended significant amounts of electrical energy and have also made the material
useless. If we could identify a damaged part during its green stage, we could re-
cycle the material and also save the energy for debindering and sintering. For all
parts, there is an effort involved in determining whether the part is good or not. To-
day, this effort is usually made manually, which is expensive. If we could make the
identification automatic, then we would save this effort as well.

An injection molding machine is controlled by manually inputting a series of
values known as set-points. These are the values for various physical quantities that
we desire to have during the injection process. It is the responsibility of the machine
to attempt to realize these set-points in actual operation. This attempt is generally
achieved but there are deviations in the details. In order to monitor what the actual
value of these various measurements is, an injection machine will also have sensors
that output these measurements over time, i.e. a time-series.

For each part produced, we thus have the set-points and also a variety of time-
series over the duration of its injection. This information is available in order to
characterize a part.



6.6 Case Study: Scrap Detection in Injection Molding Manufacturing 137

We will assume that the function that computes the scrap versus good status, the
decision function, takes the form of a three-layer perceptron

Y= W3-tanh(W2-tanh(W1 ~X+b1)—|—b2) +bs

where the bias vectors b; and the weight matrices W; must be determined by some
training algorithm.

In order to make an input vector x, we must extract salient features from the
time-series in the form of scalar quantities that allow the characterization of scrap
vs. good parts as we cannot input the whole time-series into the neural network. If
we did input the entire time-series, we would force the weight matrices to become
extremely large. Thus we would have many parameters to be found by training.
This would require many more parts to be produced and this is unrealistic. We must
live with a few hundred training parts and so we must keep the input vector as
small as possible. After many trials with various settings, we have found the best
performance with the following procedure (see figure 6.7 for an example):

1. Take all observations of good parts over the pilot series. For each time series,
create an averaged time series over all these good parts.

2. Disregarding local noise in the time-series, compute the turning points of this

time series.

For every part encountered, perform the same turning point analysis.

4. For every part, we now compute the difference between the turning points in
the present part relative to the turning points of the averaged series. If we find
differences, then these will be taken as salient features.

5. These differences form the salient features and these will constitute the vector
x. For practicality, we limit ourselves to a specific maximum number of turning
points allowed.

et

In order to use the training method, it must be provided with some pairs (x,7)
of input vectors and the quality output. To determine these pairs, we must manually
assess a number of injected parts and characterize them as scrap or good. Having
obtained such training data, the training algorithm produces the decision function.
In practise this means that the machine user must inject several parts, record the
data x, manually determine whether the final parts are scrap or not, ¥, and provide
this information to the learning method. We have determined that a good number of
observations is 500 or more. Furthermore, it is good to use several settings of the
set-points within these 500 parts.

When a new part is now injected, its data x is provided to the decision function
and it computes whether this part is good or bad ¥ and outputs this value. As a result
a robot can be triggered to remove the scrap parts from further production.

We may define four different recognition rates:

1. good rate, p, — The number of correctly identified good parts
2. scrap rate, ps — The number of correctly identified scrap parts
3. false-negative rate, p, — The number of good parts identified as scrap
4. false-positive rate, p, — The number of scrap parts identified as good
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Fig. 6.7 The bottom curve is the average pressure observed at the nozzle averaged over all parts
known to be good. The top curve is a single observation of a part known to be bad. The black
arrows pointing up indicate the position of the turning points of the bottom curve and the black
arrows pointing down indicate the position of the turning points of the top curve. We observe that
the top curve has two extra turning points. We also observe that the vertical position of several
turning points is higher than that of the average good curve.

where each count is divided by the total number of produced parts in order to make
each item into a genuine rate. Please note that these rates are thus normalized by
definition, i.e. pg + Py + P, + pp = 1. It is generally not possible to design a system
that will have perfect recognition efficiency (p, = p, = 0). We would rather throw
away a good part than let a scrap part through. Thus, the overall objective is to min-
imize the false-positive rate p, by designing a decision function that is as accurate
as possible.

This enumeration is, of course, theoretical as it would require the user to know
which parts are really good or bad. This identification would require the manual
characterization that we want to avoid using the present methods (except for the
training data set for which it is necessary). Thus, we will never actually know what
these rates are except in two cases: the pilot series where the data is used for train-
ing the function and, possibly, in any quality control spot checks that are usually
too infrequent to really allow the computation of a rate. Thus, these rates must be
interpreted as a useful guideline for thinking but not practical numerical quantities
except at training time when we actually know the quality state of all parts.

Even if we are able to correctly identify every part as either good or bad, this
will not change the amount of scrap actually produced — it will merely change the
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amount of scrap delivered to the customer. In order to reduce the amount of scrap
actually produced, we must interact with the production process actively via the
set-points and this is our next stage.

We observe that the recognition rates mentioned above are in fact functions of
the set-points. In particular, we want to reduce the scrap rate as we would like to
produce as many good parts as possible. Let us combine the ten set-points ¢; into a
single vector,

s=(ap, 0, - ,00). 6.1)

Using this, we thus focus on the scrap rate function p;(s). This function achieves a
global minimum p; at the point s*,

pi =min{p(5)} = pr(s"). ©2)

The point s* is determined using an optimization algorithm and then communicated
to the injection molding machine.

These methods were tried on the part in the right image of figure 6.6. In total 500
parts were made, with various settings of the set-points, of which approximately
20% were scrap. This high scrap rate results from the various set-points settings,
some of which are, of course, not optimal.

We find that the recognition efficiency is 98% in that p, + p; = 0.98 where we
recognize good and bad parts correctly nearly always with 490 out of 500 parts. We
obtain a low false positive rate p, = 0.002 in which scrap parts are recognized as
good. Relative to our sample size of 500, this means that a single scrap part was not
recognized as such. The false negative rate in which good parts are recognized as
scrap was p, = 0.018, which means 9 parts in total.

Recall that the objective of training the network was to minimize the false posi-
tive rate. It is clear that this cannot be reliably zero and so getting a rate of one part
in 500 can be interpreted as a success. The system is certainly more reliable than
manual quality control, which is common in the industry.

The actual production scrap rate was approximately 20%. This could have been
reduced to 5% by adjusting the set-points appropriately. Of course, a real production
will not be at the level of 20% scrap and so an improvement of a factor of four seems
unlikely. Nevertheless, a significant factor should be possible.

Now that we have verified that it is possible to reliably identify scrap from good
parts based only on process data and that we can optimize the process based on the
same analysis, we ask what the practical significance of this is. There are two major
points: Quality improvement and energy savings.

With respect to quality improvement, there are also two aspects.

First, the quality of the delivered product. Even if we produce 20% scrap, 98% of
these are correctly recognized to be scrap and so these are not delivered to the client.
Looking at the current numbers, then, we produce 500 parts all in all. Of these, we
have 100 scrap parts. We recognize 98 scrap parts as scrap, 392 good parts as good,
9 good parts as scrap and one scrap part as good. Thus the client receives 392 good
parts and one scrap part in the delivery. This is an effective scrap rate — with the
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client — of 0.3%. The identification was thus able to lower the production scrap rate
of 20% to a delivery scrap rate of 0.3%.

Second, the production quality will also improve due to the optimization. Since
we can lower the production scrap rate of 20% to 5%, we would produce 475 good
parts and 25 scrap parts as compared to the above figures. In final consequence,
the client would receive 466 parts of which one would be scrap. This lowers the
effective delivery scrap rate to 0.2% and relative to a larger delivery size. With the
optimization, the molding production cost per delivered part is lowered by 19%.
This is a reduction in production cost that is otherwise unreachable.

With respect to energy savings, we also save the energy costs that would have
flown into the steps of debinding and sintering of parts that later are recognized
as scrap. It is hard to quantify this in any general manner but we assume that this
lowers the total production cost per delivered part by another 4%.

We gratefully acknowledge the partial funding of this research by the European
Union: Investment in your future — European fund for regional development, the
EU programs MANUNET and ERANET, the German ministry for education and
research (BMBF) and the Wirtschaftsforderung Bremen (economic development
agency of the city state of Bremen, Germany).

6.7 Case Study: Prediction of Turbine Failure

In this study we will attempt to predict a known turbine failure using historical data
for it. We refer to section 5.5 for details on turbines and coal power plants. On a
particular turbine, a blade tore off and completely damaged the turbine. After the
event, the question was raised whether this could have been predicted and localized
to a specific location in the turbine.

The specific turbine in question has over 80 measurements on it that were consid-
ered worthwhile to monitor. Most of these were vibrations but there were also some
temperatures, pressures and electrical values. A history of six months was deemed
long enough and the frequency depended upon each individual measurement point —
some were measured several times per second, others only once every few hours. In
fact, the data historian only stores a new value in its database if the new value differs
from the last stored value by more than a static parameter. In this way, the history
matrix contained a realistic picture of an actual turbine instrumented as it normally
is in the industry. No enhancements were made to the turbine, its instrumentation or
the data itself. A data dump of six months was made without modification.

The data stopped two days before a known (historically occurring) blade tear
on that turbine. During the time leading up to the blade tear and until immediately
before it, no sign of it could be detected by any analysis run by the plant engineers
either before or after the blade tear was known. Thus, it was concluded that the tear
is a spontaneous and thus unpredictable event.

Initially, the machine learning algorithm (echo state network from section 6.5)
was provided with no data. Then the points measured were presented to the algo-
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rithm one by one, starting with the first measured point. Slowly, the model learned
more and more about the system and the quality of its predictions improved both
absolutely and in terms of the maximum possible future period of prediction. Once
even the last measured point was presented to the algorithm, it produced a predica-
tion valid for the following two days of real time. The result may be seen in figure
6.8.

Fig. 6.8 Here we see the actual measurement (spiky curve) versus the model output (smooth line)
over a little history (left of the vertical line) and for the future three days (right of the vertical
line). We observe a close correspondence between the measurement and the model. Particularly
the event, the sharp drop, is correctly predicted two days in advance.

Thus, we can predict accurately that something will take place in two days from
now with an accuracy of a few hours. Indeed it is apparent from the data that it would
have been impossible to predict this particular event more than two days ahead of
time due to the qualitative change in the system (the failure mode) occurring only a
few days before the event. The model must be able to see some qualitative change for
some period of time before it is capable of extrapolating a failure and so the model
has a reaction time. Events that are caused quickly are thus predicted relatively close
to the deadline but two days warning is enough to prevent the major damages in this
case. In general, failure modes that are slower can be predicted longer in advance.

It must be emphasized here that the model can only predict an event, such as the
drop of a measurement. It cannot label this event with the words “blade tear.” The
identification of an event as a certain type of event is altogether another matter. It
is possible via the same sort of methods but would require many examples of blade
tears and this is a practical difficulty. Thus, the model is capable of giving a specific
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time when the turbine will suffer a major defect; the nature of the defect must be
discovered by manual search on the physical turbine.

This is interesting but to be truly helpful, we must be able to locate the damage
within the large structure of the turbine, so that maintenance personnel will not
spend days looking for the proverbial needle in the haystack.

Fault detection and localization is now done by performing an advanced data-
mining methodology (singular spectrum analysis from section 4.5.2) that tracks fre-
quency distributions of signals over the history and can deduce qualitative changes.
Over the 80 measurements points, we are able to isolate that four of them contain
a qualitative shift in their history and that two of these four go through such a shift
several days before the other two. Thus, we are able to determine which two out of
80 locations in the turbine are the root cause for the event that is to occur in two
days. See figure 6.9 for an illustration.

In this figure, we graph the abnormality as measured by singular spectrum anal-
ysis (see section 4.5.2) over time for each measurement. We observe that only four
time-series are abnormal at all. Two of them become abnormal early in time and
two others follow. When we ask which time-series these are, then we find that the
first two are the radial and axial vibrations of one bearing and the second two are
the same vibrations of the neighboring bearing. We may safely attribute causation
to this evolution. Thus we say that the first bearing’s abnormality causes the second
bearing’s abnormality. We also say that the first bearing’s abnormality was the first
sign of what later lead to the event, the blade tear. Indeed, the blade tore off very
close to this particular bearing. Thus we are successful in localizing the fault within
the large turbine.

Fig. 6.9 We compute a deviation from normal being tracked over a window of about four days
length. So we observe that two sensors start behaving abnormally and two days later, two other
sensors behave abnormally. About 3.5 days after the start of the abnormal behavior, this new be-
havior has become normal and so the deviation from normal is seen to reduce again. Therefore, we
observe a qualitative change in the performance of these four points.
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The localization that is possible here is to identify the sensor that measures an
abnormal signal and that will be the first to show the anomaly that will develop
into the event. It is, of course, not possible to compute a physical location on the
actual turbine more accurately than the data provided. However, a physical search
of the turbine, after the actual blade tear, found out that the cause was indeed at the
location determined by the data-mining approach.

It is possible to reliably and accurately predict a failure on a steam turbine two
days in advance. Furthermore, it is possible to locate the cause of this within the
turbine so that the location covered by the sensor that measures the anomaly can
be focused on by the maintenance personnel. The combination of these two results,
allows preventative maintenance on a turbine to be performed in a real industrial
setting saving the operator a great expense.

6.8 Case Study: Failures of Wind Power Plants

Wind power plants sometime shut down due to diverse failure mechanisms and must
be maintained. Especially in the offshore sector but also in the countryside, are these
maintenance activities costly due to logistics and delay. Common failures are for ex-
ample due to insufficient lubrication or bearing damages. These can be seen in vibra-
tion patterns if the signal is analyzed appropriately. It is possible to model dynamic
evolving mechanisms of aging in mathematical form such that a reliable prediction
of a future failure can be computed. For example, we can say that a bearing will
fail in 59 hours from now because the vibration will then exceed the allowed limits.
This information allows a maintenance activity to be planned in advance and thus
saves collateral damage and a longer outage.

Wind power plants experience failures that lead to financial losses due to a va-
riety of causes. Please see figure 6.10 for an overview of the causes, figure 6.11
for their effects and figure 6.12 for the implemented maintenance measures. Figure
6.13 shows the mean time between failures, figure 6.14 the failure rate per age and
figure 6.15 the shutdown duration and failure frequency*. From these statistics we
may conclude the following:

1. Atleast 62.9% of all failure causes are internal engineering related failure modes
while the remainder are due to external effects, mostly weather related.

2. At least 69.5% of all failure consequences lead to less or no power being pro-
duced while the remainder leads to ageing in some form.

3. About 82.5% of all maintenance activity is hardware related and thus means that
a maintenance crew must travel to the plant in order to fix the problem. This is
particularly problematic when the power plant is offshore.

4. On average, a failure will occur once per year for plants with less than 500 kW,
twice per year for plants between 500 and 999 kW and 3.5 times per year for

4 All statistics used in figures 6.10 to 6.15 were obtained from ISET and IWET.
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plants with more than 1 MW of power output. The more power producing capac-
ity a plant has, the more often it will fail.

The age of a plant does not lead to a significantly higher failure rate.

The more rare the failure mode, the longer the resulting shutdown.

7. A failure will, on average, lead to a shutdown lasting about 6 days.

SN

From this evidence, we must conclude that internal causes are responsible for a
1% capacity loss for plants with less than 500 kW, 2% for plants between 500 and
999 kW and 3.5% for plants with more than 1 MW of power output.

In a wind power field like Alpha Ventus in the North Sea, with 60 MW installed
and expecting 220 GWh (i.e. an expectation that the field will operate 41.8% of the
time) of electricity production per year, the 3.5% loss indicates a loss of 7.7 GWh.
At the rate of German government regulation of 7.6 Eurocents per kWh, this loss
is worth 0.6 million Euro per year. Every cause leads to some damage that usually
leads to collateral damages as well. Adding the cost of the maintenance measures
related to these collateral damages themselves yields a financial damage of well over
1 million Euro per year. The actual original cause exists and cannot be prevented but
if it could be identified in advance, then these costs could be saved.

This calculation does not take into account worst case scenarios such as the plant
burning up thus requiring effectively a new build.

Failure Causes

!,Loo sening of parts 3.4%

Grid 6.5%

Manufacturing defect 36.7%
Storm 5.2%

Cause unknown 7.6%

QOthercauses 11.0%

Process control 22.8%

Fig. 6.10 The causes for a wind power plant to fail are illustrated here with their corresponding
likelihood of happening relative to each other.
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Failure Consequences
Cause ofcollateral damage
2.5%
Vibration 2.5%
Reduced pawer production
3.59%
Excess rotation speed 3.9%
MNoise 5.0%
Other Consequences 18.1%

Shutdewn 63.1%

Fig. 6.11 The effects of the causes of figure 6.10 are presented here with the likelihood of happen-
ing relative to each other.

Maintenance Measures Post-Failure

. Drive chain 2.2%
Load bearing parts 3.8%
Generator 4.2%

. Electronics 24.2%
Drive 4.2%

Axle4.6%

Mechanical brake 5.6%

Electronic Guidance System
Wind direction actuation
7.3%

17.5%

Instrumentation 9.8%

Fig. 6.12 The maintenance measures put into place to remedy the effects of figure 6.11 with the
likelihood of being implemented relative to each other.
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Fig. 6.13 The mean time between failures per major failure mode.
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Fig. 6.14 The yearly failure rate as a function of wind power plant age. It can be seen that plants
with higher output fail more often and that age does not significantly influence the failure rate.
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Failure Frequency and Duration per Failure
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Fig. 6.15 The failure frequency per failure mode and the corresponding duration of the shutdown
in days.

A recurrent neural network was applied to a particular wind power plant. From
the instrumentation, all values were recorded to a data archive for six months. One
value per second was taken and recorded if it different significantly from the previ-
ously recorded value. There were a total of 56 measurements available from around
the turbine and generator but also subsidiary systems such a lubrication pump and
so on. Using five months of these time-series, a model was created and found that
the model agreed with the last month of experimental data to within 0.1%. Thus,
we can assume that the model correctly represents the dynamics of the wind power
plant.

This system was then allowed to make predictions for the future state of the plant.
The prediction, according to the model’s own calculations, was accurate up to one
week in advance. Naturally such predictions assume that the conditions present do
not change significantly during this projection. If they do, then a new prediction
is immediately made. Thus, if for example a storm suddenly arises, the prediction
must be adjusted.

One prediction made is show in figure 6.16, where we can see that a particular
vibration on the turbine is to exceed the maximum allowed alarm limit after 59 £5
hours from the present moment. Please note that this prediction actually means that
the failure event will take place somewhere in the time range from 54 to 64 hours
from now. A narrower range will become available as the event comes closer in
time. This information is however, accurate enough to become actionable. We may
schedule a maintenance activity in two days from now that will definitely prevent the
problem. Planning for two days in advance is sufficiently practical that this would
solve the problem in practice.
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In this case, no maintenance activity was performed in order to test the system.
It was found that the turbine failed due to this particular vibration exceeding the
limit after 62 hours from the moment it was predicted to happen. This failure led to
contact with the casing, which led to a fire effectively destroying the plant.
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Fig. 6.16 The prediction for one of the wind power plant’s vibration sensors on the turbine clearly
indicating a failure due to excessive vibration. The vertical line on the last fifth of the image is
the current moment. The curve to the left of this is the actual measurement, the curve to the right
shows the model’s output with the confidence of the model.

It would have been impossible to predict this particular event more than 59 hours
ahead of time due to the qualitative change in the system (the failure mode) occur-
ring just a few days before the event. The model must be able to see some qualitative
change for some period of time before it is capable of extrapolating a failure and so
the model has a reaction time. Events that are caused quickly are thus predicted
relatively close to the deadline. In general, failure modes that are slower can be
predicted longer in advance.

6.9 Case Study: Catalytic Reactors in Chemistry and
Petrochemistry

Catalytic reactors are devices in chemical plants whose job it is to provide a con-
ducive environment for a certain chemical reaction to take place, see figure 6.17.
In a reactor, at least two substances are brought into contact with each other. One
is a substance that we would like to change in some chemical way and the other is
the catalyst, i.e. the substance that is supposed to bring this change about. The two
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substances are mixed and heated to provide the energy for the change. Then we wait
and provide the necessary plumbing for the substances to come into and for the end
product to leave the reactor. Some parts that are not converted have to be re-cycled
back for a second, and possibly more, times through the reactor until finally all the
original substance has been changed. An example is the breaking down of the long
molecular chains of crude oil in the effort to make gasoline.

catalyst regenerator Il — fue stack

fractionating column

Fig. 6.17 The basic workings of the catalytic reactor system in a petrochemical refinery.

The catalyst performs its work upon the substance and brings about a change.
It thereby uses up its potential to cause this change and thus ages over time. This
degradation of the catalyst is the primary problem with operating such a reactor
continuously over the long term. The catalyst must therefore be re-activated in some
fashion and at some time.

We will investigate both of the major two kinds of catalytic reactors that exist:
the fluid catalytic converter (FCC) and the granular catalytic reactor (GCR).

In the FCC, the catalyst is a fluid that can be pumped into and out of the reactor.
We can therefore create a loop in which the catalyst is pumped into the reactor
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to perform its function and then out again into a reactivation phase only to return.
This loop occurs forever and the catalyst can thus be used essentially without limit.
However the speed of the loop must be carefully tuned to the actual aging of the
catalyst inside the reactor so that we do not put either too much work (attempting to
reactivate catalyst that is still fine) or too little work (not reactivating enough catalyst
so that eventually we have too little) into the reactivation job.

In the GCR, the catalyst is in the form of granules that are filled into tubes in
the reactor. These granules stay inside the tubes until the point is reached where the
catalyst is so deactivated that the process is no longer economical. At this point,
the reactor must be opened, the catalyst removed and fresh one injected. The old
granules can then be sent for reactivation. Such an exchange process may require
approximately four weeks of downtime and is thus a substantial cost for the plant.
Also the new catalyst must be ordered well in advance and so the date of change
must be planned beforehand.

Both types of reactor therefore require a prediction of the aging process into the
future. We must know weeks in advance if we will have a critical deactivation.

In order to make the prediction, we have access to several temperatures around
the reactor, the inflow and outflow, a gas chromatographic identification of what is
flowing out and a few process pressures. In fact the age of the catalyst is measured
by the pressure difference across the reactor. The higher it gets, the older the catalyst
is.

Using the method of recurrent neural networks, we create a model of the GCR
using almost four years of data in which the catalyst was exchanged twice, see
figure 6.18. The jagged curve running over the whole plot is the measured pressure
difference over the reactor. Whenever you see a sharp drop, this means that the
catalyst has been exchanged; this happened three times in total in that figure.

The mathematical model draws the smooth curve over the data. We can hardly
see the difference on the left of the image, so closely does the model represent
the data. At the first vertically dashed line, we have reached the “now” point from
which the model predicts without receiving more input data. We see three smooth
lines diverging from this time. The middle one is the actual prediction, the other two
being the uncertainty boundaries for it. The jagged line then shows what actually
occurred. We can see that the model is very accurate indeed. The brief ups and
downs in the real measurement are not in fact due to aging of the catalyst but due
to various operational modes and varying quality of the crude oil being injected in
the reactor. We are only concerned with the long term trend and not with short term
fluctuations.

At the time of the second vertically dashed line, the catalyst was exchanged. The
prediction was accurate up to this time, 416 25 days later. Thus the prediction was
accurate over one year in advance.

You may ask why the catalyst was exchanged, for the three times that we see on
the figure, at different ages (or different differential pressures). Would it not be good
to specify a single boundary value to define “too old?” In this case, our true cut-off
criterion is not a certain age but rather the point of uneconomicality of the process.
As this depends on various scientific but also on various economic influences, the
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Fig. 6.18 The pressure differential (equivalent to the catalyst age) over time. The jagged line is the
actual measurement and the middle smooth line the prediction. The first vertical line from the left
to the right is the present moment from which the prediction starts. The second vertical line is the
time at which we predict a catalyst exchange to be necessary. This prediction can be seen, using
the real measurements, to be correct more than one year in advance.

actual age at which the catalyst becomes uneconomical changes with fluctuating
market prices. These (and their uncertainties) must be taken into account.

We now proceed to the FCC in a chemical plant. Here we will take a different
viewpoint. The FCC is a complex unit that has many set-points. For instance the
rate and manner in which the fluid catalyst is recycled is up to us to control. The set-
points that control this are changed by the operating personell to match the demands
of the time.

While measurements such as the ambient air temperature are variables that must
be measured to be known, the set-points are of a different nature. As the operators
modify the set-points in dependence upon market factors, we do have some knowl-
edge about these beforehand. Thus, we ask to what extent does this prior knowledge
help the model to predict the future state?

We investigate, in figure 6.19, a very simple neural network model (perceptron,
see section 6.4) for the pressure differential in dependence upon all other variables
of the FCC, of which there many be several dozen and several set-points as well. If
we only provide historical information to it, we obtain the solid curve. Compared
to the actually measured dotted curve, we can see that this model is too simplistic
to be able capture reality. If we present the future data for the set-points in addition
(i.e. the production plan) to the historical data to the same simple model, we obtain
the dashed curve. This dashed curve is accurate and achieves our aim.
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Fig. 6.19 The pressure differential over time (in hours) on a fluid catalytic converter predicted
into the future using two different models. The actual measurement is shown in the dotted line. A
prediction without any information about the future is shown in the solid line. A prediction made
with the knowledge of some future set-points is shown in the dashed line. It is clear that knowledge
of future actions is beneficial.

We can thus see that, in the case of a simple perceptron model, the provision of
some limited information about the future significantly helps the model to predict
those measurements that we cannot know in advance.

In conclusion, we see that both major kinds of catalytic reactors can be modeled
well. We can predict both kinds of reactor into the future and thus provide informa-
tion about essential future events such as the deactivation of the catalyst and thus the
time (in the case of GCR) and the manner (in the case of FCC) of this deactivation.
From both predictions, we easily derive the ability to plan specific actions to remedy
the problem.

6.10 Case Study: Predicting Vibration Crises in Nuclear Power
Plants

Co-Author: Roger Chevalier, EDF SA, R&D Division

So far, we have focused on predicting failure events. Such events are character-
ized by large, usually fast, changes that result in damage and usually a shutdown of
the plant. In this section, we will focus on predicting a more subtle phenomenon.
We observe that the vibration measurement on a certain bearing of a steam turbine
increases periodically. This increase is alarming but does not represent a damage or
danger.

In our specific example, the turbine has five bearings and each has a vibration
sensor. See figure 6.20 for a plot of a temporary increase in vibration, which we
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will call vibration crisis. The exact cause of the problem is not precisely identified
at present but it always in the same conditions of vacuum pressure and power

Fig. 6.20 This is the vibration of one bearing over time. The horizontal line is the limit for the
vibration crisis, i.e. if the vibration measurement exceeds this limit, we speak of a crisis. It will be
our goal to detect such events. Time is measured in units of ten minutes and so the plot is over a
period of roughly 35 days.

This study concerns itself with the prediction of future vibration crises and not
with determining the mechanism at its source. If one can know, only hours in ad-
vance, that a crisis will happen, this will help operators significantly in preparing
for the event. The plant can be regulated into a state more conducive to controlling
the impending crisis.

We attempt a model via a recurrent neural network (see section 6.5). The infor-
mation about the turbine includes five displacement vibrations, for each bearing we
have two metal pad temperatures, the steam pressure at several points in the process,
the axial position of the turbine shaft, the rotation rate, the active and reactive power
produced and one temperature on the oil circuit. This information is sampled once
every ten minutes for the period of about five months in order to generate the model
and learn the signs of an impending vibration crisis. The dataset contained several
examples of such crises so that effective learning was possible.

With respect to the raw data from figure 6.20, we see the results of the prediction
process in figure 6.21. The raw data is displayed in gray and the model output in
black. We have a first period during which we observe the turbine before a prediction
is possible. When enough data is there, we enter into a second period during which
we predict and immediately validate the predictions with the real data. We see during
this second period a close agreement between model output and measured values.
Then we enter the third period, the actual future during which no more measurement
data are available. This is the genuine prediction.

We note from figure 6.20 that we can correctly predict a vibration crisis, in this
example, up to about 2.8 days in advance. Beyond this point, the prediction is no
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Fig. 6.21 The same data as in figure 6.20 but now in gray and overlayed in black with the model
output from time 3100. We note that the vibration crisis from 3100 to 3500 is predicted correctly
but the next vibration crisis at 3700 and the one after that from 4500 are not predicted correctly.

longer successful. This is roughly played out in all other examples. Thus, we see
that there is a lead time of less than 3 days before such an event is detectable. This
must be enough in practice to construct some kind of reaction.

Please note carefully the aim of this study. It is not the aim to correctly represent
the vibration measurement over all values and all times. The goal is to accurately
compute the times at which the vibration measurement crosses the limit line. When
doing modeling it is essential to keep one’s objectives clear as modeling is an ad-
justment of numerical parameters with respect to minimizing some sort of numeric
accuracy requirement. In general, if one’s aim were a representation of the vibration
signal as such, one would choose the least squares method to measure the difference
between measurement and model output. In this case, however, we are not trying to
do this. Thus, our metric is not the least squares metric but the deviation between
the actual and modeled times of the vibration signal crossing the limit line — a very
different goal. Thus, the figure 6.20 should be interpreted accordingly.

We note that the strongest correlant with the problem is the outside temperature
(cooling water). However it is not as clean as having a specific trigger temperature.
The problem has a compound trigger in which the cooling water temperature plays a
leading role but not the only role. A prediction of a future vibration crisis is reliable
for 3 days in advance. If we attempt to predict it further into the future, the uncer-
tainty in the prediction makes the prediction itself useless. Of course, the closer we
get to the interesting time, the more accurate the prediction gets.

We have made 6 such predictions in a double blind study and have correctly pre-
dicted 5 vibration crises from among the 6 cases. The model is thus quite successful
in being able to predict the future occurrence of a crisis. This is the case even though
the specific causal mechanism remains still under investigation.. The model could
be improved if the problem would be better understood so that the data can be more
properly prepared..
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6.11 Case Study: Identifying and Predicting the Failure of Valves

A chemical plant has a particular unit that is meant to combine several chemicals
from a variety of input sources and to provide a gaseous output with an as-constant-
as-possible composition. This task is controlled by an assembly of 40 valves that are
controlled by a computer that opens and closes them according to a well-balanced
schedule. If the valves fail to open and close according to schedule and are either
fast or slow or leak, then the tailgas is not constant and causes problems later on in
the process. In this study, we are to predict future problems of the assembly and also
identify which of the 40 valves is responsible for the problem.

In the whole process, there are three phases. For each of these, we will com-
pute the probability distribution of deviations between the set point provided by
the control computer and the actual response as measured by the instrumentation.
Figure 6.22 displays the results for each phase. We observe that one phase has an
exponential distribution and the two others do not as they have secondary or even
tertiary local maxima. An exponential distribution is what we would expect to see
from normal operations of a controller — deviations are very rare and exponentially
decreasing in magnitude indicating that deviations are random in origin. Seeing sec-
ondary peaks in this distribution is not expected as it shows a structured mechanism
and hence some form of damage.

Fig. 6.22 The probability distribution over the three phases of valve operations. The vertical axis
is the probability and the horizontal axis the normalized absolute value of the deviation between
set point and actual response of valve openings. We observe that one phase appears to be operating
correctly (exponential distribution) and two phases incorrectly (non-exponential distributions).
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Next, we will introduce measure of abnormality for a valve. The score itself
is based on the difference between set point and response (just as in figure 6.22).
However, we also demand that there be an associated surge in non-constancy of
the tailgas within a certain response time to track only those abnormal valve open-
ings/closings that were close to a unwanted product surge. In figure 6.23, we graph
the abnormality in this sense for each valve across all three phases of operation.

The valve numbers are on the horizontal axis and the absolute value of the dif-
ference between set point and measurement on the valve opening and closing is on
the vertical axis. The solid, dashed and dotted lines correspond to the three phases
in the same manner as in figure 6.22. The grey line is the average of the three phase
lines.

. Y

Fig. 6.23 A selection of the 40 valves (horizontal axis) is investigated here in terms of their de-
viation from the set point (vertical axis) in those cases in which an output pressure surge occurs
within a certain time frame. The three black lines correspond to the three phases in figure 6.22 and
the gray line is the average of the three black lines.

Combining these two images, we must look for the dashed and dotted phases in
figure 6.23 and select those valves that have a high score there. We now combine this
information with some process specific analysis from the scheduling application.
From this we can rule out some valves because they do not operate in the relevant
phase and their deviation is thus a spurious observation. From such an analysis, it is
one valve that remains. We attribute the problem to it.

As such, the valve is operating in a way that is not ideal but it is not causing a
significant problem just yet. Let us look over the time evolution of this abnormality
in figure 6.24. The jagged line is the abnormality at each moment in time. As we
are not concerned with the shorter term ups and downs, we take a 20-day moving
average to smooth out the curve. This is the thick line on the plot. We observe an
upward trend over time with a dip near the end. The time on the horizontal axis is
in days and so this evolution occurs over a significant time frame. We now create a
prediction of this time-series, which is plotted as the continuation of the thick line
on the right of the image.
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Please note that the peak observed in figure 6.24 at day 147 is a failure of a valve.
After the valve has been fixed, we see the abnormality decline, which suggests that
the maintenance measure has relieved the problem. However the abnormality does
not decline to its former levels. This means that we have not solved the problem
fully. From the prediction made, we predict that another failure is going to occur on
day 208. This prediction is made on day 175, i.e. 33 days in advance. The uncer-
tainty of this prediction is +10 days.

Fig. 6.24 Abnormality over time during the relevant phase together with 20-day moving average
and prediction into the future. The peak around day 147 is a known failure. On day 175, we predict a
second failure to occur on day 208 with an accuracy of 410 days. This event occurred as predicted.

After waiting for a few weeks, we find that the failure did indeed happen as
predicted. The failed valve is the same valve as the one we have identified using the
above abnormality approach.

Thus we conclude that is possible to predict the future failure of valves and to
identify which valve it will be even if we only have information about the family of
valves.

6.12 Case Study: Predicting the Dynamometer Card of a Rod
Pump

Co-Authors: Prof. Chaodong Tan, China University of Petroleum
Guisheng Li, Plant No. 5 of Petrochina Dagang Oilfield Company
Yingjun Qu, Plant No. 6 of Petrochina Changqing Oilfield Company
Xuefeng Yan, Beijing Yadan Petroleum Technology Co., Ltd.
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A rod pump is a simple device that is used the world over to pump for oil on land,
see figures 6.25 and 6.26. Basically, we drill a hole in the ground and appropriately
cement the hole such that a nice vertical cavity results. This cavity is filled with a
rod that is going to move up and down using a mechanical device that is called the
rod pump. Attached to the bottom of the rod is a plunger, which is a cylindrical
“bottle” used to transport the oil. On the downward stroke, the plunger is allowed
to fill with oil and on the upward stroke this oil is transported to the top where it is
extracted and put into barrels.

Horsehead

Gearbox

Stuffing
Box

Discharge

Fig. 6.25 A schematic of a rod pump. The motor drives the gearbox, which causes the beam to
tilt. This drives the horsehead up and down. This assembly assures that the rotating motion of the
motor is converted into a linear up-down movement of the rod. The stuffing box contains the oil
that is discharged through a valve on the top of the well.

Let us focus our attention on two variables of this assembly: the displacement of
the rod as measured from its topmost position and the tension force in the rod. When
we graph these two variables against each other such that the displacement goes on
the horizontal and the tension on the vertical axis, we will find that, as the system
is in cyclic motion, the curve is a closed locus. This is called the dynamometer card
of the rod pump, see figure 6.27 (01) for an example of expected operations. To
travel once around the locus takes the same amount of time as it takes the rod pump
to complete one full cycle of downstroke and upstroke. A normal rod pump makes
four strokes per minute.

It is a remarkable observation that the shape of this locus allows us to diag-
nose any important problem with the rod pump [64]. In figure 6.27 we display dy-
namometer card examples for the most common problems.

We will go into a little detail on these shapes and their problems because it is
an exceptional fact that a complete diagnosis can be made so readily from a single
image. This approach should be possible for a variety of other machines once only
the correct measurements and the correct way of presenting them are found. That is
the deeper reason behind presenting these here. It should be encouraged to seek a
similar presentation of faults in other machinery.
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Fig. 6.26 A schematic of the well bottom. The rod drives the plunger down into the well guided
by the well casing. The bottom of the plunger has a so-called riding valve to take in the oil through
the inlets. The bottom of the well is closed off to the reservoir with a so-called standing valve that
open once the plunger is at the bottom.
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The cases are:

This is the shape we expect to see on a properly working rod pump. The upper
and lower horizontal features are nearly parallel and the diagram is close to the
theoretically expected diagram.

Another example of good operations

The two horizontal features are sloping downward, are much closer to each other
and more wave-shaped than in the good case. This is due to excessive vibration
of the rod.

The lower right-hand corner of the card is missing but the two horizontal features
are still horizontal. This indicates that the plunger is not being filled fully but that
the pump is working properly.

A more severe case of the former kind.

Here the pump is still working properly but the oil is very thick.

These distinctive jagged features with the lower right corner missing are caused
by the presence of sand in the oil. This will cause damage to the rod assembly in
the short term.

The lower right-hand corner is missing but the horizontal features are no longer
horizontal; the bite taken out of the low right corner has an exponential boundary.
This is caused by reservoir de-gassing and slowing the downward plunge.

A more severe case of the former kind.

A similar case to the former kind. Here the gas forms an air-lock inside the
plunger preventing the plunger from draining at the top.

The bottom horizontal feature is rounded and/or lifted up making the whole card
significantly smaller. This is due to a leaking inlet valve.
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12 The opposite feature to above. Here the top horizontal feature is rounded and/or
pressed down making the whole card smaller. This is due to a leaking outlet
valve.

13 This oval feature results from a combination of both the inlet and the outlet valve
leaking. Note that this is a fairly flat oval compared to the oval of image (06).

14 The top left-hand corner is missing and the boundary is in the shape of an expo-
nential curve; compare with (08) and (09). This is due to a delay in the closing
of the inlet valve.

15 Same as above but for a shorter delay.

16 The right side of the card is pressed down. This happens because of a sudden
unloading of the oil at the top. The outlet valve is not opening properly but sud-
denly.

17 The characteristic upturned top right-hand corner (as opposed to (08)) indicates
a collision of the plunger and the guide ring.

18 The lower left-hand corner is bent backwards and the top right-hand corner is
sloped down in addition to features like (08). This indicates a collision between
the plunger the fixed valve at the bottom of the hole.

19 The thin card with concave loading and unloading dents on upper left and lower
right corners indicates a resistance to the flow of the oil such as the presence of
paraffin wax.

20 Very thin but long card in the middle of the theoretically expected card with wavy
horizontal features indicates a broken rod.

21 A thin long card with straight horizontal features indicates that the plunger is
filling too fast due to a high pressure inside the reservoir. The plunger should be
exchanged for a larger one.

22 The card looks normal but is too thin, particularly on the bottom. This is due to
tubing leakage.

23 The piston is sticking to the walls of the hole and bending the rod.

It can easily be seen that the diagnosis of problems is immediate from the shape
given a little experience in the matter. In fact, it has been shown that the diagnosis
can be automated by recognizing the shape with a perceptron neural network [43]
(see section 6.4 for a discussion of perceptrons).

Our purpose here is to investigate whether we can predict the future shape of the
dynamometer card and thus diagnose a situation today that will lead to a problem in
the next days.

In order to predict the evolution of the shape over time, we must be able to char-
acterize the shape numerically first. For this we will seek a two step process. First,
we will attempt to find a formula-based model for the shape itself that has only a few
parameters that must be fitted to any particular shape. As we get a new dynamome-
ter card several times per minute, this fitting process happens continuously thereby
inducing a time-series on those parameters. It is these parameters that we will model
using a recurrent neural network. In total, this will yield a prediction system for the
future shape of a dynamometer card.
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Fig. 6.27 The various cases of dynamometer cards. See text for an explanation.
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In order to allow modeling, we first normalize the experimental data so that a
dynamometer card’s displacements and tension always lie in the interval [-1,1]. We
do this by

o 2t — tyin — bmax

Imax — Umin
and
d/ _ 2d — dmin — dmax )
dmax - dmin
Using this transformation, the shape of the dynamometer card can be described by
a parametric equation

"\ _ [cos® —sin@ acos’x+ c¢sin? x 4 f
d" ) \sin@ cosB esinx g

where x is the artificial variable of the parametric equation such that x € [—mx, 7]
[83]. The parameters a, b, c, d, e, f and g are the parameters that must be found by
fitting.

A typical dynamometer card consists of about 144 observations of d and ¢. Thus,
we have enough data to reliably fit the 7 free parameters in the model using the
normal least-squares approach. The vector

V= [avbvCad7evf?gatmimtmax,dmimdmax]

is actually a function of time v(¢) and this function is then modeled as a recurrent
neural network, see section 6.5.

In figure 6.28 we see the evolution of such a prediction. Time is measured in
strokes each of which is about 15 seconds in duration. The dotted line is the experi-
mental data and the solid line is the model. The historical data upon which the model
is based is mostly not shown but images (1) and (2) are still historical data. Image
(3), (4) and (5) are the predictions that result. Based on this prediction, we initiate a
maintenance measure that restores the pump to normal operations in image (6). As
we can see that the model and measurement from the experiment agree quite well,
we have demonstrated that this approach can indeed predict future problems with
dynamometer cards. Note that the problem in image (5) and the moment at which
the prediction is made in image (3) are separated by 4000 pump cycles or about 16.7
hours. This is enough warning time for practical maintenance to react.

To fully understand this evolution, we need to look at the corresponding evolution
of the model parameter. See the left image in figure 6.29 for those model parame-
ters that changed. From time 15000 onwards, we have normal operations and so
this level for the parameters is constant. Based on this, we observe an increasing
deviation from normal operations in the model parameters. The right image in fig-
ure 6.29 displays the evolution of the average of the displacement and the width of
the displacement. We display these as the experimental data was normalized for the
images in figure 6.28. Here we also observe an abnormal behavior in the beginning.
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Fig. 6.28 The modeling of a dynamometer card’s evolution in time. The difference between each
image is 2000 cycles, i.e. about 8.3 hours. The model was train on historical data. Images (1) and
(2) are historical data providing the model with the initial data. Using this, the model predicts
images (3) to (5) and indicates that at image (5) we have a problem requiring attention. The main-
tenance measure is performed and we observe, on image (6), the establishment of operations as
they should be. See figure 6.29 for more details.

In conclusion, we note that a recurrent neural network can reliably predict a
future fault of a rod pump system via predicting the future model parameters of a
mathematical formulation of the dynamometer card. In this example, the prediction
could be made 16.7 hours in advance of the problem.
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Fig. 6.29 On the top image, we see the evolution of the model’s parameters over time: e as the
solid line, a as the dotted line, 6 as the closely dashed line and ¢ as the long dashed line. All other
model parameters were constant throughout. On the bottom we see the evolution of displacement
average in the solid line and the displacement width (maximum minus minimum) in the dotted line.
The period from time 15000 onwards is to be considered normal operations and so we can observe
a gradual worsening of operations leading up to the necessary maintenance measure at time 10000.



Chapter 7
Optimization: Simulated Annealing

There are many optimization approaches. Most are exact algorithms that definitely
compute the true global optimum for their input. Unfortunately such methods are
usually intended for a very specific problem only. There exists only one general
strategy that always finds the global optimum. This method is called enumeration
and consists of listing all options and choosing the best one. This method is not
realistic as in most problems the number of options is so large that they cannot be
practically listed.

All other general optimization methods derive from enumeration and attempt to
either exclude bad options without examining them or only examine options that
have a good potential based on some criteria. Particularly two methods, genetic
algorithms and simulated annealing, have been successful in a variety of applica-
tions. The later advent of genetic algorithms stole the limelight from simulated an-
nealing for some time [102]. However, from direct comparisons between these two
approaches it appears that simulated annealing nearly always wins in all three im-
portant categories: implementation time, use of computing resources (memory and
time) and solution quality [54, 102]. Thus, we shall focus on simulated annealing.
Having said this, the opinions between these two approaches border on religious
fervor.

To do some justice to this debate, we will present genetic algorithms in section
7.1 and then describe simulated annealing for the rest of the chapter. It will become
clear where the differences lie.

It should also be mentioned here that several methods exist that are usually pre-
sented under the heading of optimization methods but that will be ignored here.
Such methods are, for example, conjugate gradient methods or Newton’s method.
The reason we shall ignore them here is that they rely on the problem being purely
continuous. They cannot deal with some of the variables being discrete. Industrial
problem however almost always involve discrete variables as equipment is turned
on and off or many be switched in discrete modes or levels. If you meet with a par-
ticular problem that can be written in terms of a purely continuous function, then
these methods may not be bad to use. However, general optimization methods may
be used profitably in this case as well.

P. Bangert (ed.), Optimization for Industrial Problems, 165
DOI 10.1007/978-3-642-24974-7_7, © Springer-Verlag Berlin Heidelberg 2012
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7.1 Genetic Algorithms

Genetic algorithms get their name and basic idea from the evolutionary ideas of bi-
ology. There is a population of individuals that mate, beget offspring and eventually
die. At any one time, there is population of many individuals but over time these
individuals change. These individuals, and thus the whole population, have certain
characteristics that are important to us. Particularly, they have a so-called “fitness”
derived from the statement “In the struggle for survival, the fittest win out at the
expense of their rivals because they succeed in adapting themselves best to their
environment” by Charles Darwin. The fitness is thus identical with the objective
function of optimization.

The “purpose” of evolution is to breed an individual with the best possible fitness.
In nature, changing generations face changing environmental conditions and so it is
likely that we will never reach an equilibrium stage at which the truly fittest possi-
ble individual can live. In mathematical optimization however, the environment is
the problem instance and so does not change. Thus evolution can reach an equilib-
rium and this is the proposed optimum. Note here that certain concepts are being
turned upside down by the method: The ground state of the problem instance (the
least likely state) becomes the equilibrium (the most likely state) of the population.
The mechanism that achieves this switch is evolution. The fact that the search for
something rare is turned into a process of equilibration to something common is the
whole point behind genetic algorithms.

The basic features of the genetic approach are thus: The initialization of a popu-
lation of candidate solutions, the decision of how many such solutions there should
be in any one generation, the method for combining several solutions into a new
one and the criteria for stopping the search. Note that this approach is a heuristic.
We thus have no assurance of finding the true optimum and even if we do find it by
chance, we do not have a foolproof way of recognizing it for what it is. This is a
pity but we cannot both have our optimum and know it, as it were. This is the price
we pay for fast practical execution times.

The decision on how many individuals live per generation is a human design de-
cision that is essentially a black art comparable to choosing the number of hidden
neurons in a neural network. The initialization of the first generation is generally
done uniformly randomly among all possible candidate solutions. The criteria for
stopping have given rise to a significant research field but most applications termi-
nate the search when solution quality no longer improves significantly over many
generations, i.e. a convergence criterion. If this seems too haphazard, simply restart
the process with a different initial population a few thousand times and take the best
outcome. This “restart” method has been shown to provide a small but significant
improvement in general and is worth doing for nearly applications with the only
exception being if you are very pressed for time (e.g. real-time applications).

The only point that is really complex is defining how solutions mate and beget
child solutions. The idea again derives from biological evolution. Two DNA codes
seem to combine to make a new DNA code by selecting genes from either parent
DNA and then subjecting the result to some mutation.
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Supposing that the two parents are the two solution vectors A and B, then we may
construct a new solution C

A = lay,az,a3,...,ay) (7.1)
B: [b[,bQ,b},.-.,b”] (72)
C =lc1,02,C3,---,Cn) (7.3)

by putting randomly either ¢; = a; + & or ¢; = b; + € where €; is a small randomly
generated mutation term. Choosing an element from either A or B is called the
crossover operator and adding a small random element is called the mutation op-
erator. It is the mutation operator that allows the new solution to be made up of
elements that did not exist yet in the initial population and this is crucial in order to
gradually visit all possible points.

The method by which we choose elements from A or B can become arbitrary
complex or may be a simple 50-50 random choice. Also the method to apply the
mutation may be complex or simple. In general, it can be said that only simple
problems can be solved by simple methods for these two stages of the solution
generation process.

For complex problems, we must prefer certain features in the crossover operation
and must gradually suppress mutation over the long term so that the overall solution
accuracy can focus on a precise final result. How exactly this is done would go
beyond the scope of this book since we wish to focus on simulated annealing but
the ideas presented for simulated annealing may be applied to this context.

7.2 Elementary Simulated Annealing

When an alloy is made from various metals, these are all heated beyond their melting
points, stirred and then allowed to cool according to a carefully structured timetable.
If the system is allowed to cool too quickly or is not sufficiently melted initially,
local defects arise in the system and the alloy is unusable because it is too brittle or
displays other defects. Simulated annealing is an optimization algorithm based on
the same principle. It starts from a random microstate. This is modified by changing
the values of the variables. The new microstate is compared with the old one. If
it is better, we keep it. If it is worse, we keep it with a certain probability that
depends on a ‘temperature’ parameter. As the temperature is lowered, the probability
of accepting a change for the worse decreases and so uphill transitions are accepted
increasingly rarely. Eventually the solution is so good that improvements are very
rare and accepted changes for the worse are also rare because the temperature is
very low and so the method finishes and is said to converge. The exact spelling out
of the temperature values and other parameters is called the cooling schedule. Many
different cooling schedules have been proposed in the literature but these have effect
only on the details and not the overall philosophy of the method.
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The initial idea came from physics [95]. The physical process of annealing is one
in which a solid is first heated up only to be cooled down slowly in an effort to find
its ground state. We are asked to cool the solid so slowly that it remains at ther-
mal equilibrium throughout the entire process. Based on this assumption, statistical
physics has been able to calculate the probability distribution of microstates (ex-
act atomic configuration) giving rise to an observed macrostate (the global features
of the whole solid). This distribution says that the probability of the solid making
a transition between a state of energy E to a state of energy E’ (with E/ > E) is

proportional to
E'—E
exp | —
P\" 7t

where k is a constant and 7 is the temperature of the solid. As annealing is an actual
physical process used in many manufacturing plants, the computerized simulation of
this process is known as simulated annealing. In the context of a general substance
the method takes the following form [13]:

Data : A candidate solution S and a cost function C(x).
Result : A solution §’ that minimizes the cost function C(x).

T < starting Temperature
while not frozen do
while not at equilibrium do
S + perturbation of S.
if C(S') < C(S) or selection criterion then S +— S’

end
T <« reduced temperature

end

Algorithm 1: General Simulated Annealing

We immediately see some rather enticing features: (1) Only two solutions must
be kept in memory at any one time, (2) we must only be able to compare them
against each other, (3) we allow temporary worsening of the solution, (4) the more
time we give the algorithm, the better the solution gets and (5) this method is very
general and can be applied to virtually any problem as it needs to know nothing
about the problem as such. The only points at which the problem enters this method
is via creating a perturbed solution and via making a comparison of cost function
values.

Note that the inner loop gives rise to a Markov chain as each new state depends
only upon its predecessor. Also note that this formulation of the method is quite
general. Several pieces are missing: (1) a method for assigning an initial tempera-
ture, (2) a definition of “frozen,” (3) a definition of “equilibrium,” (4) a selection
criterion and (5) a method to calculate the next temperature. The cost function and
perturbation mechanism are given by the problem we are trying to solve. It must be
said that there are, in general, various ways in which perturbations could be gener-
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ated. The solution quality (final cost and computation time) depends on this choice.
As this is highly problem specific, we can only hint at this in section 7.5.

Giving definite computable functions for the five elements named above is re-
ferred to as a cooling schedule and must be found to turn simulated annealing into
an algorithm that can be implemented. As presented above, it may be considered a
general computational paradigm but not yet an algorithm.

First we give an example in the form of the traveling salesman problem in which
we try to find the optimal journey between 100 cities arranged on a circle beginning
from a randomly generated ordering. We chose a large number as initial temper-
ature haphazardly, told the algorithm to stop once no improvement was seen over
two consecutive temperatures, defined equilibrium as 1000 proposed transitions and
cooled our system by multiplying the current temperature by 0.9. This extremely
simple schedule led to the optimal solution of this problem in 35 temperatures. The
cost for the problem is the Euclidean distance between the points on the journey
and the moves are simple too: (1) reverse a sub-path and (2) replace two sub-paths
between towns A and B and C and D by two paths between A and C and B and D
[86].

This is an example in which we know what the optimal solution is (a circular
journey) and thus we can be happy with this simple cooling schedule. In general
however, we do not know what the optimal solution is and so choosing a cooling
schedule becomes a problem in its own right because we cannot verify whether the
final answer is actually good. In fact, most authors make a rather haphazard choice
of functions and parameters for their cooling schedule.

7.3 Theoretical Results

In the limit of infinitely slow cooling, simulated annealing finds the optimal solution
for any problem and any instance [123]. This is the central result on which most
authors justify their use of simulated annealing. The question of how slowly is slow
enough in practice is a complex one that again raises the question of a cooling
schedule. It is possible to prove polynomial-time execution of simulated annealing
for a large class of cooling schedules [124].

If R is the set of all possible microstates and g the stationary probability dis-
tribution of the Markov chain (the inner loop of the algorithm), we may define the
expected cost (C(T)), the expected square cost (C(T')?), the variance in the cost at
equilibrium ¢%(T') and the entropy at equilibrium S(7') all at a certain value of the
temperature 7' by
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=Y Ck)g(T); (7.4)
keR

T)*) = Y C*(k)q(T): (1.5)
kEeR

o*(T) = (C(T)?) — (C(T))*; (7.6)

S(T) =Y qu(T)Ingi(T). (1.7)
kER

Furthermore, the specific heat of the system is given by

2
=2 () = T%S(T) o0

e (7.8)

The expected cost and expected square cost can be shown to be approximated by
their averages over the Markov chain by virtue of the central limit theorem and the
law of large numbers [3]. These quantities prove helpful not only in analogy to the
physics origins of the paradigm but also in providing us with a good cooling sched-
ule. Furthermore, they become important in a discussion of the typical behavior of
simulated annealing [124].

In physical annealing, the substance effectively undergoes slow solidification af-
ter it has initially been melted at high temperature. It thus undergoes a phase transi-
tion. We would expect the total entropy of the system to drastically decrease during
this transition and only slowly on either side of it. Physically, such transitions are
usually fast but do take a finite amount of time. If we monitor the average energy,
standard deviation of the energy and the specific heat of the alloy during the physical
annealing process, we should be able to see the phase transition clearly.

Surprisingly, we see the same effects in the evolution of combinatorial problems
using simulated annealing. For the traveling salesman problem on 100 cities on
the circle, we monitored these quantities over 72 temperatures and plotted them
relative to the logarithm of the temperature, see figure 7.1. We see that there is a
clear phase transition that is extended over a few temperatures and that both cost
and standard deviation vary relatively little on either side of this phase transition.
Subject to the assumption that cost is distributed normally over configuration space,
we are able to prove that at large temperatures, the standard deviation is constant
and the cost inversely proportional to the temperature. At low temperatures, both
standard deviation and cost are linearly depended on temperature [2, 70]. This is
borne out by the data we have collected.

The specific heat of the instance is roughly constant with a few exceptions. The
specific heat of a material body is the amount of heat necessary to be added to the
body to increase its temperature by one degree Kelvin per kilogram. It differs in
value depending on whether the pressure or the volume of the body are kept con-
stant throughout the process of heating. However, it is a constant property of the
material of the body. In the context of combinatorial problems, we could interpret
the pressure to be the external forces of change (i.e. the probability distribution of
accepting proposed transition) which is constant over the Markov chain that is used
to compute the specific heat. The volume of the problem could be considered to be
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Fig. 7.1 We see the normalized average cost (top curve) and normalized standard deviation (lower
curve) against the logarithm of the temperature. As temperature decreases over time, this means
that time runs from the right of the plot to the left. We clearly observe the phase transition in the
middle of the image.

the average cost during the Markov chain. Thus we are computing the specific heat
at constant pressure. In further analogy to physics, we would assume that the spe-
cific heat is a constant throughout the execution of simulated annealing. In physics,
local maxima in the specific heat indicate local freezing and hence local cluster
formation. This is detrimental to finding the ground state of the material and thus
should be avoided. In other words, local maxima in specific heat indicate deviation
from equilibrium and thus too rapid cooling. If the specific heat at the end of any
particular Markov chain is significantly greater than the specific heat computed in
the first Markov chain, we should thus disregard the last chain and cool the sys-
tem more slowly. This adaptive philosophy to a decrement formula will force the
specific heat over the evolution to be roughly constant. In our specific example, we
see a specific heat maximum around the onset of the phase transition on figure 7.2.
Had we cooled more slowly here, we would have in general obtained a much better
result.
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Fig. 7.2 We observe the specific heat as the grey curve and the acceptance probability of the
suggested transitions as the black curve against the logarithm of temperature. As in figure 7.1,
time therefore runs from the right to the left of the image. We again clearly observe the phase
transition in the specific heat curve as the onset of local freezing. As expected, the acceptance ratio
of suggestions declines exponentially and, upon becoming too low for further progress, leads to
the end of the optimization run.

7.4 Cooling Schedule and Parameters

A host of experimental data from a variety of combinatorial problems show that the
performance in both quality of final solution and execution time is highly dependent
upon the cooling schedule [124]. We will spend some time reviewing different pos-
sibilities for such a schedule and, as we shall see, the parameters that the parts of
the cooling schedule require us to choose are no less significant for the performance
of the algorithm.

Generally, the quality of the final solution of simulated annealing can compete
favorably with the very best of tailored algorithms for specific combinatorial prob-
lems however at the cost of additional execution time [124]. This observation has
been made in many papers but all of them have used very simple cooling schedules
and have not tuned the parameters of these schedules well. This leaves us to spec-
ulate that one may expect additional quality and time performance from simulated
annealing after appropriate tuning. If this were consistently true, this method may
beat a number of tailored algorithms in quality.

There are parallel implementations of simulated annealing that speed up the exe-
cution considerably. These are, however, more complex and deviate somewhat from
the original physical and intuitive ideas. They are also harder to implement and so
we refer to the literature for this, e.g. [100] and references. We begin the discussion
of cooling schedules with the cautionary remark that an experimental comparison



7.4 Cooling Schedule and Parameters 173

of the major cooling schedules (with tuned parameters) has never been done and so
advantages and disadvantages are a matter of theory for now.

7.4.1 Initial Temperature

The starting temperature has to be chosen such that the system can make highly
uneconomical transitions in the beginning and later settle down to temperatures at
which very few such transitions are possible. Thus, in combination with the tem-
perature decrement formula and the selection criterion, this temperature should be
chosen high enough but not too high. There are two major directions in which in-
vestigators have chosen to go.

The first is to say that the initial temperature 7 should be such that a certain per-
centage ¥ of uneconomical transitions are accepted [112, 79]. We start by assum-
ing a Gaussian distribution of cost fluctuations because this is our generic selection
criterion and thus set the probability of acceptance that we want (o) equal to the
probability at the initial temperature [57],

ACH) T ACH)
=exX — — = —
X0 p T 0 n (750_ i )

where AC(*) is the average of all cost function increases observed. In order to use

this formula, we thus perform one Markov chain in order to compute AC(*) and
then compute 7y by choosing some ¥. Estimates of this kind are used in many pa-
pers [84, 85, 119, 66, 97]. While this is a relatively simple and utilitarian solution
of finding a good starting temperature, most application oriented papers do not even
go this far but merely decide to fix Ty to a number that seems to give good results
empirically. Once this number is found using a few test instances, this number is
fixed for all subsequent instances and thus becomes part of the problem specifica-
tion. Clearly this is not a good choice of strategy. In the best case, there will be
many instances for which the computation time taken will be larger than needed but
it is likely that in many cases the final solution found will be inferior to the one that
could have been found with a different initial temperature. We thus advise on an
adaptive tuning of the initial temperature according to some model.

A more sophisticated approach is based on the assumption that the number of
solutions corresponding to a particular cost C, the configuration density, is normally
distributed with a mean of C and standard deviation of o... These parameters are
empirically determined during a Markov chain. We may then compute the expecta-
tion value of the cost as a function of the temperature (C(T)) ~ C — 62 /T, which is
a local Taylor expansion where C is an average taken at the current temperature, i.e.
over the current Markov chain. The variance 62 = (C(T)?) — (C (T))? is estimated

oo

—2
to be 62 ~ C(T)> —C(T)". Finally, we agree that we would like the initial expec-
tation of the cost to be within x standard deviations from the average cost. Together
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with the empirical estimators for the expectation values, we obtain [128]

Ty >x\/@—62.

We learn in statistics that 68% of all cases lie within one, 95% within two and
99.7% within three standard deviations of the mean for a normal distribution. The
number of standard deviations x, thus again comes down to choosing a . From the
cumulative Gaussian probability distribution the number of standard deviations and
the initial acceptance probability are thus related by

T €O ¢
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This is analogous to a practical method at which we start the metal off at room
temperature and heat it up gradually until we believe it is hot enough for it to be
well mixed (some distance past its melting point for instance) and then we begin
the annealing process in earnest. It is the concept of melting point that we have
essentially attempted to describe in this section and that accurately captures what
we need the initial temperature to be.

7.4.2 Stopping Criterion (Definition of Freezing)

The analogy between the melting point of a metal to be annealed and the start-
ing temperature of a combinatorial problem to be simulated annealed was drawn in
the previous section. This can be continued between the freezing point of a metal
and the stop criterion of the simulated annealing process. Physically speaking, the
freezing temperature and the melting point are the same (this temperature marks
the phase transition between the solid and liquid phases) but this transition is not
instantaneous. In the context of optimization, the starting temperature is higher and
the final temperature lower. Thus, a real phase transition does not occur at one in-
stant but over a period of time. The entropy does not have an actual discontinuity
(as the theory would have us believe) but rather it has a sudden and drastic change
over a small but finite time frame.

The simplest proposal for the final temperature is to fix the number of the dif-
ferent temperatures and thus the final temperature depends upon the temperature
reduction formula. The actual number varies between six [113] and fifty [47] in the
literature. The analogue of waiting until no more consequential transitions are made
is to wait until the optimal configurations found after a number of Markov chains
(typically the last four) are identical [79, 97, 115]. We may further require that the
probability of accepting a random transition is smaller than some fixed value y by
analogy to the treatment of the starting temperature [57].
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A number of more sophisticated proposals are made in the literature. Suppose
that we are at a local minimum Cj in the cost function and the lowest cost value of
any configuration in the neighborhood of the current configuration (i.e. reachable
by a single transition) is C;. Then we would like that the probability of transiting
from the local minimum to this point should be lower than 1/R where R is the size
of the neighborhood. This condition (assuming that cost is normally distributed, as
before) gives [128],

V< C Co'
InR
The choice that 1/R is to be the cut-off probability seems reasonable but neverthe-
less we may consider this a general statement under the Gaussian assumption and
input any desired probability.

Alternatively, we may require that the probability of the last configuration
reached in a Markov chain being more than € (in cost) over the true minimum of
the cost function, is less than some real number 6. This may be used to derive the
condition [89]

£
b= @~ —me
where Z is the set of all possible configurations. This obviously suffers from having
to choose an € and a 6 (similar to the )y above) and having to calculate the size of
the configuration space.

Consider the difference between the average cost C(7}) during the k" Markov
chain and the true optimum. This may be expanded as a first-order Taylor series
when T is small. This difference (calculated by the Taylor series) relative to the
average cost in the first Markov chain is desired to be lower than some fixed €
divided by the terminal temperature 7. Finally this gives [4, 101]

CX(1y) ~C(Ty)
pel (E(To) — E(Tf))

Tf >

7.4.3 Markov Chain Length (Definition of Equilibrium)

Continuing our physical analogy, we are to anneal our substance at equilibrium.
Thus we are only allowed to lower the temperature when the substance has reached
thermal equilibrium at the current temperature. We need a firm definition of this con-
cept in combinatorial terms in order to terminate our Markov chain. A strict math-
ematical definition of equilibrium is practically impossible as it would entail com-
puting the probability distribution of configuration space which would correspond
to the simplest of all optimization algorithms (check all possibilities and choose the
best one).

Let the length of the k* chain be L. The simplest practical way is to give a def-
inite fixed length to every chain so that L; is independent of k and depends only
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upon the problem size, i.e. it is some polynomial-time computable function of | %],
the size of the configuration space. Many authors simply choose some number, e.g.
L, = 100 [47, 46, 90, 51, 115]. Alternatively we use this function only as a ceil-
ing for the length and terminate the chain possibly before, such that the number of
accepted transitions is at least some 1,,,;, (this requires a ceiling because at low tem-
peratures the acceptance ratio is lower) [79, 57, 84, 85, 97]. On the other hand, we
may want to require that the refused transitions are at least a certain number [113].
This seems counter-intuitive as this leads to shorter chains at low temperatures and
thus a speedup of cooling whereas one would assume that achieving equilibrium
takes longer at low temperatures.

More physically, consider breaking the chain into fixed-length (in terms of ac-
cepted transitions) segments. The cost of a segment is the cost of the last configura-
tion. When the cost of current segment is within a cut-off of the preceding segment,
we terminate the chain [119, 58, 52]. This is more intuitive because this is related
to the fluctuations in cost over the chain. We terminate when the fluctuations settle
down; a definition of equilibrium that an experimental physicist might agree with.

Statistically speaking, we would wish for a sufficiently large probability to make
an uneconomical transition (possibly out of a local minimum) to be maintained
throughout the chain. A reasonable estimate, based on Markov chains, for a scale
length of a specific chain is

1
~ exp (— (ConaxConin) / T)

where Cp,,y and Cp;, are the largest and smallest cost observed so far (including
previous chains). This is further corroborated by the fact that N plays a similar
role in stochastic dynamical systems as the time constant plays in linear dynamical
systems; it is thus really a length scale [59, 108]. Taking the actual length of the
chain to be a few Ns should thus be enough to get to equilibrium; exactly how
many, however, remains to be decided by the user.

Finally, it is possible to show that the number of accepted transitions within an
interval -8 about the average cost C reaches a stationary value

Kerf<0'(5T)> ~ erf % ,
a-c

where erf(---) denotes the error function, at equilibrium and we may take this as
our definition (practical care has to be taken to avoid extremely long chains at low
temperatures) [94].
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7.4.4 Decrement Formula for Temperature (Cooling Speed)

After each Markov chain the temperature is decreased in analogy to the physical
annealing process in which a metal is cooled at equilibrium. The new temperature
T+ is calculated from the old temperature 7; very simply by either keeping their
ratio [79, 57, 47, 46, 90, 51, 84, 85, 97, 115] or their difference [119, 66] a global
constant. The ratio is usually taken between 0.9 and 0.99 but also 0.5 has been used.
If the difference is used, then it is determined by fixing the number of different
temperatures, the initial temperature and the final temperature. The ratio rule is used
very frequently in applications to the virtual exclusion of other rules.

It is the decrement rule that has the most impact upon the quality and efficiency
of the algorithm among the five rules that we must prescribe [124]. We would like
to decrease the temperature slowly so that the subsequent chains do not have to be
too long in order to reestablish equilibrium but not too slowly so that the algorithm
takes too much time to freeze.

We begin with the reasonable statement that the stationary probability distribu-
tions of two successive temperatures should be close, i.e. their ratio larger than
1/(1+ &) and smaller than 1+ 6 for some (small) real number 8. Depending on
subsequent assumptions, we may derive the following rules,

B In(1+8) T \ '

Tii1 =Tk <1+30(Tk)> , see [4, 1] (7.9)
B n(14+8) [ T \°

Tiy1 =Tx <]+3(G(Tk)) > , see [82] (7.10)
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T = Ti <1+Y5"> , see [89] (7.11)
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Tiv1 = T — o T T 18) [101] (7.12)

where 7y is some small real number and U is an upper bound on the difference in
cost between the current point and the optimum.

Alternatively, we can begin from the statistical mechanics formula for specific
heat and approximate, as we have done so far, the expected cost by the average cost.

This leads to
Tier1 = Trexp (—)LTk)
k+1 k o(Ty)

where A is the number of standard deviations by which the average costs of different
chains are allowed to differ; we require A < 1 [94].
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7.4.5 Selection Criterion

Generally, the Maxwell-Boltzmann distribution is assumed to be a reasonable cri-
terion for accepting or rejecting a proposed transition for the worse by the analogy
to statistical physics and so the probabilistic selection criterion is relative to the
function exp[—AC/T]. The discussion of whether a different condition should be
chosen is based on the observation that transitions of high cost difference can help
to get the system out of local minima and these are accepted rather less often at
low temperatures. Furthermore, at large values of the temperature virtually all tran-
sitions are accepted without bias. One may wish to bias the selection of transitions
such that large transitions are more likely at lower temperatures to help approach the
optimum faster. There are many possible choices but they are all centered around
attempting to force faster convergence and not lower final cost. It is our experience
that with present hardware, it is not necessary to speed up the algorithm (at the cost
of possibly a worse solution) for almost all practical problems.

We mention one simple way to tune the selection process, namely the reintroduc-
tion of Boltzmann’s constant in the Maxwell-Boltzmann distribution, i.e. changing
the function to exp[—AC/kT| where k is a constant. In physics, this constant takes
one universal and constant value; it can thus be thought of as a conversion factor
of Kelvins to Joules (units of temperature to units of energy). In combinatorics, this
factor would convert units of temperature (whatever that may mean here) to units of
cost. In our discussion of initial temperatures and decrement formulas, however the
unit of temperature was the same as the unit of cost and so the constant, in this con-
text, does not need to convert units. Specifically, there is some evidence that k = 2
may lead to slightly faster convergence to equilibrium [68].

A very interesting approach uses the so-called Tsallis statistics to attempt a speed
up of annealing’s convergence without a loss of quality. This is very promising but
is beyond the scope of this book to discuss, see [80] for a start.

7.4.6 Parameter Choice

We have seen that we must choose five elements (initial and final temperatures,
chain length, decrement formula and selection criterion) to turn the paradigm of
simulated annealing into an algorithm in addition to formulating our problem in
terms of transitions. This choice is far from obvious. In addition, almost all of these
elements depend on some parameters that we must also choose. We have some the-
oretical and practical guidelines and intuition as to what rules to choose but the
parameters generally escape precise quantification by intuition. We are thus lead to
the question: Do slight variations in the parameters make measurable differences in
the performance (quality and speed) of the simulated annealing algorithm applied
to a particular problem? The experimental answer is definitely affirmative. Thus we
have to make intelligent choices.
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It is unfortunate that almost all practitioners of the simulated annealing paradigm
do not put much effort into finding the optimal parameters. From the literature it
seems that the vast majority follows the following method. A few test instances of
the problem are generated. Some of these have known optimal solutions and some
do not. The parameters are adjusted manually such that the known cases are solved
to optimality and the unknown cases are solved to a final cost that seems reasonable
in the light of the known cases. This manual adjustment means in practise that rather
few different parameter sets are tried and the first one that looks good in the above
way is kept. Furthermore, the parameters are then kept fixed for all future cases to
be solved and are hardly ever (except perhaps in the case of the initial temperature)
varied. However an optimal parameter set can improve the average solution quality
appreciably over a manually chosen one.

Another method used more recently is to try a few values for each parameter
and then use linear regression to obtain some optimal interpolated parameter set
[63]. This is essentially a manual adjustment as well as there is no good method to
choose the few sets on which the regression is based.

Alternatively, we can regard simulated annealing as a function of its parameters
that returns the relative cost reduction @ = (C final — Cinit,-al) /Cinitiar Of the problem
instance. This is not quite good enough because « has a probability distribution that
is largely unknown. However, if we generate a large number of similar instances of
the same size and compute the average cost reduction @ by running simulated an-
nealing with identical parameters for each one, then it should return the expectation
value of the relative cost reduction. This is a good measurement of the efficacy of
the method and we shall take this as our figure of merit function to find the optimal
parameters. In short, we have a multidimensional function minimization problem
(maximize @ is the same as minimizing 1/0).

The simplest version of simulated annealing sets five constants A, B, C, D and E
to some initial values and looks like this:

Data : A candidate solution S and a cost function C(x).
Result : A solution §’ that minimizes the cost function C(x).
T+ A

while 7 > B do
fori= 11t Cdo
S’ «+ perturbation of S.
if C(S') < C(S) or Random < exp[(C(S') —C(S))/DT] then S «
end
T+ ET
end

Algorithm 2: Simple Simulated Annealing

In words, we start with a constant temperature A and define a constant temper-
ature B to be the freezing point. Equilibration is assumed to occur after or within
C steps of the proposal-acceptance loop where the selection criterion is the thermo-
dynamic Maxwell-Boltzmann distribution with Boltzmann’s constant D after which
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the temperature is decremented by a constant factor E. The standard choices for
these constants are A = C(S), B is 100 times smaller than the best lower bound on
cost, C=1000, D =1 and E =0.9. After successful implementation of this algorithm,
one usually plays with these parameters until the program behaves satisfactorily. It
is clear that implementing this method is very fast and we observe from the literature
that the vast majority of applications are computed using the version of simulated
annealing given in algorithm 2 where the five parameters are determined manually
[54].

Using this interpretation, we may regard simulated annealing as defining a func-
tion @ = ®(A,B,C,D,E) depending on five parameters (for the simple schedule).
We would like this average reduction ratio to be as large as possible.

This is yet another optimization problem with a function instead of a combinato-
rial problem. We are able to evaluate the function only at considerable computational
cost (N runs of simulated annealing for N randomly generated initial configura-
tions) and we do not know its derivative accurately. Even approximating the deriva-
tive comes only at heavy computational cost. There are many optimization methods
such as Newton’s method or more generally a family of methods known under the
names Quasi-Newton or also Newton-Kantorovich methods that rely on computing
the derivative of the objective function. Some of them require high computational
complexity due to the computation of the Hessian matrix but complexity consider-
ations are secondary here. The most important reason against all these methods is
that the derivative computation is not very accurate for the function constructed here
and this loss of accuracy in an iterative method would yield meaningless answers.
Indeed, such methods were tried and the results found to be unpredictable because
of error accumulation and much worse than the results obtained by methods not
requiring the computation of derivatives. The method of choice for optimizing a
function over several dimensions without computing its derivative is the downhill
simplex method (alternatively one may use direction set methods). Thus, we use the
downhill simplex method to minimize 0(A,B,C,D,E).

The starting point for the simplex method will be given by those values of the
five parameters that we obtain after some manual experiments. This is done for
the reason that most practitioners of the simulated annealing paradigm choose their
parameters based on manual experiments [54]. The other points on the simplex are
set by manually estimating the length scale for each parameter [127].

We find, after extensive computational trials on a variety of test problems, that the
average improvement in the reduction ratio after annealing has been parametrized
by the downhill simplex method as opposed to human tuning is 17.6%. We believe
this is significant enough to seriously recommend it in practise. Note that this is an
average and so there are cases where the improvement is small and cases where it is
large. It seems impossible to tell a priori what the result will be.

Many simulated annealing papers have been published that center around the
topic of performance of the algorithm in terms of getting to an acceptable minimum
quickly [102]. A variety of cooling schedules have been designed that can reduce the
computation time at the expense of solution quality. While the author experimented
with a number of open-source implementations of simulated annealing for a variety
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of optimization problems with tools such as a profiler, speed-ups of up to three or-
ders of magnitude were achieved. This is in contrast to claimed speed-up factors of
between 1.2 and 2.0 that come from changing the cooling schedule at the expense
of solution quality [102]. Thus the author believes the speed of the simulated an-
nealing method to be so dominated by programming care that he has not attempted
to simultaneously optimize solution quality and execution speed. This simultaneous
optimization would, however, be no problem in principle after one made the, com-
pletely random, decision how relatively important speed is in relation to quality.

Thus we may draw a number of conclusions that would appear to hold in general:
(1) The solution quality obtained using simulated annealing depends strongly on the
numerical values of the parameters of the cooling schedule, (2) the downhill simplex
method is effective in locating the optimal parameter values for a specific input
size, (3) the parameters depend strongly on input size and should therefore not be
global constants for all instances of an optimization problem, (4) the improvement
in solution quality can be significant for theoretical and practical problems (up to
26.1% improvement was measured in these experiments which is large enough to
have significant industrial impact).

Furthermore, the reason that the usual manual search is so much worse than an
automated search seems to be that the solution quality (as measured by the aver-
age reduction ratio) depends strongly on the cooling schedule parameters, i.e. the
landscape is a complex mountain range with narrow valleys that are hard to find
manually. Finally, the improved schedule parameters, in general, lead to slightly
greater execution time but in view of the dramatic improvement of quality (as well
as the fact that execution time seems to be dominated by programming care) this is
well worth it. However the computation times are generally so low nowadays with
powerful computers that increasing the speed of annealing at the expense of qual-
ity is a non-issue. Rather we would expand the computation time for the benefit of
additional quality.

7.5 Perturbations for Continuous and Combinatorial Problems

Apart from the cost function, with which we compare any two proposed solutions,
the only other point in annealing that the problem enters the algorithm is in the
method to perturb or change any proposed solution.

This method to modify a solution must be carefully constructed such that we
have a good chance to meet with many solutions and to be able to exit local minima.
Let us imagine that we are dealing with a continuous problem. That is, a problem in
which the independent variables (the one whose value we want to determine) take
on continuous values as opposed to discrete values. Then a solution is any value of
the independent variable vector x that obeys the boundary conditions. In order to
generate a new vector X' from this, we can create several ideas

1. Set x’ to a random vector independent of x. This is a simple and intuitive idea
but it violates the basic philosophy of simulated annealing of adaptive change.
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This method makes annealing essentially a variant of random search (take the
best solution of many randomly generated ones) and performs poorly.

2. Setx’ equal to x and change one element by +A for some a priori chosen length
scale A. This is better but performs poorly as well, as most problems tend to have
shorter length scales at lower temperatures due essentially to the phase transition
observed at intermediate temperatures.

3. Do the above but make A into A(T') a function of temperature. The scale should
decrease with temperature, that much is clear. There is wide disagreement in the
literature as to how to decrease it exactly. Describing these methods would carry
us too far afield. We merely note that the length scale of any particular variable
at any particular temperature may be estimated by performing many transitions
for various A for this variable at that temperature and noting down the variation
in the cost function thus achieved. In this manner, we may empirically construct
aA(T).

4. Do the above but assign a different A(T) to each element in x because every
variable may (and in general will) have its own length scale.

5. Do the above but do not change only one element of x but several during a single
move. We then ask how many is “several?” We have found that about 10% of the
number of elements in X is a good number to vary simultaneously. Which they
are should be chosen randomly.

In absence of domain knowledge that may allow us to design a better transition
mechanism, the last of the above suggestions has performed best for many experi-
ments of the author. In case of doubt, this approach is recommended.

If we are dealing with a problem that is not continuous but rather discrete, mat-
ters are more diverse. We now need to take into account the actual structure of the
problem.

Take, for example, the traveling salesman problem. The mechanism that has
proven to be the best has two moves: reverse any partial path and interchange two
partial paths, e.g. A — B and C — D with the two partial paths A — C and B — D.
There have been many other suggestions for generating a new solution from an old
solution but it is this suggestion that has been found to perform best. It is unclear,
before experimenting, which set of moves will perform best.

It is apparent from the structure of the moves for the traveling salesman problem,
that these were designed with the structure of the problem itself in mind — the prob-
lem is about a path between points without repetition. We cannot use these moves
for a different problem. As such we must really design a move set with respect to a
problem.

There is no general theory for constructing a transition mechanism. We must
think what is natural for the problem at hand and try it out. In general several sug-
gestions will have to be tested. Most often we will have no theoretical explanation
for the better performance of the winner but must merely be content to observe
which happens to be the best.

We note in closing that the suitability of the transition mechanism is a major point
in using simulated annealing. If you use a poor transition mechanism, annealing will
take much longer (require more transitions) and may indeed converge to a poorer



7.6 Case Study: Human Brains use Simulated Annealing to Think 183

outcome. Note also that the cooling schedule depends on the transition mechanism
and so the cooling schedule must be tuned to a particular transition mechanism.

7.6 Case Study: Human Brains use Simulated Annealing to
Think

Co-Author: Prof. Dr. Adele Diederich, Jacobs University Bremen gGmbH

Humanity has long searched for the mechanism that allows the human brain to be
as successful as it is observed to be in solving a variety of problems both new and old
every day. Much is known about the architecture of the brain on the level of neurons
and synapses but very little about the global modus operanti. We find evidence here
that simulated annealing is that elusive mechanism that could be called the ‘formula
of the brain.” By examining the traveling salesman and capacitated vehicle routing
problems that are typical of everyday problems that humans solve, we illustrate that
none of the optimization methods known to date match the observations except for
simulated annealing. The method is both simple and general while being highly
successful and robust. It solves problems very close to optimality and shows fault-
tolerance and graceful degradation in the presence of errors in both input data and
objective function calculations.

The human brain is constituted of approximately 10! individually simple com-
putational elements (neurons) that are interconnected via approximately 5 - 10'4
synapses' [55, 111]. These large numbers prohibit a comprehensive direct computer
model of the brain. Even if it were possible, such a model would be essentially epis-
temological, i.e. it would treat the brain as a “black box” and would concern itself
only with input and output to this box. It is eminently more desirable to search for
an ontology of the human brain, a theory that (at least to some degree) explains as
well as reproduces input—output pairings.

The importance for science in general of understanding how our brain thinks in
global terms can hardly be overemphasized. Given the philosophical nature of the
issues, it seems unreasonable to be able to resolve the nature-nurture, consciousness-
complexity or intelligence debates on such grounds. However, many issues of scien-
tific interest can be tackled from this basis such as the performance issues at the basis
of intelligence and all manner of questions regarding memory and learning as well
as modularization or compartmentalization of the brain. Furthermore, through better
understanding of the human ‘hardware’ it should be possible to facilitate improved
learning, recall and equilibrated and enhanced brain usage. In brief colloquial terms,
an ontological brain mechanics forms the essential introduction to a brain operations
manual for the scientist as well as for the lay-thinker.

! Graph-theoretically speaking the brain is a very sparse graph — with 10'! nodes, a graph with
all possible edges would have 0.5 - 10>2 edges meaning that the human brain has approximately
0.00001% of all possible synapses. This is, of course, necessary as compartmentalization and mod-
ularization are quite essential for the myriad functions that the brain has to perform simulatenously.
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The average human being must make complex choices many times per day. Many
of these fall into the category of optimization problems: Choosing the ‘best’ alterna-
tive from a wealth of possibilities; a simple example being that of planning a route
between many stops. The meaning of ‘best’ differs widely between problems? but
it is clear that we must be able to (and are able to) compare several possibilities as
to their goodness when trying to find the best alternative. The process of ‘thinking
about’ the problem (i.e. considering the relative goodness of various possible alter-
natives) takes time and often we consider an alternative that is worse than the best
one found so far in an effort to find an aspect of that alternative that will allow us to
find an even better alternative later on — we accept temporary losses in expectation
of greater gain at a later time.

In most problems, the total number of possible alternatives is astronomically
large and no simply recipe for solution exists. As an example, planning the shortest
route between n stops while running errands would have us consider (n — 1)! possi-
ble routes. Most of these problems can only be (realistically) solved using heuristic
methods. The human brain is thus capable of selecting a good alternative from a
large set of possibilities without considering all possibilities. Additionally, the brain
does not search randomly but ‘intelligently’ considers the alternatives. It is unrea-
sonable to believe that the human brain has separate solution strategies for each
possible different problem. This would require a vast brain (which we do not have)
and enormous learning (which we do not have time for). Thus there must exist a cen-
tral problem solving apparatus that manages to solve many very different problems
to a reasonable degree each’. Furthermore, the neuron-synapse structure of the brain
operates approximately 1000 times slower than current computer hardware and hu-
mans still regularly outthink computer programs in tasks such as pattern recognition.
It is sometimes thought that massive parallelism is the key to this performance gap
[117, 111]. Our thinking strategy is thus problem-independent and very quickly ob-
tains a nearly optimal solution via a directed search through a very small portion of
the space of possible solutions.

We wish to draw a parallel between the SA algorithm and the human brain func-
tionality in solving optimization problems. As most problems encountered in ev-
eryday life are optimization problems, we will take this to be a strong indication
that the human brain uses SA as its general problem solving strategy. Learning is
adopted into this in two ways: (1) The cooling schedule of the SA paradigm is very
flexible and amenable to substantial tuning and (2) after sufficient experience with a
particular kind of problem, the brain may develop a custom method for dealing with
those particular issues important to that human being.

SA is very powerful as we have seen but it is also very robust. Robustness refers
to the preservation of the method’s ability to find a good solution in the presence of

2 Examples include minimizing the number of kilometers needed for a journey, the amount of time
required for a job, the number of trucks needed to supply a chain of stores, the number of rooms
required for a conference, the best assignment of employees to job tasks and so on.

3 Note that due to the astronomically large number of possible solutions and the non-existence
of any quick guaranteed solution schemes, the human brain cannot be expected to (and does not)
solve these problem to optimality but only close enough for practical purposes.
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noise (errors in the input data) and/or uncertainty (errors in the objective function
evaluation). Clearly the human brain is very robust and this feature must carry over
into any ontological mechanics of the brain.

The proper unit of time for the SA paradigm is the number of proposals made.
It is useless to measure the actual time taken as this depends too strongly on the
computer and programmer. As each proposal necessitates the construction of a can-
didate solution, its comparison to the current reference solution and its subsequent
acceptance or rejection, we postulate based on timing measurements of the brain
that the average human is capable of doing this in 3 microseconds [56, 111]. This
means that the human brain considers approximately 333 proposals per second. We
shall take this as the conversion factor in order to compare our SA algorithm to brain
measurements®.

In our experiments we will task a number of human subjects and the SA al-
gorithm with a number of instances of the traveling salesman (TSP) and the ca-
pacitated vehicle routing problem (CVRP). In both problems, the locations (on the
two-dimensional Euclidean plane) of n cities is chosen. In the TSP, the shortest pos-
sible round-trip journey meeting each city exactly once is to be constructed. In the
CVRP, each city has an associated demand value that the traveling salesman has to
meet given that his vehicle has a maximum capacity. A particular city is flagged
as the ‘depot’ where the salesman has to periodically return to refill his vehicle.
The CVRP asks for the shortest journey meeting each city (except the depot) ex-
actly once starting and ending at the depot and fulfilling all demands while never
exceeding the vehicle capacity’.

4 It should be noted that almost no proposals considered are done so consciously. The computation
power of the brain is vast but relies on almost all of the computing to be done unconsciously.

5 Method Note: Both problems can, of course, be asked with the cities not on the two-dimensional
Euclidean plane but this restriction made it possible to get human test subjects to solve the same
instances as the computer. The instances used had between 10 and 70 cities; half the instances were
taken from actual cities on the Earth projected onto the plane and the other half were uniformly
randomly distributed in a square.

For the human test subjects, the computer screen first informed them how many cities the next
problem had and what the maximum time limit was, then a fixation cross was displayed on the
screen’s center and then the cities as dots on the screen were displayed together with a clock
counting backwards from the maximum time limit. The subjects had to use the mouse pointer
to click on the cities in the order that they wished to visit them. A choice could be undone by
clicking the other mouse button and the click times were all recorded as well as the length of the
final journey. It was found that the average subject needs approximately one second per city just
to perform the clicking operations, i.e. giving less than this much time would not yield a complete
tour of the cities. Each instance was displayed several times for different maximum time values in
order to measure the time progress of the subjects as they were given more or less time to think.
Each time that the instance was redisplayed it was rotated by a different angle so that the instance
did not look the same as it did on its previous display. As such the learning effects of the experiment
were kept to the general task and not specific to an instance.

For the computer algorithm, we used a cooling schedule that assesses the correct starting tem-
perature by heating up the system until 99% of all proposals are accepted (using the Maxwell-
Boltzmann distribution for accepting cost-increasing proposals). Equilibrium is defined as 200
proposals and the temperature is decreased by a constant factor of 0.99 until the cost does not
change over four consecutive equilibria. This schedule is capable of solving to optimality all small
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In order to compare the data from the subjects to that of the computer, we note
that for the SA paradigm the graph of percentage cost deviation from optimum ver-
sus time is largely independent of the problem size for small instances. Furthermore,
this graph as well as the graph of cost variance versus time display a smoothed step
function profile. The initial plateau is a feature that SA could be criticized for as an
optimization algorithm as it could be viewed as a waste of computational resources;
after all we only begin to see progress after a substantial amount (roughly one-third)
of time has been spent. From a catalog of possible smoothed step function forms
[103], we have determined that the best fit is the complementary error function;
a-erfc(bx+ ¢) +d where a, b, ¢ and d are constants and erfc(x) = m.
Other optimization algorithms do not have this feature profile; their cost versus time
graphs generally follow a decaying exponential graph.

We do indeed find a scale invariance in the human subjects’ performance as it was
expected from SA experience, i.e. the normalized cost and standard deviation curves
do not depend upon the problem size. Thus we restrict ourselves to presenting data
from a particular instance. See figure 7.3 where the SA output has been scaled in
time according to the rate of 333 proposals per second.

The notable features of this comparison are thus: (1) Scale invariance was ob-
served in both human subjects and computer algorithm, (2) the cost and standard
deviation functions agree closely between computer and human subjects, (3) the
(independently arrived at) translation between the number of proposals and seconds
is accurate, (4) these features are characteristic for the SA paradigm and do not oc-
cur all together in any of the other general optimization methods. Thus we have
evidence that the brain mechanics cannot follow any of the other standard methods
as well as evidence that SA is very close to the observed performance. Thus we
conclude that simulated annealing is the prime candidate for an ontological brain
mechanics.

7.7 Determining an Optimal Path from A to B

Suppose that you are currently at the point A and that you have computed that point
B is the optimum that you would like to reach. In industrial reality, you cannot
always just change all set points from A to B in one go. The process must be guided
smoothly from here to there. This is called a change at equilibrium meaning that
the change must happen at such a slow speed that the process is always (nearly) at
equilibrium even though values are being changed. This will ensure that the process

problem instances contained in the TSPLIB collection of standard problem instances for both the
TSP and CVRP. This collection represents the international testbed for TSP and CVRP algorithms.

One possible criticism for this is that measuring cost deviation from optimum skews the human
performance because the subjects do not control length but the order of the cities. It has been shown
in the context of the TSP that the deviation from one journey to another (in terms of Hamming
distance — the number of different bits in a vector) approximately scales with the corresponding
cost [45].
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Fig. 7.3 The normalized cost deviation from optimum versus time in seconds is plotted in the
upper image with the grey line being the SA output and the black line being the human subjects’
average for a particular instance. The normalized standard deviation versus time is plotted in the
lower image in the same manner.

will continue producing the product that you want without causing any unwanted
side effects that may even destroy the optimization gains altogether.

This is equivalent to a navigation system in a car. It is unfortunately not possible
to drive from A to B immediately but you need to pass through some of the interme-
diate points. There is an optimal route and it is the responsibility of the navigation
system to tell what this optimal route is and to guide you through each of the steps
involved as and when they are necessary and to alert you if you deviate from this
plan. We must do the same for an industrial process.

A simple example of this process is to find the shortest line between two points.
On a flat space, this is obviously a straight line. If the space is not flat (for example
the hilly surface of the Earth), then this shortest path is no longer a straight line. The
method of solving such problems is called the calculus of variations. This method
has a few steps.
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First, we define our criterion for optimality. In this context it is called the La-
grangian and is a function of the variables x, the function that we wish to find f(x)
and the derivative of the function we wish to find f”(x), L(x, f(x), f'(x)). In the case
of finding the shortest length distance between two points, we have

L(x, f(x), f'(x)) = \/ 1+ (f'(x)).

Second, we define the action integral to be

B

o = [ L) f () dx

A

where A and B are the two extremal points of the line. The action thus depends on
the function f(x), which is unknown at this point. This is a strange dependency as
f(x) is not a variable with a numerical value but it is a variable with a function as its
value. We will not discuss this at length here but merely request the, in mathematics
very common, “willing suspension of disbelief.”

Third, we state that we wish f(x) to take on that function as its value that will
minimize the action. The result, after some pencil work, is the Euler-Lagrange equa-
tion

JL d JL

af dxadf
This equation must be solved for f(x). In general, this may be difficult. We will
illustrate this with a simple example.

We start with the arc length

Lix, f(x), f'(x)) = [ 1+ (f'(x))?

and observe that here
JL B
of

as f does not appear explicitly in L. Then,

0

a4 _d 2w
dxdf dx 1+(f’(x))2

From the fact that this expression must equal zero, we see that we must have the
numerator equal to zero and thus

d’f(x)

o 0.
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The general solution to this is f(x) = mx+b, i.e. the famous straight line. This is the
calculus of variations way of proving that the shortest distance between two points
(on a flat space) is a straight line.

In industrial reality, we have multidimensional space (x is a vector) and we want
to minimize the path’s total cost in terms of the objective function that we used in
optimization to find the optimal point. This will lead to an Euler-Lagrange equation
that must be solved. As the objective function becomes the L used above, we cannot
be more concrete than this here without a specific example. However, this equation
will, in general, not be solvable directly but must be solved numerically.

That is how to determine the most economical path from A to B. The methods
to numerically solve a non-linear second-order partial differential equation in sev-
eral dimensions go beyond the scope of this book but may be obtained in several
commercial software libraries for practical use.

7.8 Case Study: Optimization of the Miiller-Rochow Synthesis of
Silanes

Silanes are chemical compounds that are based on silicon and hydrogen. Impor-
tant for industrial use, are the methyl chloride silanes. Industrially, these are prin-
cipally produced using the Miiller-Rochow Synthesis (MRS), which is the reaction,
2CH;Cl + Si — (CH3),SiCl,. There are various hypotheses regarding the catalytic
mechanism of the reaction but there is no generally accepted theory. Regardless
of this, the reaction is widely used in large-scale industrial facilities to produce Di
methyl chloride silanes (CH3)SiCl, and Tri methyl chloride silanes (CH3)SiCls,
which we will refer to below as Di and Tri.

Practically, the reaction is carried out using silicon that is available in powder
form in particle sizes between 45 and 250 um with a purity of higher than 97%.
The most common catalyst is copper and the promoters are a combination of zinc,
tin, phosphorus and various other elements. The reaction is carried out at about
300°C and between 0.5 and 2 bars overpressure. In a fluidized bed reactor, the silicon
powder encounters chloromethane gas from below. The product leaving the reactor
contains the desired end product but also unused methyl chloride that has to be
separated in a condenser. The mixture of a variety of silicones is now separated in a
rectification where the desired Di and Tri are split off from the other methyl chloride
silanes that are mostly waste. These desired end products can now be hydrolyzed
into various silicones. The final products of this process can be practically used as
lubricants in cars, creams for cosmetics, flexible rubber piping, paint for various
applications, isolating paste for buildings and in a variety of other applications.

Unfortunately, the reaction produces several by-products that are unwanted. The
selectivity of the process measures how much of the total end product is of the
various types; for example a Di-selectivity of 80% indicates that 80% of the total
end product is in the form of Di.
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The market value of Di is highest among the different end products and so we
want to maximize the Di-selectivity. However, the selectivity is influenced in part by
the addition of catalyst. The relationship between increasing catalyst and increasing
selectivity is a matter of folklore in this area. As part of this research project, no
relationship whatsoever could be discovered within the range, 1% — 3% catalyst
addition, studied.

As the catalysts represent a financial cost, the most economical selectivity is not,
in fact, the maximum that could be chemically reached. We desire an economic
maximum here.

Due to the fact that no generally accepted theory of catalytic mechanics exists,
there is considerable debate and experimentation in an industrial setting on the cor-
rect use of the catalyst and promoters in order to get optimum performance. The
question specifically is: In what circumstances should what amount of what ele-
ment be added to the reaction? An important component of finding an answer to
this question is what the desired outcome of adding these substances is. In an indus-
trial setting, the commercial environment supplies us with some additional variables
such as market prices and supply and demand variations. Finally, we establish that
the desired outcome is a maximum of profitability. Whatever combination of cat-
alysts, promoters and end products is required for this will be taken and it is the
purpose of an optimization to compute this at any time.

Consider a black box. This box has five principal features:

1. There are various slots into which you feed raw materials such as silicon, copper
and so on.

2. There are some pipes where the various end products come out of the box.

3. The box has a few dials and buttons with which you can act upon the system.
These will be called the controllable variables, c.

4. The box has various gauges that display some information about the inside of
the box such as various temperatures and pressures. These variables change in
dependence upon the controllable ones but cannot directly be controlled and thus
will be called semi-controllable variables, x.

5. The box also has gauges that display some information about the external world
such as market prices for end products or the outside air temperature. As these
variables are determined by the external world, we have no influence over them
at all. These will therefore be called uncontrollable variables, u.

Inside this box, the Miiller-Rochow synthesis is doing its job. Due to the lack of a
theory about the synthesis, we cannot describe the process inside the box using a set
of equations that we can write down from textbooks or first principles. Therefore,
we will be adopting a different viewpoint.

Any industrial facility records the values measured by all the gauges and dials
in an archive system that is capable of describing the state of the box over a long
history. As the underlying chemistry has not changed over time, we therefore have
a large collection of “input signals” (controllable) into the unknown process along-
side their corresponding “output signals” (semi-controllable) in dependence upon
the boundary conditions or constraints (uncontrollable), which, mathematically, are
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also a form of input signal. This experimental data should allow us to design a math-
ematical description of the process that would take the form of several coupled par-
tial differential equations. Formally speaking, these equations look like s = f (c;u).
Mathematically speaking, the uncontrollable variables assume the role of parame-
ters (and hence follow the semi-colon in the notation) in this function.

Discovering this function is the principal purpose here and is very complex. One
of the most intriguing features is that all three sets of variables are time-dependent
and the process itself has a memory. Thus the output of the process now depends
on the last few minutes of one variable and the last few hours of another. These
memories of the process must be correctly modeled in order for this function to
represent the process well enough to use it as a basis for decision making. In order
not to clutter the mathematical notation, we will be skipping the dependence upon
time that should really be added to every variable here. The modeling is done using
the methods from section 6.5.

In order to do optimization, we need to define a goal g to maximize, which is a
function of the process variables and parameters, g = g(c,s;u). Using the recurrent
neural network modeling approach, the goal becomes g = g(c, f (c;u);u), i.e. the
goal is now a function of only the controllable variables and the uncontrollable
parameters.

Optimization theory can be applied to this in order to find the optimal point ¢
at which the goal function assumes a maximum, g,.; = g (&, f (¢;u);u). As the lo-
cation of the optimal point is computed in dependence upon the goal function as
described above, it becomes clear that the optimal point is, in fact, a function of the
uncontrollable measurements, ¢ = ¢ (u). Now we have the optimal point at any mo-
ment in time. We simply determine the uncontrollable measurements by observation
and compute the optimal point that depends only upon these measurements.

Thus we arrive at our final destination: The correct operational response r at any
moment in time is thus the difference between the current operational point ¢ and the
optimal controllable point ¢ (u), i.e. r = ¢ (u) — c. This response r is what we report
to the control room personnel and we request them to implement. Ideally, the plant
is already at the optimal point in which case the response r is the null vector and
nothing needs to be done. As a result of the plant personnel performing the response
r, the optimal point will be attained and an increase of the goal function value will be
observed; this increase is Ag = gimax — g (¢, f (¢;u) ;u), which we can easily compute
and report as well. The relative (percentage) increase Ag,.; = Ag/g(c, f(c;u);u)
has been found, in this example, to be approximately 6%, see below for details.

Please note carefully that the response r = ¢ (u) — ¢ is a time-dependent response
even though we have skipped this dependency in the notation. Thus, we do not
necessarily proceed from the current point ¢ to the optimal point ¢ (u) in one step,
see section 7.7 for a discussion of this point. Most often it is important to carefully
negotiate the plant from the current to the optimal point and this journey may take a
macroscopic amount of time — sometimes several hours.

Figure 7.4 displays this problem graphically using real data taken from the cur-
rent process. The two axes on the horizontal plane indicate two controllable vari-
ables and the vertical axis displays the goal function. We can easily see that the
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Fig. 7.4 The dependency of the goal on two controllable variables. The upper path displays the
reaction of a human operator and the lower path displays the reaction of the optimization system.
The paths are different and arrive at a different destination even though they started from the same
initial state on the left of the image. The optimized path is better than the human determined path
by approximately 3% as measured by the goal function.

change in a controllable variable can produce a dramatic change in the goal. The
two paths displayed represent the reactions to the current situation by a human op-
erator (the upper path) and the computer program (the lower path). They initially
begin on the left at the current operational point. Because of their differing opera-
tional philosophies, the paths deviate and eventually arrive at different final states.
This is a practical example of the human operator making decisions that he believes
are best but that are, in fact, not the best possible.

For the specific current application, the molecules are produced in three sepa-
rate reactors and then brought together for shipment. We are to optimize the global
performance of the plant but are able to make changes for each reactor separately.

In this case, the controllable variables ¢ were the following: Temperature of the
reactor, amount of raw material to the jet mill, steam pressure to the jet mill, amount
of Methylene Chloride (MeCl) to the reactor, pressure of the reactor and others
relating to the processes before the synthesis itself.

The uncontrollable parameters u were: X-ray fluorescence spectroscopy mea-
surements on 17 different elements in the reactor. The semi-controllable variables s
are the other variables that are measured in the system. In total, there were almost
1000 variables measured at different cadences.
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The goal function is the financial gain of the reaction. We compute the input raw
materials and the output end products. Each amount is multiplied with the currently
relevant financial cost or revenue. The final goal is thus the added value to the prod-
uct provided by the synthesis. We desire this to assume a maximum. This function
is dominated by two effects: Di is the most valuable end product and so we wish
to maximize its selectivity and the overall yield represents the profit margin and so
we wish to maximize it also. Possible conflicts between these criteria are resolved
by their respective contributions to the overall financial goal. In the results, we will
focus on these two factors.

The results reported here were obtained in an experimental period lasting three
months and encompassing three reactors. The experiment was broken into three
equal periods. During the reference period, the optimization was not used at all.
During the evaluation period the optimization had only partial control in that the
human operator controlled the input of catalyst and promoters. During the usage
period, the optimization was given full control.

We may observe the results in figure 7.5. In each graph, the dotted line is the
reference period, the dashed line is the evaluation period and the continuous line is
the usage period. What is being displayed is the probability distribution function of
the observed values. This way of presenting the results allows immediate statistical
assessment of the result instead of presenting a time-series.

Selectivity (%) Yield (%)
Reference 79.84+3.6 86.6 4.2
Evaluation 79.9+2.589.7+4.3
Usage 82.7+1.991.7+3.2

Table 7.1 The results numerically displayed. For both selectivity and yield, we compute the mean
= the standard deviation for all three periods.

It is apparent, from the images alone, that we increase the selectivity and the
yield with more use of the optimization and that we decrease the variance in both
selectivity and yield as well. Numerically, the results are displayed in table 7.1.
Decreasing the variance is desirable because it yields a more stable reaction over
the long term and thus produces its output more uniformly over time.

We may conclude that the selectivity can be increased by approximately 2.9%
and the yield by approximately 5.1% absolute. Together these two factors yield an
increase in profitability of approximately 6% in the plant. We emphasize that this
profitability increase of 6% has been made possible through a change of operator
behavior only (as assisted by the computational optimization) and no capital expen-
ditures were necessary.
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Fig. 7.5 The probability distribution functions for selectivity and yield of Di for periods in which
the optimization was not used (dotted), used for controllable variables without the catalyst (dashed)
and used fully without restrictions (solid).

7.9 Case Study: Increase of Oil Production Yield in
Shallow-Water Offshore Oil Wells

Co-Authors: Prof. Chaodong Tan, China University of Petroleum
Bailiang Liu, PetroChina Dagang Oilfield Company
Jie Zhang, Yadan Petroleum Technology Co Ltd
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Several shallow-water offshore oil wells are operated in the Dagang oilfield in
China. We demonstrate that it is possible to create a mathematical model of the
pumping operation using automated machine learning methods. The resulting dif-
ferential equations represent the process well enough to be able to make two com-
putations: (1) We may predict the status of the pumps up to four weeks in advance
allowing preventative maintenance to be performed and thus availabilities to be in-
creased and (2) we may compute in real-time what set-points should be changed so
as to obtain the maximum yield output of the oilfield as a whole considering the
numerous interdependencies and boundary conditions that exist. We conclude that
a yield increase of approximately 5% is possible using these methods.

The Dagang oilfield lies in the Huanghua depression and is located in Dagang
district of Tianjin. Its exploration covers twenty-five districts, cities and counties in
Tianjin, Hebei and Shandong, including Dagang exploration area and Yoerdus basin
in Xinjiang. The total exploration area in Dagang oilfield is 34,629 km?, including
18,629 km? in the Dagang exploration area. For the present study, we will consider
data for 5 oil-wells of a shallow water oil-rig in Dagang operated by PetroChina.

An offshore platform drills several wells into an oilfield and places a pump into
each one. If the pressure of the oilfield is too low - as in this case - the platform
must inject water into the well in order to push out the oil. Thus, the pump extracts
a mixture of oil, water and gas. This is then separated on the platform. External
elements like sand and rock pieces in this mixture cause abrasion and damage the
equipment. When a pump fails, it must be repaired. Such a maintenance activity
requires significantly less time if it can be planned as then the required spare parts
and expert personnel can be procured and made available before the actual failure. If
we wait until the failure happens, the amount of time that the well is out of operation
is significantly longer. Thus, we would like to know several weeks in advance when
a pump is going to fail.

Each pump can be influenced via two major control variables: the choke-diameter
and the frequency of the pump. These parameters are currently controlled manually
by the operators. Thus, the maximum possible yield of the rig depends largely on the
decisions of the operators, defined by the knowledge and experience of the operator
as well as the level of difficulty of any particular pump state. However, the employ-
ment of continuous and uniform knowledge and experience for the pump operation
is not realistically possible as no one operator controls the plant over the long-term
but usually only over a shift. Observation results show oscillations of parameters
in a rough eight-hour pattern which supports the argument that a fluctuation in the
knowledge and experience of human operators may lead to a fluctuation in the de-
cision making and thus a varying influence on the operation of the rig. While some
operators may be better than others, it is often not fully practical and/or possible to
extract and structure the experience and knowledge of the best operators in such a
fashion as to teach it to the others.

Pumps in an oilfield are not independent. Demanding a great load from one will
cause the local pressure field to change and will make less oil available for neigh-
boring pumps. Obtaining a maximum yield output, therefore, is not a simple matter
but requires careful balancing of the entire field. In addition, certain external factors
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also influence the pressure of the oilfield, e.g. the tide. This high degree of complex-
ity of the pump control problem presents an overwhelming challenge to the human
mind to handle and the consequence is that suboptimal decisions are made.
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Fig. 7.6 The discharge pressure of a pump as measured (jagged curve) and calculated from the
model (smooth curve). We observe that the model is able to correctly represent the pump as exem-
plified by this one variable.

The model is accurate and stable enough to be able to predict the future working
of the pump up to four weeks in advance. It can thus reliably predict a failure of a
pump for this time horizon due to some slow mechanism. We verify that the model
accurately represents a pump’s evolution in figure 7.6. The model was then inverted
for optimization of yield. The computation was done for the entire history avail-
able of 2.5 years and it was found that the optimal point deviated from the actually
achieved points by approximately 5% in absolute terms.

The main benefits of the current approach are: (1) processes all measured pa-
rameters from the rig in realtime, (2) encompasses all interactions between these
parameters and their time evolution, (3) provides a uniform and sustainable opera-
tional strategy 24 hours per day and (4) achieves the optimal operational point and
thus smoothes out variations in human operations.

Effectively the model represents a virtual oil rig that acts identically to the real
one. The virtual one can thus act as a proxy on that we can dry run a variety of
strategies and then port these to the real rig only if they are good. That is the ba-
sic principle of the approach. The novelty here is that we have demonstrated on a
real rig, that it is possible to generate a representative and correct model based on
machine learning of historical process data. This model is more accurate, all en-
compassing, more detailed, more robust and more applicable to the real rig than any
human engineered model possibly could be.
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The increase of approximately 5% in yield is significant as it will allow the op-
erator to extract more oil in the same amount of time as before and thus represents
an economic competitive advantage.

7.10 Case Study: Increase of coal burning efficiency in CHP
power plant

Co-Author: Jorg-A. Czernitzky, Vattenfall Europe Wirme AG

The entire process of a combined-heat-and-power (CHP) coal-fired power plant
from coal delivery to electricity and heat generation can be modeled using machine
learning methods that generate a single set of equations that describe the entire plant.
The plant has an efficiency that depends on how the plant is operated. While many
smaller processes are automated using various technologies, the large scale pro-
cesses are often controlled by human operators. The Vattenfall power plant Reuter-
West in Berlin, Germany is largely automated in these parts. The maximum possible
efficiency of the plant depends in part on the decisions of the operators, defined by
the knowledge and experience of the operator as well as the level of difficulty of any
particular plant state. However, the employment of continuous and uniform knowl-
edge and experience for the plant operation is not realistically possible as no one
operator controls the plant over the long-term but usually only over an eight-hour
shift. Observation results show oscillations of parameters in a rough eight-hour pat-
tern which indicates that a fluctuation in the knowledge and experience of human
operators may lead to a fluctuation in the decision making and thus a varying influ-
ence on the operation of the plant. While some operators may be better than others,
it is often not fully practical and/or possible to extract and structure the experience
and knowledge of the best operators in such a fashion as to teach it to the others.

Furthermore, the plant outputs several thousand measurements at high cadence.
At such frequency an operator cannot possibly keep track of even the most important
of these at all times. This intensity combined with the high degree of complexity of
the outputs presents an overwhelming challenge to the human mind to handle and
the consequence is that suboptimal decisions are made.

Here, a novel method is suggested to achieve the best possible, i.e. optimal, ef-
ficiency at any moment in time, taking into account all outputs produced as well as
their complex interconnections. This method yields a computed efficiency increase
in the range of one percent. Moreover, this efficiency increase is available uniformly
over time effectively increasing the base output capability of the plant or reducing
the CO2 emission of the plant per megawatt.

Initially, the machine learning algorithm was provided with no data. Then the
points measured were presented to the algorithm one by one, starting with the first
measured point. Slowly, the model learned more and more about the system and the
quality of its representation improved. Once even the last measured point was pre-
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sented to the algorithm, it was found that the model correctly represents the system.
See section 6.5 for details on the method.

In the particular plant considered here, Reuter-West in Berlin, eight months and
nearly 2000 measurement locations were selected as the history that was recorded
at one value each every minute; yielding approximately 0.7 billion individual data
points. After modeling, the accuracy of the function deviated from the real measured
output by less than 0.1%. This indicates that the machine learning method is actually
capable of finding a good model and also that the recurrent neural network is a good
way of representing the model.

The power plant is largely automated and so we considered, for test purposes,
only the district heating portion of the plant to be under the influence of the opti-
mization program. The controllable variables would then be the flow rate, temper-
ature and pressure of the of the district heating water at various stages during the
production.

The boundary conditions or uncontrollable parameters are provided by the coal
quality, the temperature, pressure and humidity of the outside air, the amount of
power demanded from the plant, the temperature demanded for the district heating
water in the district and the temperature of the cooling water at various points during
the production.

The model was then inverted for optimization of plant efficiency. The computa-
tion was done for the entire history available and it was found that the optimal point
deviated from the actually achieved points by 1.1% efficiency in absolute terms.
This is a significant gain in coal purchase but mainly a reduction of the CO2 emis-
sions that save valuable emission certificates.

In the analysis, about 800 different operational conditions (in the eight month
history) were identified that the operators would have to react to. This is not practical
for the human operator. The model is capable of determining the current state of the
plant, computing the optimal reaction to these conditions and communicating this
optimal reaction to the operators. The operators then implement this suggestion and
the plant efficiency is monitored. It is found that 1.1% efficiency increase can be
achieved uniformly over the long term.

The model can provide this help continuously. As the plant changes, these
changes are reflected in the data and the model learns this information continuously.
Thus, the model is always current and can always deliver the optimal state.

In daily operations, this means that the operators are given advice whenever the
model computes that the optimal point is different from the current point. The oper-
ators then have the responsibility to implement the decision or to veto it.

Specifically, an example situation may be that the outside air temperature changes
during the day due to the sun rising. It could then be efficient to lower the pressure
of district heating water by 0.3 bars. The program would make this suggestion and
after the change is effected, the efficiency increase can be observed.

The main benefits to a power plant are: (1) processes all measured parameters
from the plant in real-time, (2) encompasses all interactions between these param-
eters and their time evolution, (3) provides a uniform and sustainable operational
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strategy 24 hours per day and (4) achieves the optimal operational point and thus
smooths out variations in human operations.

For those parts of the power plant that are already automated, the model is valu-
able also. Automation generally functions by humans programming a certain re-
sponse curve into the controller. This curve is obtained by experience and is gener-
ally not optimal. The model can provide an optimal response curve. Based on this,
the programming of the automation can be changed and the efficiency increases.
The model is thus advantageous for both manual and automated parts.

7.11 Case Study: Reducing the Internal Power Demand of a
Power Plant

Co-Author: Timo Zitt, RWE Power AG

A power plant uses up some of the electricity it produces for its own operations.
In particular the pumps in the cooling system and the fans in the cooling tower use
up significant amounts of electricity. It will increase the effective efficiency of the
power plant if we can reduce this internal demand.

For the particular power plant in question here, we have six pumps (two pumps
each with 1100, 200 and 55 kW of power demand) and eight fans with 200 kW each
of power demand. The influence we have is to be able to switch on and off any of
the pumps and fans as we please with the restriction that the power plant as a whole
must be able to perform its intended function. A further restriction is introduced by
allowing a pump to be switched on or off only if it has not been switched in the prior
15 minutes to prevent too frequent turning off and on.

Five factors define the boundary conditions of the plant: air pressure, air tem-
perature, amount of available cooling water, power produced by each of two gas
turbines. These factors are given at any moment in time and cannot be modified by
the operator at all.

The definition of the boundary conditions is crucial for optimization. We recall
the example of looking for the tallest mountain in a certain region. If the region is
Europe, the answer is Mount Blanc and if the region is the world, then the answer
is Mount Everest. In more detail, we have a set of points (the locations over the
whole world) that consist of three values each: latitude, longitude and altitude. Out
of these points, first select those matching the boundary conditions (Europe or the
whole world) and then perform the search for the point of highest altitude.

In the power plant context, we must also define regions in which we will look for
an optimum. We do this by providing each boundary condition dimension (the five
above) with a range parameter. Let us take the example of air temperature. We will
give it the range parameter of 2 degrees Celsius. If we measure an air temperature of
25°C, then we will interpret this to mean that we are allowed to look for an optimal
point of the function among all those points that have an air temperature in the range
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[23,27]°C. As we have five dimensions of boundary conditions, we have to supply
five such range parameters.

It is a priori unclear what value to give the range parameter. A typical choice is
the standard deviation of the measurement over a long history. This gives the natural
variation of this dimension over time. However we may artificially set it to be higher
because the boundary condition may not be quite so restrictive for the application.

In the present case, we have chosen each range parameter to be one standard
deviation over a long history. In addition, we have investigated a scenario where the
range parameter of the air pressure is two standard deviations because we regard
this to be less important.

In order to make our model, we have access to myriad other variables from within
the plant. Thus we determine when we require which pumps and fans to be on in
order to reliably run the power plant. This culminates in a recurrent neural network
model of the plant, which we find to represent the plant to an accuracy better than
1%.

The model is now optimized using the simulated annealing approach to compute
the minimal internal power demand at any one time. Operationally this means that
the optimization would recommend the turning off of a pump or a fan from time to
time and, aggregated over the long term, achieve a lower internal power demand by
the plant.

The computation was made for the period of one year and it was found that the
internal power usage can be reduced by between 6.8% and 9.2% absolute. The two
values are due to the two different boundary condition setups. We therefore see that
the loosening of restrictions has a significant effect on the potential of optimiza-
tion. Please observe the essential conclusion from this that the parametrization of
the problem is very important indeed both for the quality and the sensibility of the
optimization output.

In conclusion, we observe that the internal demand can be reduced by a substan-
tial margin (6.8 t0 9,2%) which will increase the effective efficiency by about 0.05%
to 0.06% given that the internal demand is only about 0.7% of the base output ca-
pacity. This is achieved only by turning off a few pumps and fans when they are
unnecessary.



Chapter 8

The human aspect in sustainable change and
innovation

Author: Andreas Ruff, Elkem Silicon Materials

8.1 Introduction

Imagine an everyday situation when driving to work except this time your usual
route is blocked due to construction work for a couple of weeks. When realizing this
would you not ruggedly wake from the brainless automation that literally makes you
float to the office? And would you not quickly need to take back control over your
turns in order to follow the detour? What distinguishes a rehearsed mental situa-
tion from the deliberate? How can humans actively participate in a change process?
Finally, what is needed to sustain that change?

Continue to imagine that, when finally arriving at your desk, your office PC lets
you know that your password expired. Most people - including myself - have a hard
time to come up with a new set of letters, characters and numbers. Why is it so hard
to think of something new and why do I struggle to use the new password for weeks?
I enter the old password and only when it fails does my brain begin to question my
action. Only then will my cognition remind me that I had to change it and that I have
a new one. It will take a while until I get used to the new password. But after that it
will become the usual password. The same applies to the example of the roadblock:
Using the detour for a few weeks, you will sink into the same automation but with
a changed route. It is the power of habit - the things we do regularly are processed
in our brains automatically. A habit is acting on an accepted status quo and we tend
not to think about it or even question its necessity or validity.

To strive for the new is given by our human nature. In order to alter any situation,
it takes a lot more than just the intention to change. It requires the will and ability
to take on the new status quo and live up to it. The complexity in remembering the
password or the changed route to work lies in the conceived futility of the change
and is enhanced by the users perception that this change does not make life easier
nor does it contain additional value. In fact: The change is an obstacle.

P. Bangert (ed.), Optimization for Industrial Problems, 201
DOI 10.1007/978-3-642-24974-7_8, © Springer-Verlag Berlin Heidelberg 2012
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Breaking the habit and accepting the new situation is hard both for someone
initializing and managing the change and for the user. Overpowering habits and,
especially, changing business procedures dramatically depend on every individuals
ability to understand and accept the need for change and to adopt the new practice.
In this text, I will discuss the various aspects concerning the human ability to change
and its influence on sustainability.

In the past, I kept asking myself how much the sustainability in project work
relates to a personal work style and how much is fortunate coincidence. I will sum-
marize some important aspects on how to reduce the coincidence part. Additionally,
I will mention some general aspects backed by research and literature. I want to
share my personal experience and hope to illustrate the positive experiences that I
made when dealing with people in project teams. I always used the human aspect
in my project work and found that change against inner conviction is grueling and
virtually impossible.

But how can human aspects help, especially when one is introducing major
changes, and what can businesses do in order to make change sustainable? What
preconditions are needed to make employees accept change or even help create it?
I try to answer what successful change management is and how to gain sustainabil-
ity. I will focus on the human perception of change and how the organizational set
up and a managers personality can support the sustainability in change. All ideas,
suggestions and examples derive from my experience in the chemical industry but
I believe that they apply to any other business. My proposals and visions should
be seen as a recommendation. I would like to give you ideas and food for thought
on the value of the human aspect in order to increase your personal satisfaction and
efficiency when making use of it. The terms sustainability and change are no contra-
diction. The status of any situation between two deliberate changes should ideally
be sustainable.

8.1.1 Defining the items: idea, innovation, and change

Thomas Edison, the doyen of innovation and creativity, once said that the process of
invention takes 10 seconds of inspiration and 10 years of transpiration. In order to
understand the process of creativity better, a short differentiation of the terms used
is useful.

The first step in a creative process is the idea. It can be described as what is before
we think. It is a mental activity, the interaction of neurons and synapses resulting in
an electric impulse comparable with a flash of light. This bioelectric interaction is
able to create visions of objects or imagined solutions in our cognition. The brain
is structured such that most ideas come up when the thinker focuses on something
completely different or even sleeps. There are famous examples where scientists had
worked intensively and concentrated to solve a problem but it was during relaxation
that they imagined the solution. Kekule in 1885 worked on the structural form of
benzene and dreamt about a snake chasing its tail. Researchers like McCarley (1982)
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affiliate this to the absence of the catecholamine adrenalin and noradrenalin resulting
in reduced cortical arousal. The presence of catecholamine is related to the size of
the neuronal networks and therefore depresses the individuals cognitive flexibility
[74].

Emotional distance and a let-go attitude are very important when solving a prob-
lem. Ramon and Cajal (1999) mention this in their book Advise for a young inves-
tigator. Here they describe the “flower of truth, whose calyx usually opens after a
long and profound sleep at dawn, in those placid hours of the morning that ... are
especially favorable for discovery” [74]. Philosophers consider the ability to gener-
ate and understand ideas as the core aspect of individualism and the human being as
a whole. Ideas are not isolated, they grow and improve when shared and discussed
with others. The first idea is not necessarily the final solution, but it is the starting
point of a thoughts long journey to realization. The bridge between the idea and
realization is called creative innovation. The thought has to fall on fruitful soil or
as Heilman calls it: the prepared mind [74]. It is obvious that the precondition for
creativity is an open mindset and the ability to think outside conventional barriers.
The prepared mind is able to look at the same situation from different angles. The
open mind is not limited in its imagination and it keeps asking “what if?”’

Kekule and his problem of structuring benzene can illustrate this concept. His
dream about the snake chasing its own tail just induced the idea of a ring structure.
The innovation lies in the acceptance of the idea and the insight that this is a pos-
sible solution. If Kekule would have discarded the idea of a ring shaped molecule
because it just cannot be, he would have failed in solving the problem probably
forever. The ability to “understand, develop and express in a systematic fashion” is
the foundation of creative innovation [74]. Neither some special skills nor an in-
creased IQ are required to be creative or innovative. Coming back to Edisons quote,
the creative phase takes seconds but it may take years to establish the novelty suc-
cessfully in practice. The goal of innovation is positive change to the status quo or
simply to make something better. Innovation leading to increased productivity is the
fundamental source of increasing wealth in an economy [129]. Innovation can be
described as an act of succeeding to establish something new. Success in that re-
spect means to eventually make an idea come alive. The novelty can be a service,
product or organization. Once it is launched, there is no guarantee for success in the
market. This can be seen when Amabile et al. (1996) propose [6]:

All innovation begins with creative ideas. We define innovation as the successful imple-
mentation of creative ideas within an organization. In that view, creativity of individuals
and teams are a starting point for innovation, the first is a necessary but not a sufficient
condition for the second.

In order to be innovative one needs more than just a plain creative idea or insight.
The insight must be put into action to make a genuine difference. For example, it
could result in a new or altered business process within an organization or it could
create or improve products, processes or services. Sometimes creative people have
taken on existing ideas or concepts making use of individualization in combination
with hard work and luck, making the replicated idea even more successful. Neither
creativity nor an innovative mind can grant sustainable economic success.
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In 1921, J. Walter Anderson together with Edgar Waldo Ingram founded White
Castle in Wichita, Kansas. White Castle quickly became Americas first fast-food
hamburger chain and satisfied customers with a standardized look, menu and ser-
vice. In 1931, they had the idea to produce frozen hamburgers and they were the
first to use advertisements to sell their burgers [132]. White Castles success inspired
many imitators and so, in 1937, Brothers Richard and Maurice McDonald opened a
drive-in in Arcadia, California. First selling hot dogs and orange juice, they quickly
added hamburgers to the menu [130]. Today, White Castle sells more than 500 mil-
lion burgers a year [131]. That sounds like a lot but compared to the market leader
McDonalds, it is less than 1%. Surely White Castle was the first and is still in oper-
ation, but it is far from the success of others. The success of an innovation depends
on several factors such as market conditions, customer demand and expectation. But
more than that a good portion of luck is required: Being at the right place at the right
time. That is what Edison meant when intimating that successful innovation is most
of all hard work and transpiration.

This chapter is not about business plans nor will it advise the reader how to plan
a successful business. I want to get an insight on what preconditions are needed to
implement change successfully and, most of all, how to make it sustainable. The
word “change” describes a transactional move from stage A to stage B. It is not nec-
essarily true that the new stage is better than the original even if the intentions were
good. A software update, for example, can put the user in a position of not know-
ing where to find buttons and features. The changed look leads to an uncomfortable
feeling until the user gets to know the program better. This is similar to the above
mentioned examples of the new password or the roadblock on the way to work. The
software developers intention, of course, is to persuade the user with new tools and
improved appearance. Change is perceived differently depending on the individuals
situation. It is up to the user to experience the change as a chance or challenge.

Those of us who had the chance to manage change or work in teams in order to
implement change have experienced that a substantial amount of money is spend
to introduce advanced software, restructure organizations or improve processes or
products. With all this cost and effort, how and why does the improvement slowly
regress when the project team moves away? It is the human aspect that needs to
be considered and remembered right from the starting point. It determines the sus-
tainability in the change process. Enforced change is unlikely to be sustainable. As
modern organizations need to be able to adapt quickly, the human aspect needs to
play a central role in any change process.

8.1.2 Resistance to change

Most people are attracted by novelty. Especially when it comes to consumer elec-
tronics, thousands stroll over various trade shows or wait in front of retail stores to
get the latest products. To be equipped with up-to-date fashion and to be trendy de-
fines our status in modern societies. The speed of change is enormous. Companies
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underlie various constraints to keep up with the need to create new products and
services at satisfactory prices. Challenges are to improve technology, market share
or to stay (or become) competitive. The globalized world demands mental flexibility
and the passion to take on any new situation. Yes, we grow with our responsibilities
and we have to try hard to live up to the task. But too many businesses experience
such pressure and expect more of the employees than they can handle. The mod-
ern (especially western) business world generates more and more mental diseases.
The number one reason for sick leave is mental overload. The managerial challenge
is to balance the need for change with their duty of care towards their employees.
Businesses need continuous improvement and enduring change in order to survive
and to continue engagement. Employees are required to contribute for the benefit of
competitiveness, job safety and growth.

Studies done by Waddell and Sohal in the United Kingdom and Australia show
that resistance is the biggest hurdle in the implementation of modern production
management methods [126]. Interesting enough this resistance comes equally from
the management and the workers. They also found out that most managers and busi-
ness leaders perceive resistance negatively. Historically, resistance is seen as an ex-
pression of divergent opinions and good change management is often related to lit-
tle or no resistance. That implies that well managed change generates no resistance.
Here the question has to be answered what comes first, well managed change or to
properly handle resistive forces. Enforced change, with the main focus on the tech-
nical aspects of change, seems to be widely accepted by management. Action plans
are worked off and get reviewed but the individuals needs are often overlooked. It
does not matter what is going to be changed, the reaction mechanisms of humans
are similar and have to be taken into consideration. Resistance is a reaction to a
transition from the known to the unknown [49].

Change is a natural attitude, but only if the initiation for this transition derives
from the individual itself. If the initiation for alteration is pushed from the out-
side, then the change process needs to be well attuned. Every individual confronted
with change undergoes the following phases: initial denial, resistance, gradual ex-
ploration and eventually commitment7. This is a well-developed natural habit of
defending ourselves. Especially if companies execute on major business decisions
(e.g. organizational rationalization by software implementation) resistance results
from the individuals anticipated personal impact of the upcoming change. Humans
immediately see themselves confronted with an uncertain future. Past experiences
combined with what we have heard (from relatives who have been in a similar situ-
ation or the media reporting about others) escalate to existential fear and questions
arise such as “will I lose my job?” and “do I have to sell my house?” Whether this
anxiety is imaginary or real, the physiological response is that same: STRESS. The
negative, irrational emotion represses any logical aspect affiliated with the intention
and we divert all energy to defend the status quo rather than on the compulsory task.
It is an ancient defense mechanism from deep inside that hinders us to consider
change rationally, to adopt it or even to help shape it. Thus, resistance is often seen
as an objection to change. But is that really the case? If resistance is negative how
can we turn it into something useful to enable change? First of all, resistance and
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anxiety are important human factors for any undertaking. Data provided by Waddell
and Sohal indicates that humans are not against change for the sake of being against
it. In many observed cases, resistance occurs when those who resist simply lack
the necessary understanding. Therefore, they have a negative expectation about the
upcoming effect of the change. A major organizational restructuring or a local im-
plementation of a software tool for process improvement will be seen (by some) as
an assault. Preparatory measures should be used not only during the implementation
but also as a structural tool.

It is important to realize and analyses resistance in order to make use of it.
Managers and organizations should exploit resistance and use it with participative
techniques. Participation in that respect means more than just giving regular sta-
tus updates. Many companies inform their employees regularly about the status of
an announced project. This is a one-way communication model and the problem
is that, in many cases, questions of those involved are not or only inadequately
answered. Bidirectional information and communication is a critical tool to cre-
ate well-conceived solutions and to avoid misunderstandings or misinterpretations.
After the intention to go through a change process is announced by top manage-
ment, the middle management needs to communicate detailed information as soon
as possible. Regular personal meetings with decision makers and their direct reports
enable a consequent flow of (the same) information from the top down. Teams and
departments should sit with their direct management and discuss actions, explain
project milestones and intended results. The lower and middle management should
provide platforms for addressing questions. This will keep up the communication
even if the local leadership must not explain the exact plans and details.

Most of us have experienced situations where we lived through unconscious fear.
It helps if one can express the sorrow and gets the sense that the fear is dealt with
seriously. It is obvious that this cannot be done in a works meeting but has to be
done in small groups or even in one-to-one conversations. Certainly this is a big
effort and it (if done right) takes a lot of working time from the leadership and the
work force but it will pay back when measuring the effectiveness of implementation.
The organization needs to be set up to be ready for change. Thus, the organization
should focus less on technical details but prepare psychologically and emotionally.
It is mandatory for the management to define the goal and to set the expectations
but it should also leave room for individualism and pluralism. The initial idea is
not always the best. Leaders must learn to focus on the result rather than on every
individual detail. The organization has to be constituted to articulate resistance and
to deal with it. In return every individual needs to be confident that the managers are
honestly willing to listen and communicate. Therefore the entire organization needs
to be set up to ensure communication and a flow of ideas and suggestions no matter
from which level of hierarchy they originate. This requires managers at any level
of the entity to remember their vested duty to lead and manage people. The entitys
organizational structure determines its ability to adapt to innovation.
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8.2 Interface Management

8.2.1 The Deliberate Organization

Organizations depend on their ability to adapt to change and to make it sustainable.
The following describes a desirable but fictional stage. To claim that all of the fol-
lowing is doable appears to be rather unrealistic. But I do claim that most companies
have issues with regards to sustainable change management and that this is due to
neglecting the human aspect. As little as resistance is seen positive in real compa-
nies it still is a desired and necessary process for sustainable change. Furthermore,
the importance of a proper definition and scrutiny of functional interfaces is the key
to this process.

Whenever peers have to work together the efficiency of this interaction depends
on how well each of the individual knows what to do and how to do it. If there is an
overlap of authority or improper definition of roles and responsibilities the involved
employees spend a great deal of time and energy in organizing themselves. Some
organizations even believe that employees will solve this conflict in the best interest
of the business. The opposite is true. It is in the nature of humans to try to get the
interesting or highly appreciated duties and to leave those that require a lot of work
or are less esteemed to others. Instead of a cooperative atmosphere, a power struggle
will eventually leave few winners and many defeated. Those who cannot or do not
want to keep up with this fight might eventually leave the company. In addition to
this, it is not necessarily true that the ones who emerge victorious are the better
leaders or managers.

It is obvious that roles and responsibilities have to be defined. Reality proves that
in many organizations grey zones exist. An organizational interface requires several
aspects to be defined, executed and controlled. First of all it has to be defined which
roles have to have a share in the interface and who controls and monitors it. Con-
sider the following example from my experience when purchasing raw materials. In
order to buy the right amount and to set up realistic delivery plans, sourcing needs
to cooperate with manufacturing, quality control and perhaps even research and de-
velopment (R&D) as well as logistics. Depending on the company and its set up, the
finance department can be involved to contribute to payment terms, agree to letter
of credit and to manage cash flow.

This is an obvious exercise and it sounds simple when taking the concept of
value chains into consideration. If it is crucial to deliver high quality products in
reasonable time at competitive cost, all stages in the value chain have to receive the
right material at the right time. The smooth execution of customer orders requires
everybody involved to focus on the same target: total customer satisfaction. Oppo-
site to this concept, most companies have introduced individual Key Performance
Indicators (KPIs) for every department separately. Who could blame the manufac-
turing manager to demand only top class raw material or the most reliable supplier
if his task is to produce “just in time”, reduce reject rate and keep inventory levels
low. The manufacturing manager will simply not care for the cost of goods sourced
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because it plays absolutely no role in his list of performance indicators. Assuming
the sourcing manager is held responsible for price reductions and availability of
material, are these targets not conflicting? This fictional company will quickly find
itself in the position that everybody is pulling the same rope, but in different direc-
tions. Who would win the battle, especially if personal bonus payments depend on
the level of goal achievement? Furthermore, a proper interface definition also looks
at the acting persons (defined as names or job functions) and defines who exactly
has to take decisions. The principle of four eye decisions is expanded to six or more
eyes. In the context of the procurement example, the manufacturing, R&D and qual-
ity leaders would all have to agree to the proposal made by sourcing. They could use
evaluation forms and would discuss all pros and cons to finally sign off on the ulti-
mate decision. Due to this, they share the risk of failure (instead of a single person
taking the decision and being held responsible) and also improve communication.
Throughout the process the team shares the need for transparent decision-making
and traceable accountability.

This little example shows how important it is to manage any interface and to
define all incoming parameter as well as the outcome specification. The better ev-
erybody understands the interfaces definition and the individuals share in it the more
efficient it is. The critical definitions have to come from the management and it is
within the responsibility of every executive leader to maintain the defined balance
in each interface by frequently reviewing its overall performance. The benefit of
well-defined, established and managed interfaces is that the need for change is eas-
ily detectable and its effect can be simply measured. Any diffuse organization with
uncertain responsibilities unwillingly leads to mismanaged situations. The task of
executing change is either hard to assign or it is given to someone who has to fight
it through against the resistance of his colleagues. They will claim that the execut-
ing individual has neither the authority nor the power to implement any action. The
battle for competence and power will make the implementation extremely challeng-
ing. The desired effect finally will fizzle out. The well-defined interface will remain
well defined because the required change is assigned to the person in charge. To-
gether with the necessary resources and helping hands of all involved, change can
be implemented quickly and effectively.

A famous example is the work organization done by the Toyota Car Compa-
nys assembly teams. All work tasks are clearly regulated, described and monitored.
Expectations are defined and the work outcome is permanently controlled. The indi-
vidual is held responsible for his work and quality. If workers experience a problem,
they pull a trigger and co-workers from previous and later work steps come together
to discuss the issue, identify the root cause and the location of appearance as well as
finding and implementing a solution. Later, they monitor if the implemented change
is sufficient and track if the problem is solved for good. If they cannot find or agree
on a solution, an upper hierarchy member has to be informed according to defined
levels of escalation and will support the instant problem solving process or take
other decisions.
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8.2.2 The Healthy Organization

Let us assume that an enterprise defines, manages and controls its interfaces, all
roles and all responsibilities. The resistance throughout the organization is still un-
managed and uncontrolled. Not knowing the reasons for change initiates resistance.
In some cases this is aligned with the unwillingness of the leaders to exchange opin-
ions. Maurer looks at resistance as a force that keeps us from attaching ourselves to
every crazy idea that comes along. If an organization cultivates resistance and sen-
sitizes itself for the human nature, it will provide better ideas and faster turn over in
change. A necessary prerequisite is a certain type of manager, being able to change
their attitude towards resistant employees and develop a healthy organization. This
organization empowers managers to resist ideas originated in higher hierarchic lev-
els. Every employee openly shares ideas and participates in a culture of discussion.
A healthy organization is willing and empowered to improve initial ideas and shift
opinions. It being healthy implies to have critical thinkers identified, accepted and
involved at every level in the hierarchy. The appreciation of feedback and the will-
ingness to shift opinion based on reasons needs to be practiced top down and should
be lived as a business philosophy. Project teams must be put together based on both,
their criticality and their professional experience. The more diversified a group is,
the more facets are reflected and the more options are considered. It is critical for
any environment to have strong characters with different opinions, whether it is a
team, an enterprise organization or a group of peers. It is to the benefit of the leader-
ship (at every level) to cultivate at least a few dissidents rather than surround oneself
only with those who just say what one wants to hear. If resistance is used as a pro-
ductive tool, it enables a positive environment of trust and honesty with an open
dialog between all levels of the hierarchy. In such an environment alternatives can
be considered carefully and thorough discussions can evaluate every option.

It is the duty of an organizations leadership to carefully select every member
in the structure. Factors like specialist knowledge, leadership skills and personality
play a major role when selecting the appropriate candidates. A healthy leadership
has the guts to selectively pick those who are uneasy, unconventional and dare to
speak up. It is in every managers hand to choose the appropriate team members — the
healthy way is definitely stony and requires more effort from the beginning. I have
chosen this way many times now and I have always been rewarded with excellent
feedback, proactive flow of information and an extraordinary team spirit. All this
contributes to a lot more than just the sake of implementing and sustaining change.
It is of highest importance to make aware that a manager is not responsible for its
direct reports only. The managerial duties also apply for those levels below, thus it is
in every managers interest to have close communication beyond the direct reporting
line. This ensures translation of business visions from one level to the other and their
proper explanation. At the same time it guarantees everybody is and stays focused
on that same target. In well functioning organizations the vision is clear and broken
down so that the important parts get executed where needed. Many companies suffer
over-communication. Visions, missions and updates are sent weekly if not daily and
those who actually execute on these missions are not capable (due to IT access or
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language barriers) of understanding the message. Again, a good example of doing it
right is Toyota. They have their targets visually broken down so that every employee
can easily see, for example, how many cars need to leave the factory per day to make
the monthly promise and they get their personal goals aligned.

Especially micro-managing organizations need to reconsider their position. As
Antoine de Saint-Exupery states: “If you want to build a ship, dont herd people
together to collect wood and dont assign them tasks and work, but rather teach them
to long for the endless immensity of the sea.” It cannot be overstated how important
the information flow within an organization is. Sharing the vision means to provide
the right parts of it and to transform the vision into executable and measurable tasks.
A proper interpretation of the vision has to be communicated through the hierarchy
with a clear and understandable obligation. From top down, managers have to sit
down with their staff explaining the part of the vision they own and then break
this part up into workable portions. These parts of the vision get assigned to the
managers direct reports. The latter then do the same with their teams. Via this, the
organization is truly focused on the common target and individual interpretation
and/or cherry picking is barred. The proper break up and exact goal setting should
be controlled over (at least) two hierarchic levels. A manager needs to set the goals
for his direct reports and the managers superior controls that the set targets truly
match the overall vision.

The vision itself is ideally defined long term. When breaking the vision down into
manageable actions, take the time horizon into consideration. There are decisions
made today with an immediate impact and there are actions paying off tomorrow.
The leadership role of the top management is per definition oriented to the long
term future. Visions of growth, EBITDA margin and profitability surely need to be
transformed into actions with a time scale of months or years. This is the leading
part of the organization. However, a worker on the assembly line needs to get the
tasks in a more compressed time horizon. The vision of job safety, salary increases
and promotion perspective can be achieved by every days performance. Executable
tasks need to be laid out in hours or shifts. This is the part of the acting hierarchy
and its targets need to be monitored on the short term. Led by the management,
the vision gets executed by the shop floor personnel. The responsibility is spread
equally over the hierarchy. One could not succeed without the other — leaders need
actors and vice versa. The organization needs to be perceived like a Swiss watch:
every cogwheel is equally important, no matter what size. The real difference is
in the relative ratio of lead and act. This ratio varies and naturally it is at a 100%
lead at the top of the hierarchic pyramid and at 100% act at the bottom. Draw an
imaginary line through the hierarchy at the level where act and lead take the same
share. Here is a certain, hierarchic level and anyone below that level is likely to be
more on the workers side. This fictional border is extremely important. It is this
hierarchic level that is the most important interface. It should be seen as the front
line in communication and needs to be supported in an extraordinary way. Those
employees are the ones that will receive their part of the vision more lead oriented
and will need to pass it on with a strong focus on short-term execution (act). They
need to transform the business vision into something understandable, no matter what
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language, cultural context or expectation. The front line in the organization is where
the sorrow of team members gets shared. At the same time those working at this
front line step in for the top managements decisions on a day-to-day basis. Those at
the front line need to be embedded properly in the decision process or at least get
well prepared and need to receive all information and training up front.

Imagine a shift leader on night shift being responsible for a handful of work-
ers with different backgrounds and histories. Today, a certain change in the business
strategy gets announced via e-mail by the management. This shift leader is the single
point of contact that every shift member will turn to. If the shift leaders supervisor
did not prepare him with pre-information or supplied him with answers to most
likely questions, how can one believe that the shift will continue to focus on the
job? Everyone on the shift will spend a great deal of time with recurring questions
like “does this affect me and my family?” This time is costly and must be avoided. I
am not claiming that the less sophisticated are not capable of comprehending finan-
cial data or business numbers — the opposite is true! But remember that a rational
view on the uncertain new situation might be dismissed if the change affects oneself.
It would be better to hand out individualized communication packages with back-
ground information and a few answers to likely questions. This information sent
out shortly before or even with the announcement and to all relevant functions is
necessary, especially in times of major business change. If done right, the abstract
decision is explained and can be discussed. Concerns may be addressed and the fo-
cus will likely remain on the work rather than on something else. Depending on the
impact of change, the team coming together has to be prepared well. Key personnel
needs frequent training in communication and how to handle such an extraordinary
situation. Most change does not come by surprise over night and communication can
be prepared. The official announcement is the top of the iceberg only. Preparing the
key information multipliers with required information is mandatory for sustainable
change. Town hall meetings with all employees are good to maintain communica-
tion regarding the change process but only a few will have the courage to express
personal fears or raise questions in public. It is best to break up the enlarged meeting
into work teams and further explain the situation in smaller groups.

This chapter is not about leadership or professional management and there are
many other articles, publications and books available. Nevertheless, one aspect
seems of importance to me when discussing communication and organizational re-
sponsibility. It is a question about leadership itself: how many employees can possi-
bly be led effectively by one person? In times when efficiency and productivity are
the main drivers for business decisions, many (especially larger) companies trend
to merge departments and divisions. In order to make the organization financially
more efficient, groups and independent teams are put together under just one leader.
The number of direct and indirect reports keeps growing continuously.

To me, the maximum number of direct reports should not exceed 5-7. Following
the thought path of the effective vision communication, any manager is liable for at
least the second hierarchic level below himself. For example, a manager with five
direct reports would need to intensively work with all 30 (25 + 5) individuals. If
one takes the leadership role seriously, this consumes a great amount of the daily
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working time. On the other hand, the fewer hierarchic levels exist, the more day to
day business inevitably will end up on the managers desk. At a certain point the
leadership time gets repressed by the excessive time that functional involvement
requires. To me, that stage is reached in the majority of companies and it is an
organizational disaster. It is not my intention to judge but to alert. Any organization
decides how much a manager is a people leader or a functional worker. But my
deepest belief is that anything above 40% functional work will be at the cost of
effective leadership and good communication.

Time is the resource of today and especially of the future. It will not take long
until (especially) highly educated professionals will ask for more balance between
job hours and private time thus for a better work-life balance. There is and further-
more will be a trend towards flexible and effective working with new work structures
such as home office, split of labor, etc. Time already is but certainly will become a
more satisfying form of payment rather than pure monetary salary. Modern organi-
zations will have to react to the fact that more managers (male and female) value
family time over career. Any organizations challenge for the upcoming years will be
to make use of the existing resources as effectively as possible. The Lean principle
with its concept of labor efficiency is not able to model this by far.

People management and modern leadership will have to focus much more on
the individuals involvement in e.g. teamwork, projects or cross-functional problem
solving. Thus the manager shall have more time to identify and promote talents
and, at the same time, encourage the one being less motivated. Dealing with the
latter is extremely time consuming but necessary, if taken seriously. Assuming a
manager takes the time and spends it on a one-to-one conversation with a critical
individual. Then the individuals supervisor needs to be coached and instructed as
well. All this requires at least three peoples work time. The alternative is to do
nothing but this consequently will de-motivate the entire group. Assuming that there
is a fixed number of less motivated people in every organization, enlarged teams are
not necessarily easier to manage especially as hierarchic levels might have been
eliminated. Following the idea of sustainable change, the new manager will have to
focus on all individuals, ultimately identifying their talents and level of motivation,
working through communication and structural issues and finally gain new team
spirit. How can this person possibly find the time to work on the newly assigned job
tasks?!

This conflict gets even worse if those who have the most professional qualifica-
tion are promoted to manage the merged department and not the ones with excellent
leadership skills. The number of professional and leadership tasks suddenly over-
loads the new manager and there is a chance for the individual to get sick or leave
the company. The worst case is if the manager decides to set priorities towards less
people management. Thus, the frustration in the team increases with similar con-
sequences for the employees health and the fluctuation rate but multiplied by the
number of reports. Leadership and people management cannot be learned as easily
as professional skills. The higher the rank in the hierarchy the less important pro-
fessional skills are and the more important leadership and emotional intelligence
become.
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Healthy organizations consist of smaller highly specialized teams supervised
by those who continuously prove to be motivators and enablers. The base for the
healthy organization is the self-motivated worker who shares the managements vi-
sion and sees a clear perspective for himself. The workers talents need to be dis-
covered and his resources should be managed properly. It is the managerial task of
any supervisor or leader to bring the best out of their teams. The hierarchic pyramid
needs to be turned upside down putting the worker and its individualized work en-
vironment in focus. Those directly involved in the value chain need to be supported
most. The above-described front line is what needs the highest attention, as this
is where the managerial vision is practically put into action. Here is the interface
that makes businesses successful. The entire remaining organization is supportive
only. Empowering the organization means to develop manageable structures with
clearly defined interfaces, responsibilities and authorities. A healthy organization is
equivalent to hierarchic emancipation.

8.3 Innovation Management

One issue of highest importance to long-term business existence is consistent suc-
cess. Both rely on continues innovation. As shown above, innovation is not being the
first but being better than the others. Google started with an innovative algorithm to
search the Internet but they did not invent the search function itself. They came into
business by advancing existing technology. Only later in their history, they intro-
duced revolutionary technology like Google earth, the virtual street view or provid-
ing an online free counterpart of Microsofts office software package. Furthermore,
they were the second (after Apple) to develop their own smart phone. Innovation is
Googles backbone and each employee must spend 20time on non-job related issues.
Googles success is based on diversified employees and the trust that the freedom of
thought will result in creative ideas. As much as I support this concept, it is hardly
applicable for those in traditional business with non-virtual products and rather high
manpower cost. Those who operate in the real world need more basic tools to gen-
erate and implement innovation to be successful. The recently introduced industrial
operational excellence programs use Lean, Six Sigma and other problem solving
techniques. Lean relates to the Toyota Production System and Six Sigma is a sta-
tistical program, which was originated by Motorola in the 1960s. Both systems are
common answers to the same problem: structural operational improvement. In many
organizations the two are implemented together.

Lean focuses strongly on the executing workforce and its ability to prevent fail-
ure immediately. In Japan, detecting defects is not viewed negatively or to phrase it
differently: The Japanese are controlling the process to detect the issue as soon as
possible. This, in combination with a culture being subservient to authority, worked
well for Toyota. In Japan, no one would change work procedures or dare to question
the importance of details. Only if there is a problem, the belt is stopped. In the event
of a shut down, the team joins and discusses the issue. Together they find a solution
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and implement corrective actions immediately. If the issue is out of the teams au-
thority or cannot be fixed with a certain, well-defined time frame, the problem gets
escalated to the next hierarchic level. That level is equipped with more authority and
might have the power to either empower the team or call for help. Continuing the
escalation until the problem is solved guarantees that eventually something will be
done about it. The belt stands until the solution is implemented. It is a common aim
to continue the belt as quickly as possible but also to strive for perfection even if
that binds the forces.

This is opposite to most western civilizations were individuals tend to hide or
cover their mistakes.We tend to believe that errors will either not matter or someone
else will fix it later anyways. The culture is fundamentally different, especially in
the individuals identification with the product. While most western employees work
for money, the Japanese work culture is close to a second family. I am neither glori-
fying the one nor criticizing the other — it is important to understand that a program
is based on culture and cannot easily be copied to an organization with a different
culture. The individualized western civilization requires corrections to the program.
Pulling Lean, as practiced in Japan, over a central European work environment will
fail. There are multiple examples of companies being successful with Lean and Six
Sigma. Managing innovation is doable with the various programs and systems. In
many companies, the traditional organizational structure has been adjusted to match
the newly introduced improvement programs. Departments with specialists and ex-
pert know-how are introduced and, in many cases, the talented employees have been
moved from elsewhere in the hierarchy. The introduced program creates localized
innovation while the entire surrounding organization is reacting to the input. Hot
spots of innovation and creativity are not enough to inspire an entire business. The
innovation must come from within the organization itself and must derive from the
deepest wish, the one in every human, to create and innovate. Everyone should have
the same opportunity to put innovations and improvements into practice. Exclusive
programs will not succeed in sustaining the change they implement.

Everybody is innovative. Inventions are as old as mankind and it is not surprising
that people even today continue to invent. Thus, making use of ideas and developing
creative solutions has become more vital for economic organizations than ever. The
preconditions for innovation are adequately discussed, but the question remains how
to bring the best ideas forward and how can the organizational structures support it.

Operational Excellence continues its triumph in almost every enterprise. The
larger businesses allow themselves the luxury to allocate resources in new depart-
ments or structures to implement and execute the systematic improvement. The
smaller companies introduce those excellence systems within their existing struc-
tures. Lean, Six Sigma, Production Systems and innovation programs are introduced
to ensure implementation of innovation management and systematic improvement.
Black Belts are put almost everywhere with the clear objective to discover and elim-
inate waste. Statistical tools are installed, trainings held and the company policy gets
adjusted to the new philosophy. Consequently, there is a lot of change in the orga-
nization: new faces are employed with new-sophisticated titles (many of them in
English) to execute on those fancily named programs. Imagine being a worker at
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shop floor level, facing the structural shift and discovering the situation. You would
be challenged with a double impact: (1) Improvement projects will unforeseeably
change your work environment and (2) you will have to accommodate to a diver-
sified organization with additional reporting and responsibility structures. The in-
dividuals position becomes more diffuse and established organizational structures
change. This particular change is driven top down and is littered with terms that
most workers do not comprehend.

The acting participants are different from those who have to live with the alter-
ation. How can one believe this will work without friction or at least with some
resistance? The situation gets even worse when facing the fact that most improve-
ment leaders (e.g. Black Belts) average retention time is a little over two years. The
duration of stay is influenced by the projects size, its importance and the compa-
nies attitude towards its own program. Would it not be silly to promote that project
manager who has just familiarized himself with the team, figured out shift structures
or even came close to the problems root cause? Would you not agree that it could
easily take up to two years to discover all this? I confess to be rather critical with
the programs and its improvement leaders. For over 100 years, the industry in cen-
tral Europe did not know these highly specialized and centralized functions. To me
this is a consequence of the extreme reduction of manpower. Those working in an
area for a long time and being highly experienced did not need intensive statistics
or other tools to discover fundamental issues.

I am not claiming that analytical (especially statistical) know-how can be re-
placed by experience, but I strongly suggest combining it. The young, inexperienced
professional with his special knowledge and his technical ability is in a much bet-
ter position when being introduced (not only to peers and colleagues) by an older
employee who is well respected and familiar with the situation. I predict faster and
more sustainable results if the generations work together and combine their individ-
ual strengths. Team success strongly depends on the characters in the game. Suc-
cessfully implementing improvement starts when preparing the organization for the
improvement program itself. Thus, organizational development depends on the abil-
ity to think critically and the respect for age and experience. Neither can the program
replace the experience, nor can we implement profound effects without modern an-
alytical tools. Sustainable process change and significant improvement cannot be
prescribed. Many things need to fall into place to sustain change. If statistical fig-
ures, graphs and key metrics are presented to the management, the viewers need to
fully comprehend what is shown to them and they need to grasp what consequence
might come along with the improvement.

The biggest issue with improvement projects (especially of complex processes) is
that an improvement here can have a major impact elsewhere. Amendments should
be real and not a statistical fake or an imaginary effect on colorful slides. As soon
as the number of improvements or the speed of its implementation enables career
opportunities, the chance for improper project management with short-term effects
increases. The individual promotion should be linked to the improved quantity, but
mainly to the projects quality. Responsibly caring program managers will always
ask for the voice of the customer when evaluating a projects success. The customer
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in my eyes is, by definition, the one that needs to operate and maintain the improve-
ment later on. This is unlikely to be a manager or supervisor, but mainly and cer-
tainly the person dealing with the change afterwards. It only takes moments to judge
the quality of the implementation, the documentation and the users involvement
during planning, execution and training. In a healthy organization, poorly managed
change is identified immediately. Consequently, it gets attacked and stopped.

Criticality and resistance are important factors and they prevent us from making
stupid mistakes or repeating the same mistake. Healthy, in that respect, also implies
that the management takes the resistance seriously and values it. At the same time,
communication is open and everyone strives for necessary change. A healthy orga-
nization will be able to adopt any trend quickly but, at the same time, will wisely
adapt it to meet its needs.

8.4 Handling the Human Aspect

As outlined earlier, there are multiple aspects were the human interface impacts sus-
tainable change. Many of the described company-wide introduced programs contain
change management within the improvement project phases. Unfortunately, neither
of them really looks into the human sensitivities within the change. It is not part
of university education plans to prepare their students for the upcoming challenges
nor is it included in management or leadership seminars. Any new leader faces this
fundamental issue when being promoted into a leadership position. Together with
the new professional task comes the responsibility to lead a team. The challenge of
leading is accompanied by the struggle to compete with colleagues and other depart-
ments. The issue with this overload lies in poorly defined roles and responsibilities
and improper preparation of the individual itself. The ignorance of proper leadership
is carried from one level to the other and sooner or later the entire organization lacks
of human interface management. Some leaders do learn from experience. Through-
out our professional lives we experience managers with positive as well as negative
leadership attitudes. It is important to remember that nobody is perfect. It is of high-
est importance to take on some of the positive abilities presented by managers and
peers.

The principle for successful lead-management is “tread others like you want to
be treated yourself.” Good and pure people management is not easy and lacking
time for leadership induces most interpersonal issues in companies. Effective tools
to manage the human aspect in sustainable change are wishful. Their effectiveness
strongly depends on the overall companys attitude towards this aspect and every
individuals intentions. Each of the following topics is an important factor by itself.

But, when combining them into a leadership vision and living up to it, it will in-
crease engagement, motivation, identification and, finally, productivity and revenue.
Focus on the human aspect is not only a matter of sustainable change but also a
chance for sustainable business success. The following suggestions are not ranked
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nor are they a guarantee for success. They are meant to add some practicability to
the paragraphs above.

8.4.1 Communication

Team-Meetings should be held (at least bi-monthly) with a clear, pre-communicated
agenda and an open space for critique and suggestions. The team should be se-
lected by function such as shift leaders or regional marketing managers. On recur-
ring events, an extended team, including e.g. the deputy shift leaders or the most
experienced marketing manager, should get an opportunity to be heard. They also
need to have their share in hot topic discussions and must have a chance to express
their opinions. Especially in times of change, listening frequently to those affected
can reduce tension and resistance. Remember that those who resist are not necessar-
ily against the change. Change pressed through by tension and force is likely to in-
crease the resistance. Team meetings are excellent tools to develop a common sense
and to communicate the status quo. Sharing the information with the team enables
a broad discussion and allows everybody to participate. The major disadvantage of
multi-people meetings is that those who gain a major share in the discussion are
those who would have probably expressed their opinion anyways. You need to get
to those who are quiet and meet them in personal communications.

One-to-one meetings should be held frequently with the leaders but also with
those known to be the unofficial leaders. Communicate and involve them during
decision-making and have special focus on those who struggle accepting the change.
Special attention is needed for those being extremely reticent. They are likely to not
be brave enough to speak up while among others. But, you need to find a way get to
their viewpoint, too. An open atmosphere in a non-business environment (cafeteria
or a colleagues office) will help to establish this channel of communication. The
individual needs to be and feel safe to disclose his opinion or express deep sorrows.
Follow up meetings are important to double check that the person is still okay and on
track but also to clarify any misunderstanding or misinterpretation upfront. Oneto-
one conversations are extremely time consuming but indispensable. I have made
great positive experiences when demanding critique from my direct reports. That
way, you force them to think about what needs to be changed. Or to phrase it slightly
differently, the question to ask is: “what do I have to change in order to make you
more successful?” One-to-one meetings can be planned as an official meeting but
could also be set-up as a consultation-hour on fixed dates. Getting to the crucial
point of information is difficult when dealing with people. You never know whether
you are being told the truth or if your counterpart just plays politics. A good feel for
people is the most essential characteristic of any leader but if you really need a good
average opinion, you should use anonymous communication tools.

The Critique Box can be a letterbox or a web-based anonymous message drop
box. Most, but especially international, companies have compliance hotlines and
ombudspersons. Here, people can address their concerns and questions and receive
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help. This rather complex system might even prevent people from using it. Users
could get the impression that their concern just is not important enough to bother
such a professional instrument. And if they place the concern, will it be treated seri-
ously and confidentially? Certainly people do not want to feel or be disadvantaged
when using the hotlines. An anonymous web-based interface is a simple tool and ev-
ery employee can submit inquiries. Quick and frequent feedback is most important
if the company takes it seriously and deals with the requests. Handling the inquiries
and dealing with whatever comes in is the challenge the leadership has to take on.
There could be a team consisting of the general management and the representa-
tives of the workers union to process the incoming information. Depending on the
type of feedback, the project manager and key users could provide facts to ensure
a satisfying answer. In any case, both the question and the answer should be pub-
lished closely to where the input came from. Place them for example on the intranet
and hang them on dedicated information boards for everybody to read. Others might
have had similar questions. The attitude and honesty of the answers is extremely im-
portant. The answer must be reasonable and comprehensible to the questioner. Write
as clear as possible and try to really answer the question. The tool is extremely pow-
erful if used properly. When providing reliable communication, and if the sender
is treated seriously and respectfully, confidence in the (project) management will
certainly increase.

Reliable communication or “do not say it if you do not mean it” is an obvious
suggestion. It sounds easy but it is not. We all know that political statements are
sometimes hard to believe. Take the criticality of the national finance situation as an
example. The deficit in most countries is so dramatic that it constrains the room for
any political manoeuvre. A statement in which someone promises tax reduction may
feel implausible. Nevertheless, certain politicians are able to get attention although
their main statement seems illusory. Whoever communicates, wants to transmit a
message. The key is the combination of the speeches context and the speakers body
language. A plausible combination of both may determine the receivers emotion.
Some people think about communication as a pure exchange of information. A very
good example to prove that this is wrong is President Barrack Obama. He was not
yet elected and already many people put great hope in him. This is mainly because
he got contemplated as a new type of politician. He received the Nobel Peace Price
after just a few months in office because he managed to transport the hope for a bet-
ter world. It is important to communicate with a positive attitude and to transmit an
optimistic message. This is of highest importance especially in official announce-
ments. You want to spread your optimism amongst the audience and would want
them to look positively into the future as well. It is obvious that the right words are
needed but, more than that, you need to believe in them yourself! Many are skepti-
cal about what they hear or what is promised to them because they have been dis-
appointed many times before. Promises never came true and so many projects that
were sold too well got stuck half way. Honesty and reliability are the foundation for
the trust and cooperation needed to create sustainable change.
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8.4.2 KPIs for team engagement

Once a project is started and the team is selected you will find that there is an in-
ner project circle that will be driving the initiative. The so-called “core team” needs
to be supported by experts who were not chosen to join it. The latter is called the
outer circle. Both groups need to be engaged in the change activity and every single
player must stay focused, committed and satisfied. Frequent checkups on the com-
mon understanding of the project’s base (target, approach and timing) enable you to
effectively manage the project and to quickly overcome identified hurdles. You need
to make your teams emotional involvement measurable and visible. This is a leading
indicator for the projects, and your personal, progress and success. Communication
either in team meetings or on a one-to-one base is vital for the project management
but hard to quantify.

Questionnaires do help to get a quick overview of where the team thinks it
stands. Is your opinion on progress aligned with the teams view? Or is your percep-
tion impaired? Modern online forms help you to design questionnaires within a few
minutes. Even the evaluation is simple. Just select the receivers click a few times
and you are done. Unfortunately, there are a few more things to consider. In order
to make the evaluation quick and easy, I suggest avoiding free text fields unless you
want participants to comment on a special topic. You should use predefined state-
ments instead and continue to ask the user for his level of agreement. The grading
for your statements could be 1-5 where 1 represents the least consensus and 5 rep-
resents highest. Alternatively you could go for 0-100% or chose any other way. A
few examples for precise statements are

1. The project is on track and we will finish by the end of the month
2. Communication is reliable
3. Project management takes on suggestions

If you do this assessment frequently you can detect disagreement early and take
action if needed. Focus on binary, precise and clear questions. Look at the examples
mentioned above. Asking whether communication is reliable and frequent might
put the user into a dilemma to answer both questions at the same time. What if
it is frequent but unreliable?! Also remember whom you ask and prepare separate
questionnaires for individual groups if necessary. Example: in the preparation for a
major enterprise resource planning system (e.g. SAP or Oracle) implementation, a
group of people is asked to rank how much the system is perceived to simplify their
daily work. Assume the result to be rather confusing as about 50% view the system
as a useful tool and the others do not. Furthermore imagine that the more technical
oriented group would see less use then the rest of the group. Would you not simply
split the total into separate user groups to get a more diversified answer? Tracking
the number of supporters within the technical group could also be an excellent KPI
for the commitment of the originally more skeptical user group. In addition you
have easily identified what group you need to focus on in order to increase the total
engagement and commitment.
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The happiness check is a very simple way of monitoring the emotional baseline.
If you take 30 minutes and stand in the hall, walk over the site and look into offices,
just count the number of happy faces. The “smiles rate” is no solid scientific indica-
tor nor should you overvalue it. But, and especially if you start somewhere new or
launch a project in an unfamiliar area, you can get a feel for the current morale. Frus-
tration and resignation are sub-optimal conditions for launching a change project.
If you find the latter to be the case you should focus to identify the cause of the
dissatisfaction first and then try to use it in your favor. Develop an emotional lever-
age to get people out of their lethargy. Convince them to help you to change their
situation. Encourage them to be part of the creative force rather than to continue
complaining. The happiness check can also be used to measure the attitude towards
you and your project. Again, do not overvalue it and also consider the environmental
circumstances. I would expect more smiling, happy faces during spring and summer
compared to autumn or winter.

Visualization and non-verbal communication enable you to communicate to
teams even without being present. Especially when interacting with the outer project
circle visualization is the tool of choice. Try to put as much as possible into graphs
and pictures. Replace text blocks by bullet points and use short but precise wording.
All communication has to be profound and reliable. Avoid speculation or guessing
and, if you have to, separate your guesses and mark them clearly. If visualization
is used as a standard communication tool it reduces subjective perception. Print
it as large as possible (e.g. poster size) and hang it in a highly frequented place
such as the entrance hall, cafeteria, waiting area or the smokers room. Start to pick
random people and present them your project by using the poster. Ask what they
think and if they agree with your statements. Even if the volunteers are not impacted
by the project nor involved in it, they might raise excellent questions or give you
hints on misleading information. Thus you get the chance to inform people and
spread the information you want to be spread. In addition, you may get detailed
feedback free of charge. Put a feedback e-mail-address or a telephone number on the
poster so that you can be contacted for questions or suggestions later on. Keep the
poster as a record, especially for the project documentation. In order to make your
poster easily comprehensible use dedicated areas for certain topics. Place a project
summary preferably at the pages top or bottom and provide a status indication for the
various sub-projects. Color codes or status bars can be used to indicate its progress.
Colors as used in traffic lights are recognized as green equaling “OK”, yellow as
“behind” and red stands for “critical.” A status bar is more detailed and contains
additional time related information. You could use weeks or months, milestones or
the number of items worked off. Simply calculate the percentage and illustrate it
in a bar chart similar to what most people know when downloading or installing
computer software. Alternatively or in addition, you could place a little marker over
the status bar to visualize where you are supposed to be in accordance to plan. Add
a text box next to your status bar to point out the reasons for a delay and articulate
required actions and help needed to speed the project up. Especially if your project is
behind schedule, you need to think about proper communication to get the support
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you need. The earlier you indicate items as “behind” or “critical” the higher the
chance to counteract.

A first year review is done to analyze the status of the project after one year.
Many projects, even if they get planned and executed well, lack after-project sup-
port. Unfortunately, many project resources are cut back or responsible leaders are
assigned to new tasks before the ultimate implementation. As a result, the users are
quickly in charge to finalize the project and they handle all the problems. What if
those who are suddenly in charge were least involved in the project? It is a manage-
rial culture to ensure that expectations are met! Everybody who is buying a car will
test drive it before signing the contract. In professional life somehow, the executive
attention ends with the announcement of the projects end. As soon as the first few
results are reported, some managers believe in its continuation and, in many cases,
focus on the next projects. Sustainable project management requires regular meet-
ings to follow up on the status. This includes involving the users to ensure that the
expectations really are met. Expectation in that respect can vary depending on the
function. Unfortunately the preferred project expectation is whether the spending is
within budget. Functionality or performance as promised is second in line. To me,
the primary expectation in any change is to sustain the desired new state. Change of
operational behavior and the related improvements depend on repetition. Be aware
that learning can erode over time. There is no such thing as a quick hit. Behavior
practiced for years will not change in a month. Sustainability equals change for, and
especially over, a long time.

8.4.3 Project Preparation and Set Up

Stakeholders and team members play a critical role in any project. Team mem-
bers are everybody working on the change process. By definition, a project team
consists of multiple professions and departments. In many cases, the team consists
of employees that do project work besides their everyday jobs. Most companies
have been through rationalization programs and it can be that each position only
has one employee. There are no spare capacities that can be pulled in full time to
work on projects. Only if there is a major investment to be launched, experts might
be made available. But even then, a team member might be part of other teams as
well. This person with his individual character and profession might play a more or
less central role in each team. Thus, an individual might be critical for the overall
success of multiple projects.

In distinction to a team member, the stakeholders enable the change. Stakeholders
are not part of the project team but supervise the activities. Project managers need
to communicate with key stakeholders frequently. They demand updates and supply
help to overcome hurdles during the project execution. Take the following example:
Imagine a launch of a global marketing project. Delegates from the regional market-
ing organizations gather as the project team. The global product manager would act
as the project leader driving the initiative and being supported by the team. Stake-
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holders could be e.g. the global marketing manager and/or the global sales manager.
It looks like the set-up is simple and roles and responsibilities are clearly defined.
Expectations seem to be set and frequent communication is ensured. This project
should be straightforward, successful and sustainable. Reality proves that most of
the projects (especially the ones driven globally) are a debacle. The simple but dev-
astating cause is that too many projects need to be handled by only a few team mem-
bers. In addition, the individual often is left alone when it comes to balance project
time and their everyday duties. And even if the individual would be dedicated to full
time project work, those that ultimately execute it are probably not.

Back to the example of the global product launch as described above: Imagine
that the regional marketing managers would be dedicated to that project only. What
are their duties? They need to work with the regional marketing groups to prepare
the promotion. They need to make sure that production is aware and ready for local
manufacturing. Quality standards need to be discussed and agreed upon globally.
In order to be effective and unique, they commonly need to be accepted locally.
There are various local interfaces to work with in order to coordinate and control
the information flow to and from all involved departments. If just one interface is
not managed properly or fails, the entire project is at risk. This is not an issue if
one assumes all parties concerned are pulling the same rope. But what if conflicting
targets are real? Do all the important projects that get launched almost daily really
take into consideration that project members do work in more than just one team?
What if a potential team member simply cannot be freed from daily duties? Would
you agree, that everybody is pulling the same rope but in different directions? Just
like the business vision, the projects need to be assigned top down and resources
need to be planned and allocated reasonably. Most project managers tend to forget
that there is more than what happens within their project. They forget that any action
needs to be executed by someone in the outer project team. The executing individual
probably does not get allocated nor planned. Regrettably, the executing forces likely
set the pace of the implementation and finally the likelihood of sustainability. I claim
that the number of projects within businesses is far too high to be managed properly.
Or to phrase it differently: Fewer projects with proper resource allocation (at all
levels) will increase the chance for successful and sustainable change.

The Team Selection is an important act for any project. You should identify two
or three well experienced supporters, even if the task seems easy and the implemen-
tation is perceived as a no-brainer. Assigning a team does not necessarily mean to
hold meetings and sit for hours regularly. Any idea must grow and the condition will
only remain changed if someone feels responsible and takes care after the project
is done. The earlier in the project, the end users are involved and the closer you
keep contact with the key personnel, the more sustainable it will be. So why not
build a small team and spread the responsibility as well as share the credit? Another
important aspect is the potentially reduced resistance. The lone fighter, even with
the smartest idea and a brilliant brain, is likely to fail. Selecting the right (trusted
and respected) team members helps to knock down prejudices and helps you around
roadblocks. And remember that it is not always easy to get the users’ honest opin-
ion. Most people would rather express their concerns to a colleague than to a project
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manager. In order to be supported, you need to be perceived as helpful. Allies are
needed to get to that stage quickly. The sooner you establish an honest working
routine with the (informal) area leaders, the faster and more successful (and sustain-
able) your project will be. Focus on frequent communication and you might get all
relevant information without even asking for it. Remember to deal with resistance
openly and try to find the root causes rather than to fight it with force. Keep an eye
on your project teams attitude towards the change. Once your team does not believe
in success, consider re-adjusting the project rather than the team!

Delegation needs to be learned. Delegation is putting trust and confidence in
your associates. The delegate represents the department and must have full support.
Make sure you chose the right occasion to send delegates. Official meetings with
the general management or the works council are likely to be un-delegable. Imag-
ine the effect on the attendees and the delegate if he could not answer questions or
even contradicted himself. Politically, you need to stand up for your project your-
self. For any other issue, a delegate can be assigned. Some project managers keep
complaining to be overworked and stressed. As much as I sympathize with that, I
also question whether they do well in delegation. As stated above, choosing the ap-
propriate team is the baseline for success and a good work-life-balance. Select the
team members who are capable and assign tasks to them. Make sure the delegate
understands the goal and is not overwhelmed by it. Delegated tasks still need to be
supported. Offer your help frequently and request updates. Monitoring and control-
ling the project still is the project managers responsibility. Delegation done wisely
can help to reduce the managers involvement in sub-topics and ensures his ability to
see the big picture. Proper delegation will get things off your desk and the receiver
might even see it as an opportunity or chance. Most people that I work with are
grateful to participate in project work. They like to get away from the daily routine
and to get different insights. They get motivated when having a say in business de-
cisions. Trust and esteem put into the delegates will energize them and will enable
them to deliver highest performance. Be aware that delegates are speaking in their
managers name and that they represent the entire project. Their decision should be
binding and must not be questioned or revised unless absolutely inevitable.

8.4.4 Risk Management

Risk and Opportunity evaluation is a necessary act in managing businesses. Some
modern companies do not evaluate well and go for any new idea, especially if it
comes from the upper levels in the hierarchy. A natural diversification between lo-
cations, culture and regional requirements gets abandoned in favor of organizational
simplicity. Dealing globally and being successful in local markets requires diversity.
No doubt, markets are different but demand is local. When the US car market still
requested high horsepower vehicles, the trend in Europe and Asia was already go-
ing towards less emissions and city friendly mobility. Products and especially brand
marketing are focused on localized needs. Most companies fail to make us of the



224 8 The human aspect in sustainable change and innovation

different cultural strengths. Just think about Toyotas production concept. It works
fine in Japan but needs corrections in order to work in Europe or North America.
Business Unit structures covering continents and countries need to manage the di-
versity properly in order to benefit from it. Opportunities can be straightforward in
one country but have high risks in another. Local regulations and laws can be differ-
ent in the various regions. To implement solutions blindly, just because they worked
elsewhere, is likely to create problems. Thus, look at the potential solution first. Try
to understand what the possible consequences are when implementing the solution.
Do you really have a similar issue that needs to be solved and what might the result
be if one implements a solution for a non-existing problem? Solutions are powerful
and finally sustainable only if adapted reasonably. Global guidelines and programs
should be made variable. They need to be flexible to comply with global policy once
they have been adjusted to every region. Risks and opportunities can be judged best
locally. Nevertheless, there is a need to control the entire process and to set up a
supra-regional organization.

Risk management structures need to be considered carefully and shall be main-
tained in any organization. If a business decides to introduce operational excellence
or similar initiatives, the various options for setting up the organization need to
be evaluated. Depending on these structures, the working attitude as well as the
approach to manage risks and opportunities will be fundamentally different. One
option is to centralize all global experts in one department in order to send them
out as in-house improvement consultants. This concepts obvious advantage lies in
a unified approach and standardized tools being used. The solution transparency is
high as all information about local projects are tracked and documented centrally.
Best practices and benchmarks get collected, evaluated and get looped back into
the organization. There is only a small risk that every-day duties overwhelm these
resources. A separate improvement organization ensures that improvement leaders
focus 100% on the task. It can even be of advantage if the improvement expert is
unfamiliar with the area. Too much expertise in a particular area contains the risk
of routine-blindness. Similar to consultancy from an external company, the projects
duration is critical and thus the total success depends on the involvement and com-
mitment of the executing teams (outer project circle).

An alternative set up could be to empower and enforce existing structures and
resources. Here the local managers and their teams get trained to enable the im-
provement by themselves. The advantage of this set up is to have a direct (reporting)
line to the process experts. An improvement manager based locally might instantly
know what to change and whom to contact in order to get things done. By giv-
ing them the right tools you might enable the change directly. Local people have
a strong network and it enables them to get to the cause quicker than non-locals.
Furthermore, the non-local might be perceived and treated as an outsider even if
employed by the same company. Getting things done often depends more on in-
terpersonal relations than on organizational power. A well-known program leader,
who ideally operates within a strong emotional network, might be able to reduce
resistance towards change dramatically. That is exactly where the biggest risks re-



8.4 Handling the Human Aspect 225

side: As much as the personal relationship enables quick execution that much does
it prevent necessary cuts and/or drastic decisions.

I had the pleasure to work with a highly knowledgeable process manager who
had over 40 years of experience in the area. He told me to not ask for his opinion
about a change in the process. He expressed to know the existing process for too
long to be able to imagine how it could be done differently. He suggested splitting
duties: I would tell him what I would want changed and he would ensure execution,
if doable. The combination of specific process experience and program know-how
worked well in that case. Incorporating the program approach globally and exe-
cuting it locally is the biggest challenge when designing corporate improvement
programs. Who leads? Who decides? And finally who executes? It is a question
about core competences, roles and responsibilities and finally power. Once the dis-
pute “global capability versus local competence” and “program know-how versus
process experience” is solved, the improvement work may begin.

The steering committee controls the overall project progress and direction. It
approves if milestones got worked off and keeps track of required next actions.
Some project managers conceive steering committee meetings as an offense to their
competence and professionalism. I consider steering committees helpful and impor-
tant if it comes to responsibility sharing. Once the committee approved a milestone,
it acknowledges your effort and you have a regular platform to raise questions and
concerns.Working with steering committees is easier if you have prepared an excel-
lent meeting agenda based on the projects schedule and planning.

First, you need to collectively agree on the level of detail in the project plan. It
depends very much on the initiative if a complete schedule for each individual action
is required or if it would be sufficient to assign completion dates to milestones.

Second, set up a meeting and discuss your project plan with the committee as
early as possible and also agree on the KPIs to monitor the projects progress. Once
you start executing the plan without the committees improvement it is hard to redo
the fundamental planning. This applies to major investments in civil engineering
or construction and to smaller projects. Spend sufficient time on the planning and
ensure frequent and timely communication with the steering committee especially
in the projects initial stage.

Third, the steering group should also discuss if alternative plans and fallback
positions are required in the event of obstacles in the master plan. You and the
committee should agree and include a written procedure to your project plan with
proper definitions about who needs to be informed in the event of complication
or failure. In addition you should plan upfront which additional resources might
be pulled in or can be requested in such a case. The definition of a crisis, as well as
planning for its management, is done best if prepared timely. Some project managers
are not aware that project delay or failure can easily cause major business issues.
Mismanaged projects have the potential to harm the company not only by the pure
fact of misspent investment money. Apart from a massive impact on the businesss
image (e.g. the incident on the deep water horizon caused at BP in 2010) there
can be legal liabilities. Imagine being responsible for a major capacity expansion
project. A delay might have substantial impact on customers material availability
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and therefore contains high risks of contractual penalty. Would you not agree that
it might make sense to share this responsibility? In order to do so, every level of
escalation as well as the communication paths needs to be defined and approved by
the steering committee beforehand.

8.4.5 Roles and responsibilities

Sustainable Responsibility is one of the key factors in sustainable change. In or-
der to sustain change it is critical to keep up the force that ultimately initiated the
alteration process. There is a difference between doing the right things and doing
the things right. This is a fundamental challenge. The residence time of the new
state is determined not only by organizational structures but by the managerial at-
titude towards project work in general. Assume that a reengineering project in the
chemical industry is launched. A team of highly professional project managers and
technical experts is put together and all of them are dedicated to this task only. A
budget is available, steering group meetings were held and the targets and timelines
are approved. Everything looks in order and the project seems to be driven towards
sustainability. The dilemma lies in different personal expectations that may contra-
dict sustainability. What if the project leader got promised a bonus if the budget gets
under-spent by some percentage? Would you agree that his personal ambition and
expectation is set already? What if the leading project manager would know upfront
that he is to be promoted to manage the department after the project? Would he do it
right or do the right things?! Doing it right is not necessarily sustainable. Is it right if
the project is within schedule and budget and minimum requirements are just met?

Doing it right could also involve doing the right things and eventually even over-
spend budget if that would ensure advanced technology leading to a more reliable
process. I am not proposing that one is better than the other. As a project manager
you need to understand what the expectations are and as a business you need to
know what you want and how to achieve it. You should deal openly with the expec-
tation and communicate it accordingly. Albert Einstein once said that “we cannot
solve problems by using the same kind of thinking we used when we created them.”
Change, if well thought through, should ideally solve certain problems or improve
the status quo. Well thought through in that respect means not to accept that issues
may arise elsewhere. Relocating problems is not an option in sustainable change
management. Sustainable responsibility also implies that the responsibility remains
with the leader even after the projects closure. Coming back to the example of the
reengineering project: Would you not agree that the project manager acts respon-
sibly if supplying spare parts for the newly installed equipment? The areas main-
tenance budget should not be in charge to fix project issues once the budget and
project team are gone. Sustainable change needs holistic responsibility. Bedouins
move from one place to another and leave, when they are gone, little to no impact
to the environment. I was able to observe that same behavior by global engineering
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teams. They moved on to another project and left little improvement but caused a
great stir.

Inventor driven change is the most natural form to implement modifications.
It lies in human nature to create, invent and improve. Historically, humans have al-
ways sustained the new status quo when they have seen a clear advantage compared
to the old state. The ideal contender to implement the change is the one who had
the idea. Practically speaking, you should enable the inventor to take the lead to
implement his own idea. Who could explain the underlying problem and convince
colleagues or co-workers better than the solutions originator? The inventor is moti-
vated to ultimately solve the issue. Anyone else might give up after a few attempts.
The innovator who believes in his idea will continue to try. In a professional situa-
tion, the amount of work spent and the total number of attempts certainly need to
be restricted and controlled carefully. My unfortunate but practical observation is
that too many ideas never get implemented. Innovators do not share their ideas as
they fear loss of intellectual property. Many of them believe that their idea needs
to be ready for implementation before disclosing. Many companies have suggestion
tools where employees input their ideas and get rewarded if their suggestion is put
into practice. It is a pity that once the raw idea is submitted, it will be evaluated and
implemented (if at all) by someone else.

The originator has extremely little influence on the process and his colleagues
and peers often do not even know that the idea exists. Imagine a brain pool of ideas
were everyone could browse through, get inspired and add input and thought to
others suggestions. It would be like an open community where the order of ideas
and innovations is tracked carefully. Everyone adding reasonable input gains the
same share of the final idea or suggestion. The originator is nothing without those
adding practicality and vice versa. You could take your standard suggestion form
and add a couple of text boxes to the back. Document the basic idea on the front.
Describe the suggestion in as much detail as possible and name the originator, date
and time. Publish it within the working community and if someone wants to add
to this idea, they use one of the boxes on the back. Thus, the idea gets considered
carefully and refined. It is important to not jump on the idea immediately. Let it sit
and age like a good red wine.

Imagine the inventors could be asked to lead their own idea into realization. What
if you could enable them with resources and help them make their idea come to life.
The minority of the proposers do it only for the money. I state that an idea, realized
by its inventor(s), per se comes with a longer sustainability. The implementation is
done with brain and heart and the inventor(s) will do the right things right. But even
more important is that the ideas fathers are known. This project will be perceived as
change coming from the inside of the organization. Improvement being introduced
by outsiders often is viewed as imposed. Suddenly the change gets a name — indeed
name the equipment or improvement after the inventor and put a label next to it (if
doable) in memory of the event. The emotional relation to the improvement made by
someone known is different. Although the outcome of the improvement obviously
is not any different, the handling and the sustainability are. It is the same emotional
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differentiation as if you drive a rental car or borrow it from a friend. In both cases
the car is not yours but you might treat them quite differently.

Self-discipline is a necessary precondition for any behavioral-based change. Dis-
cipline can be ordered and controlled but once it derives from within a person, it is a
lot more powerful. Let self-discipline grow by naming the innovator, by teaching the
intentions underlying principles and by presenting the expected benefits. You should
never underestimate the users. If they lack the discipline, do not try to force change
on them as the change will fail and a lot of resources will be wasted. Discipline
needs managerial leadership and increases in an atmosphere of trust and honesty.
Work on the people first and try to create a team spirit. Without the discipline, do
not implement change.

I was once assigned to a process improvement project in a chemical synthesis
area. Rather than starting to implement the necessary technical solutions I tried to
harmonize the way the shifts ran the process. I established frequent meetings to
discuss the various operational philosophies when running the process. A common
understanding of what the process is, what it needs and what actions should be
taken set the baseline. This discussion took months until we came to a workable
agenda. The common understanding resulted in a shared commitment towards stan-
dardized behavior. This is not necessarily self-discipline yet but the resulting peer
pressure forces discipline. The impact of a shared commitment towards harmonized
operations reduces the induced variability of human interaction. Once the impact is
positive and obvious, the discipline will follow naturally but slowly.

The human aspect is great and powerful no matter whether the improvement is
technical or organizational. And it has two sides. Support will help you to manage
the situation easily but destructive forces destroy even the best idea or manager. It
is extremely hard to fight your ideas through against negative confrontation. In that
case, you need subversive activities. Try to find the root cause for the rejection and
identify those willing to support you. Start with those being positive and start in tiny
steps to prove your concept right. If you fail, do not give up. Always go back to
the entire team to discuss the results, adjust the trial and commonly agree to start
over again. Make sure to work on the teams self-discipline by involving them in the
decision process and keep on selling the advantage that is in there for them.

8.4.6 Career development and sustainable change

Stagnation and Sustainability are two totally different things. Stagnation is sus-
tainable but not vice versa. Stagnation maintains the status quo. A good indicator for
stagnating organizations is when people state, “it is OK the way it is” because “it has
always been that way”. Stagnating organizations are inflexible and unimaginative.
As shown above, flexibility in mind and a creative vision are drivers for innovation.
Organizations need to understand that the ability to accommodate new situations is
a personal strength. Human Resource departments should identify those candidates
being open minded and those who see the opportunities rather than the problems.
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Creative employees need to be developed and deserve the chance to witness the
organization’s flexibility and opportunities. Employers need to make use of every
individuals strength independent of educational level and degree subject.

Talent Development in that respect requires accepting and managing risk. Imag-
ine a successful employee working in an almost perfect position. Would it not be
unfair not to promote this employee just because the organization has no successor
for that position? Or, would it not be sad if that same employee misses out to ap-
ply for a job just because there might be no option to go back? I am not in favor
of massive rotation within organizations but I deplore that too many creative heads
are stranded within inflexible structures. Simply there are too many underdeveloped
talents. This major problem gets worse as the population ages and soon it will get
even harder to recruit qualified staff. The problem is self-imposed as the resources
are cut back and some organizations simply lack a minimum number of people.
The human resources departments are degraded to count heads rather than develop
talents and increase the resource efficiency. Sustainable improvement is a tool to re-
lease some of those talents that will initiate improvement somewhere else. Here lies
a fundamental opportunity for businesses. Consider all the in-house experts already
working in your structure. It is just a matter of will and a bit of clever investment in
the right resources. Managing successful and sustainable change is not necessarily
restricted to employees with university exams.

Proper Resource planning takes all the above-mentioned into consideration. It
is critical to look ahead and prepare the organization for the future. If an experi-
enced employee retires, the knowledge is gone forever. Specialist know-how cannot
be transferred to a successor in weeks; it might take years. Identifying the ideal
candidate and training this person on the job are necessary requirements for sus-
tainability. Success relates not only to know-how or experience, it often relates to
the employees personal and professional network. Building up such a network is
stony and slow. Once established, it helps to generate ideas and reduces the risk of
repeating mistakes over and over again. The successor needs to be trained properly.
That includes the time needed to interconnect and to build up the network within
the organization. The training also needs to incorporate the professional prepara-
tion for potential leadership roles. Leadership is gained by experience, not by taking
classes. The experienced leadership skills are even more important if the leader is
not the manager and still needs to get things done. Cogency is more powerful than
persuasiveness.

In order to plan and track a projects resources properly I use mind maps to catch,
sort and rank ideas. I prepare individualized action lists and assign them to people
in a timely manner to be able to control their work. According to the slogan “how to
eat an elephant — bite by bite,” I define sub-projects and assign resources to them. I
define the minimum requirements and assign a sub-project leader. Despite the need
for planning, you should not overdo it. Try to balance complexity and clarity. This
can be done when one master plan shows an overview and multiple sub-plans and
action lists are created for each sub-project, month or person. The level of detail
differs with individual preferences and the project volume. Make sure to discuss the
plan and its timetable frequently with the team to control the status and to ensure the
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teams awareness and commitment to the common goal. Even if you use computer-
ized project planning tools, print the plan for the discussion and post it somewhere
publicly so that everybody can see it. The more open and transparent the project is,
the easier it is for the project team to stay focused and for the outer project circle to
comprehend and actively participate.

Best to the top needs to be more than a phrase. It enables career opportunities for
those being willing and capable. It is unacceptable to not invest in the human asset.
The career of talented candidates needs to be supported and coached by profession-
als. A transparent program with support at every level of the organization ensures
a constant talent flow. This implies that the lower hierarchic levels need more at-
tention as their number is higher and their (average) age is lower. Thus, this group
contains more potential to be explored and developed. The senior leader who made
it from the lowest level in the organization is emotionally bound to the company. He
brings expertise, experience and a working network that outsiders probably do not
have. External options should be used only if the outsider really is better than the
internal solution — true to the motto: best to the top.

Award and Recognition systems are supporting tools to career development
programs. Not everybody can follow a career path but everybody wants to be rec-
ognized and awarded for performance. The award and recognition system is not
necessarily monetary in nature. It has to be set up to enable managers and leaders to
access it immediately. Employees need instant performance response but not only
when things went wrong.

Such a system could start with the allowance to buy ice cream during hot summer
days or grant teams to order pizza by themselves. Celebrating success empowers the
entire organization to be proud of performance. The system promotes the performer
but also e.g. provides loans to selected talents when building a house. This mon-
etary system focuses on employee retention and the double positive effect for the
employer is obvious:

1. The employee is emotionally bound to the company and benefits from a low
interest loan. It is unlikely that this employee will leave the company during
the payback time. Once owning property, the immobility increases resulting in
strong regional inflexibility. That gets especially important if the area is rather
unattractive to work in (e.g. little industry or reduced availability of jobs).

2. While the employer uses the tool to motivate identified individuals, he might
even make some money from the interest, depending on the company size. This
money could be used to finance training opportunities.

Certainly, there is a risk of privileging individuals and there will be discussions
about the systems fairness. Thus, I stress the need to limit the value of the immedi-
ate recognition and rather have frequent team events (sports, dinner, cultural events,
etc.) and recognize individuals with an award but without money. Those awards
could be presented in a funny way and should not only be limited to work perfor-
mance. The employee of the month could be accompanied by the “we are glad you
are back” award for someone having been sick for a while. It is less the award but
more the recognition and the teams expression to really be glad that the individual
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is back. This also creates emotional binding, which is so important for employee re-
tention. Another attempt could take the family situation into consideration. Why not
give “time” as an award? One could be rewarded with a half working day and an en-
try voucher to a local swimming pool in order to take the kids for a swim. The award
lies in additional quality time with the kids. The joy and fun will be remembered
and might continue to have a positive effect on the employees motivation.

8.4.7 Sustainability in Training and Learning

Culture of failure seems like a revolutionary concept. It implies that more learning
experience derives from failure than from success. If failure is analyzed properly
and the right conclusions are drawn, then this statement is true. In most cases, we
do not question why something is working — only if it fails do we start to realize
how things work. After Thomas Edison invented the light bulb, he stated that he
had found a way to make it work. In addition, he learned over 500 ways how to
not make it work. His innovations are based on a learning experience discovered
from failures. Conclusions from results are driving forces in innovation and are not
limited to technical processes only. For example, realizing that the information flow
within an organization is bad opens opportunities to restructure and gain potential
business advantages. Improvement is possible only when detecting the issue and
consequently analyzing and reporting it. A culture is needed where nonconformity,
failure and defects are seen as a chance. Employees need to be safe to discover,
alert and admit mistakes. It is a managerial responsibility to protect the information
source. The organization should award employees for detecting failure and the gen-
eral culture should be to deal openly with mistakes. Focus on solving the problem,
e.g. like Toyota does: Bundle all available forces to improve the process.

Train to change and practice sustainability. Everything needs to be learned and
practiced, even the systematic of change. In a professional environment, improve-
ment is often linked to rationalism and economization and is therefore mentally
connected to job cuts and perceived injustice. The training sessions should clarify
the mission of the improvement process. Most companies provide tool training and
teach how to manage change when introducing improvement programs. The train-
ing should also teach how to think out of the box and how to gain creative ideas.
There are several tools available to experience the creative thought process. A lesson
could start with a small example to demonstrate that some things are not impossible
even if they seem to be.

Take the following example: draw a box and in it 9 circles (3x3). Ask your col-
leagues to connect all of these circles with just three straight lines. The task seems
impossible. The clue is to remove imaginary boundaries, see figure 8.1.

1. There is no rule that overdrawing the box is prohibited.
2. There is no rule that the circles must be connected at the center.
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Fig. 8.1 The solution of the puzzle in the text.

This little exercise could be a starting point. You could continue to show example
projects from within your company and explain how change is managed and how
the results affected the work environment. Most companies do not intend to cut jobs
but if it is to do so, make it clear upfront. If you want the change to be sustainable,
the rules must be clear and fair. Cutting jobs in one area does not necessarily mean
that people get laid off over the whole enterprise. Will the affected persons be used
to fill open positions elsewhere in the organization or is there even a chance to
continue to work as an improvement leader instead? Rationalization may free up
resources desperately needed somewhere else in the company (please also refer to
career development).

Diversification is a source of different ways to solutions and a surprising learn-
ing experience. As much as the overall business goals need to be defined unam-
biguously, the way to achieve that goal has to remain flexible. Too many boundaries
will limit the creativity of the executing forces. Every problem has more than just
one solution. Different departments, locations or business units have different back-
grounds and individual needs. The teams have to have the freedom to discover their
own ways and to develop their individual solutions. This will assure a more focused
approach and increase commitment, as this is perceived as “our” solution. In addi-
tion, it broadens the experience baseline and fills the toolbox. Adapt the standard
tools and adopt individualized ones. Every situation is unique and consequently in-
dividual tools need to be developed to design the matching solution. This may take
longer and probably require more resources but it is a fundamental precondition for
sustainable success.

8.4.8 The Economic Factor in Sustainable Innovation

Employer attractiveness is an increasingly vital fact if companies want to maintain
their business. The struggle for the best talents and various employee-binding strate-
gies were described earlier. Business success in that respect depends on, but at the
same time generates attractiveness to those considered as “the best”. Porsche is still
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one of the most desired employers in Europe. It is the brand that sells but also at-
tracts young, ambitious talents. Forming an employer brand is more important than
anything. The chance to be part of a highly innovative and well-respected brand
is a major employee binder by itself. Choosing from the best is a luxury that only
very few, huge industrial enterprises had in the past. In the last few years companies
like eBay, Google or Facebook became extremely attractive to work for. It is the
opportunity to bring ideas to life that attracts especially young people. Sustainable
innovation and development are critical factors in developing existing employees as
well as attracting the highly talented new ones. Another remarkable factor can be
discovered when comparing the Internet based companies success to those dealing
in traditional industries. I refer to e.g. the automobile or the consumer electronics
industry as the traditional industry. Even the banking and insurance sector can be
named as traditional although they got very much virtualized in the last years. The
major difference between the two is the product application. Innovation and quick
releases of new updates as well as an innovative website are the drivers for web
based companies. The quality in innovation is perceived as the ability to antici-
pate or even create tomorrows demand. Who would have guessed 15 years ago that
teenagers would possibly spend more time sitting at home alone chatting with their
friends than doing face-to-face communication?

The innovation cycle in web-based companies is shorter and innovation can be
something that we, the users, do not even realize. So can a different programming
language reduce the total storage on the server or improve the download speed.
The products characteristic derives from the various options the user can choose
from. Googles browser for example can get personalized and it is able to connect all
services provided by the company. Despite the pure browser options, Google created
an interface between the user and the web. Success will soon no longer be measured
as the number of clicks or number of members. There might be more value in the
total data volume transferred and stored. The information collected by a web site
provider can be very powerful. Users unveil their privacy by uploading their lives.
Thus, Internet based companies needed new structures to align the business areas
they operate in. Unlike a car manufacturer who will remain in the car manufacturing
industry. Thus the needs of existent product businesses are totally different. Products
for use no matter if real (car) or virtual (bank account) need warranty, contracts and
quality inspections.

The traditional business model is founded on making money with the product
produced. Traditional industries focus mainly internally on products or processes.
The attention is inward rather than outward like in web operating companies. The
innovation being directed outside the company can also be used as a marketing
tool. Take eBay as an example when it introduced its PayPal service. This financial
solution has very little in common with the original trading platform. By launching it
as a separate and individual tool, eBay received a lot of attention. The creative part is
to imagine what users might want besides the service they came for originally. The
focus on core competences is a reason why the traditional industry is rather slow
with such products and services. The recently established financial services owned
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by car manufacturers are just the first examples to align new products with services
in the traditional industry. This is learning from the web based companies success.

Sustainability as marketing and sales factor therefore should be seen less eco-
logically but strategically. Once you sustain in offering an advanced service, con-
tinue to be the leader in technology or are recognized as the low price source, you
will bind your customers. Over the last 20 — 25 years, the German grocery store
Aldi is perceived to be the leader in price. They sustain their lowest cost image and
most consumers shop with the positive sureness to get the best price. Do they really?
Aldi (North & South) operates in more than 27 countries worldwide and the found-
ing brothers belong to the wealthiest people in Europe. The success is obvious and
comes from a highly innovative and flexible organization. The Aldi concept is to
sustain the high quality standards of no name brands at low cost. At the same time,
the reduced variety of articles improves the turn over and leads to positive cash flow.
Continuous and sustainable change, e.g. adding clothes to the product line, enables
Aldi to maintain and widen their successful business model.

8.5 Summary

Successful businesses enable their employees to be successful. The workforce will
become an irreplaceable asset as modern high tech jobs are related less to manpower
but to experience, know-how and emotional commitment. Those companies that re-
tain their brilliant brains and experienced workers have a higher chance for future
invention and faster market implementation. It is in the natural interest of any em-
ployer to maintain those who have or can gain know-how. The innovative driving
force will no longer be the privilege of those in R&D or engineering departments
but needs to be spread equally into every single step of the value chain; especially
in high labor cost countries everyone is needed as source of creativeness.

As most processes are complex and have hidden issues, mathematical modeling
is not always the primary choice as a starting point for change. The change needs
to happen within the organization first. The traditional hierarchic constructions are
already compressed and many levels have been removed. This was done in the true
belief to strengthen the business. But to get more done with less hierarchy requires
a different working attitude and altered organizational communication and commit-
ment. Furthermore, it requires a shared vision comprehensible to everybody. The
executing force needs to share the vision but also needs to understand what part of
the vision is for them. Communication skills, project and people management and
the ability to listen and reflect on oneself critically are key necessities for success-
ful and sustainable change. These conditions are true for project managers but even
more for the entire organization. Sustainability is obtained if the final users are not
only a part of the change right from the beginning, but are the drivers of change and
innovation and interact equally and actively.

Modern hierarchic constructions need to turn their hierarchic pyramid upside
down and focus on the satisfaction and the interests of every individual. Talent de-
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velopment programs focusing on retaining expertise as well as a strong employer
brand to attract talents are key prerequisites for the future. The demographic change
forces organizations to reconsider their attitude towards the human aspect. Thus
successful businesses prove that non-job related tasks can support the process of
creativity and innovation and leads to the above mentioned emotional commitment.
Social values, whether it is in flexible working time, parental leave or educational
leave, eventually create a different organizational environment. This will turn into
the formation and development of a most creative atmosphere, which is the key for
innovation and satisfaction. In order to make the innovation last, successful em-
ployees in an emancipated hierarchy are necessary. The latter is not by chance but is
derived when the top managers accept resistance as a source of employee interaction
throughout all hierarchic levels. We need to make use of the diversified strength of
every individual but at the same time value the weaknesses of humans. Most modern
companies simply cannot afford to refrain from using their human assets intensively.

Focus on, and increased investment in, the human aspect will not only speed up
innovation, market implementation and sustainability, it is the most valuable asset
of all. Make use of this asset but treat it with respect and do not forget that “there is
a difference between listening and waiting to speak!” [61]
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