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Preface

Although this book is focused on the process industries, the methodologies
discussed in the following chapters are generic and can in many instances be
applied with little modification in other monitoring systems, including some of
those concerned with structural health monitoring, biomedicine, environmental
monitoring, the monitoring systems found in vehicles and aircraft and monitoring
of computer security systems. Of course, the emphasis would differ in these other
areas of interest, e.g. dynamic process monitoring and nonlinear signal processing
would be more relevant to structural health analysis and brain–machine interfaces
than techniques designed for steady-state systems, but the basic ideas remain intact.
As a consequence, the book should also be of interest to readers outside the process
engineering community, and indeed, advances in one area are often driven by
application or modification of related ideas in a similar field.

In a sense, the area of process monitoring and the detection and analysis of
change in technical systems are an integral part of the information revolution,
as the use of data-driven methods to construct the requisite process or systems
models becomes dominant over first-principle or higher knowledge approaches.
This revolution has changed the world as we know it and will continue to do so
in as yet unforeseen ways.

Rightly or wrongly, there is a perception that the mining engineering environment
is conservative as far as research spending is concerned, reluctant to embrace future
technologies that do not have an immediate proven impact on the bottom line, also
as far as process automation is concerned. However, this is rapidly changing, with
large mining companies investing considerable sums of money in the development
of advanced process automation systems with no immediate benefit. These new
automation systems will have to sense changes in their environment and be able
to react to these changes, consistently, safely and economically. Apart from the
development of advanced sensors, process monitoring technologies would play a
central role in the success of these automated mining systems. For example, in
underground mining, these systems would have to be able to differentiate between
mineral and the surrounding gangue material in real time or be able to differentiate
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between solid rock and rock that might be on the verge of collapse in a mining
tunnel. Humans have mixed success in these tasks, and current automation systems
are too rudimentary to improve on this.

These new diagnostic systems would have to cope with the so-called Big Data
phenomenon, which will inevitably also have an impact on the development and
implementation of the analytical techniques underpinning them. In many ways, Big
Data can simply be seen as more of the same, but it would be unwise to see it simply
as a matter that can be resolved by using better hardware. With large complex data
sets, the issues of automatically dealing with unstructured data, which may contain
comparatively little useful information, become paramount. In addition, these data
streams are likely to bring with them new information not presently available, in
ways that are as yet unforeseen. Just like video data can simply be seen as a series of
images, if taken at a sufficiently high frequency, these data can reveal information
on the dynamic behaviour of the system that a discontinuous series of snapshots
cannot. It is easy to see that in some cases this could make a profound difference on
our understanding of the behaviour of the system.

In the same way that Big Data can be seen as data, just more of it, machine
learning can arguably be seen as statistics, simply in a different guise, as in many
ways it is without a doubt. However, looking into the future, as systems rapidly
grow in complexity, the ability of machines to truly learn could also be influenced
in unforeseen ways. By analogy, one could consider a novice chess player, who has
learnt the rules of chess and knows how to detect direct threats to his individual
pieces on the board. However, it is only by experience that he learns to recognize
the unfolding of more complex patterns or emergent behaviour that would require
timely action to avoid or exploit.

Perth, WA, Australia Chris Aldrich
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