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Foreword 

The industrial imperative for control systems stems from a need to meet quality, 
safety, environmental and economic goals related to asset utilization. The 
justification for control projects and subsequent analysis of the effectiveness of 
commissioned schemes is assessed against these criteria. The installed cost of 
control systems is considerable, and several studies have reported what many 
practicing control engineers know - many control systems fail to meet their basic 
objectives. Indeed, a great many control loops may actually increase, rather than 
reduce variability.  

During the past fifteen years there has been considerable academic and 
industrial interest in developing methods to analyze and improve the performance 
of control systems. Typical objectives are to identify poorly performing loops and 
to diagnose causes for this unacceptable performance. Most of the academic 
developments have focused, quite appropriately, on developing the underlying 
theory and the mathematical and statistical tools - descriptive statistics, time series 
and spectral methods, that are required for this analysis. There is great industrial 
interest in this topic. Commercial packages are available and a number of industrial 
perspectives on the topic of performance monitoring and analysis have been 
reported. Not unexpectedly, considerable effort is required to translate the 
underlying theory into practice. 

Control Performance Assessment: From Theory to Implementation provides 
both a business and technological perspective on this topic. Throughout the 
monograph, control assessment, monitoring and diagnosis are viewed as essential 
approaches for satisfying the business constraints under which control schemes are 
implemented. Benchmarking is used extensively in many private and public sector 
institutions. Drawing upon the extensive literature and practice in this area, the 
authors of this monograph provide compelling arguments for interpreting control 
performance monitoring and assessment in this light. In doing so, they identify a 
number of advantages and limitations of existing theory and provide a framework 
for interpreting and extending performance measures. 

The contributors of Control Performance Assessment: From Theory to 
Implementation have considerable industrial and academic experience. After 
presenting the business imperative for benchmarking, the basic algorithms and a 
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number of performance measure extensions are clearly explained and illustrated 
using case studies of realistic complexity. A concise compilation of academic 
research on performance monitoring, analysis and diagnosis is included. This 
monograph is intended for practicing engineers and advanced degree students. It is 
part of the series Advances in Industrial Control whose aim is to report and 
encourage technology transfer in control engineering. Practicing engineers will 
appreciate the business perspective, the applications to difficult problems and the 
recognition of the challenges in applying the theory to industrial processes. The 
industrial perspective on this topic will be of considerable interest to graduate 
students who wish to advance the theory and practice of controller performance 
monitoring and analysis. 

T.J. Harris 
Department of Chemical Engineering 

Queen’s University 
Kingston, Ontario 

Canada 



Preface

In the commercial sector, benchmarks, which are derived from observations across 
a range of processes and companies, have been applied in different forms to assess 
the performance of business processes. The results of these benchmarking 
exercises are used to formulate best practice and other strategies to improve 
business process performance. This performance assessment paradigm is long 
standing and from it can be extracted a generic assessment framework: model,
specify, measure, analyse and improve performance. Among the philosophies that 
embody this framework, those of business process re-engineering and business 
process benchmarking are probably the best known. 

In the manufacturing and production sectors, optimisation and control strategies 
have been used to obtain improved process performance. Optimisation has been an 
important tool in generating the designs for advanced control systems and has been 
used to provide operating guidelines at the higher levels in the process control 
hierarchy. But, there has been no real overarching process performance assessment 
and improvement methodology available as there has been in the business process 
domain. For example, little has been done to try and link control system 
performance to company financial performance goals and there is an absence of a 
simple, transparent holistic philosophy for determining what control performance 
could actually be achieved by an installed control system. 

The situation for manufacturing and process industry systems (for example, 
petrochemical refineries or chemical plants) is of thousands of control loops, 
simple and complex, all contributing to the overall productivity of the plant and 
ultimately, the financial success of the company. It has always been known that if 
these loops could be optimised then each concomitant improvement in 
performance would lead to energy savings, reduction in raw material usage, 
improved product quality and tolerances and lower material wastage. The obstacles 
to achieving these outcomes were (and still are) the sheer logistics of tuning 
thousands of loops and the lack of technical input to comprehend the structural 
raison d’etre for the control system installed. 
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A key technical and practical breakthrough was made by Harris [1989] and 
colleagues who proposed and implemented methods for control loop benchmarking 
that were simple, data-driven and quantified the scope for tuning improvement in 
an existing control loop. The benchmark measure chosen was process output 
variance and the simple idea was to show how close the control loop tuning was to 
minimum variance control. This seminal work provided the impetus for devising 
control loop assessment procedures and also ignited research interest in process 
performance procedures per se. By the end of the 1990s, companies like 
Honeywell and Matrikon were offering various performance assessment and 
monitoring packages that are now widely used by process companies. 

The focus of this monograph is on the broader context of control system 
performance assessment. Control loop benchmarking is just one (important) 
component of the toolbox that is needed to assess the performance of installed 
control systems and processes. It is thought that by taking a broader view, a better 
understanding is gained of the successful tools and where there are gaps suitable 
for future research input and development. 

To gain insight into the structure of the monograph, it is useful to recall the generic 
steps in performance assessment: model, specify, measure, analyse and improve
since these tasks inform and permeate so much of the research reported in the 
monograph. The opening chapter of the monograph reviews the tools and 
procedures of the business process performance paradigm and in the second 
chapter a new holistic assessment method to link company financial goals with 
control system performance is proposed. These chapters establish a broad context 
for control system and process assessment and the industrial control engineer 
should be able to learn some new general methods to assist with a preliminary 
assessment of performance. The reader might also be surprised to see the 
techniques of Statistical Process Control being used by the business process 
community. 

A major group of chapters (3, 4, 5 and 8) is devoted to variations and extensions of 
the Harris methodology and pursue the detail of new control loop performance 
benchmarking procedures. The work begins from the minimum variance 
benchmark, which although easy to compute from online data, does not necessarily 
represent a desirable measure of performance. This is because minimum variance 
control can exhibit over-vigorous control action and some processes have 
restrictive stability conditions. From minimum variance control, the methods of 
generalised minimum-variance and predictive control are investigated. The idea of 
a “restricted structure optimal control” is introduced to allow a comparison of the 
performance of an existing controller against an optimal controller of the same 
structure. Many real processes are multivariate in nature and the extension of 
minimum-variance, generalised minimum variance and predictive control 
benchmarks to multivariable systems is pursued. This allows the methods to 
incorporate the impact of interactions between control loops on the overall 
performance of the plant. The breadth of the coverage includes data-driven 
methods (Chapter 3) inspired by the original Harris procedures, new model-based 
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methods (Chapter 4), an illustrative industrial simulation study (Chapter 5) and a 
look at the technical conditions that may be required for the new procedures 
(Chapter 8). 

A study of the business process assessment literature shows that the more difficult 
steps in the assessment procedure are those of performance ‘analysis’ and 
‘improvement’. A similar situation exists in the control field where less attention 
has been given to developing methods that purposefully unmask the barrier to 
control and prescribe what action should be taken to improve the control 
performance. In this monograph two chapters (6 and 7) are devoted to this type of 
development. Plant-wide disturbances, oscillations in control loops and identifying 
the presence of stiction as a root cause are the issues considered in these chapters. 

The last chapter of the monograph recaps the progress covered in the monograph 
and surveys the potential directions for future research. 

As far as possible the Editors have tried to achieve a common framework for the 
chapters presented. It was felt that an important feature should be easy access to 
the various procedures being used by the different researchers. Thus the 
contributors were all asked to produce precise algorithms descriptions for their 
procedures. In this way it is hoped that industrial and academic readers will easily 
be able to learn and use the new routines in their own work. The Editors also tried 
to encourage the contributors to introduce academic examples to illustrate technical 
points and larger industrially inspired example to show the procedures at work in 
more realistic situations. Chapters 3, 5, 6, and 7 all have good industrial studies 
that should illustrate the real industrial potential of the new procedures proposed in 
the monograph. The Editors would like to thank all the contributors for their 
forbearance in meeting the many requests for clarity and transparency that we hope 
will make the volume accessible to a wide range of industrial and academic 
readers.  

Finally, we should like to thank Professor T.J. Harris (Queen’s University, Canada) 
for providing such an inspiring Foreword and Oliver Jackson (Editorial Staff) of 
Springer London for his help in smoothing the path to publication.  

Glasgow, Scotland Andrzej W. Ordys 
Damien Uduehi 

Michael A. Johnson
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1.1 Introduction 
Most process and control engineers often marvel at the technical complexity and 
sheer size of the processes found in the process industries. Indeed it is often the 
fascinating technological challenges that drew them into a career with the industry 
in the first place. But, it should never be forgotten that these processes are business
processes operating in a competitive global marketplace. A process will remain 
operational within a commercial enterprise so long as its performance is 
economically competitive and is contributing to the financial health of the 
company. 

The performance of business processes has been the focus of a new business 
culture paradigm, which emerged around the mid-1980s. Techniques like quality 
circles, business process re-engineering and business process benchmarking have 
evolved from this movement and generated an extensive published literature. 
However, it is only in the last decade that interest in performance monitoring, 
assessment and improvement for technical processes and process control has really 
taken root. It is thought that process and control engineers still have much to learn 
from the business process literature and so that is the starting point for this chapter: 
What is the business process viewpoint for performance monitoring, performance 
assessment and performance improvement? 

1.1.1 Setting the Scene for Performance Assessment 

Processes whether commercial, industrial, service or institutional can all be 
modelled by the simple input, process, and output activity sequence. A block 
diagram representation would look like the lower part of Figure 1.1 which is also 
the standard representation familiar to process and control engineers. However, this 
simple process representation is lifted into a whole new realm of utility if an 
anthropomorphic interpretation is added to the process components. The process 
can then be interpreted as a business process and it is possible to consider variables 
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and factors representing the performance and interests of the suppliers, the process 
owners and the customers.  

INPUT PROCESS OUTPUT

Suppliers Process
Owners

Customers
Feedback and

requirements 

Feedback and 

requirements

Internal 
Feedback 
and assessment 

Figure 1.1. Re-interpreting the input-output process model (after Andersen and Pettersen, 
1996)

In many ways it is the recognition of this simple interpretational structure for 
the input-output process model, and the concomitant need for a systems 
engineering paradigm for all aspects of these so called business processes that has 
led to the development of Total Quality Management (TQM) ideas. TQM is a 
group of methods and techniques devised to describe and analyse different aspects 
of the business process. As will be seen in this chapter, some of the techniques 
from the TQM toolbox are quite familiar to process and control engineers but 
others have been devised to deal with the ‘peoples’ aspect of the business process 
model, a dimension which is not usually considered in conventional process and 
control engineering studies. 

A key property of universal significance in any branch of systems engineering 
is performance. Consequently, business performance, service performance, quality 
performance and process performance are of special interest in Total Quality 
Management studies. In whatever way performance is measured, enterprises and 
organizations are always seeking to improve their performance. In the commercial 
world, if a business does not improve its performance indicators then usually, there 
are other competitors who will and the result will be lost customers. The tools of 
TQM are designed to aid this continual drive to make performance advances, i.e., 
continued improvement. Another feature of performance is its often slow decline 
as organizations and enterprises become routine and structurally rigid over time. 
Consequently there is a need to have techniques that reinvigorates the business or 
organization and enables an assessment and revival of performance levels leading 
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to updated targets and strategies to achieve them. The generic concept of 
‘customer’ applies universally to many sectors including commerce, industry, 
healthcare, government and education and customer expectations are always rising. 
Thus performance levels must increase whilst costs must decrease. In this way, 
customers are retained and customer complaint levels are reduced. In summary, 
however measured, performance improvement is a ubiquitous objective of business 
and organisations worldwide. 

Total Quality Management as a form of system engineering has a duality of 
techniques: some for people activities and others for technical tasks. This is 
another key difference to conventional systems engineering methods. The technical 
tools are concerned with modelling the process to be investigated, rigorously 
specifying performance targets, collecting and analyzing performance data, 
identifying problem causes and devising appropriate solutions. However, most of 
the TQM methods are structured around a cycle of people activities. These are 
generally based on the generic cycle: plan, do, check, act; the so-called Deming 
Wheel of activities [Deming, 1985]. Many authors have adapted this cycle and 
renamed the activities for use in other TQM techniques. For example, in the 
method of business process benchmarking, a Benchmarking Wheel [Andersen and 
Pettersen, 1996] has the stages: Plan, Search, Observe, Analyse, Adapt as a cycle 
of activities to be undertaken by a team of people. 

The second aspect of the ‘people activity’ in TQM techniques is that the 
‘Suppliers’, ‘Process Owners’, and ‘Customers’ interpretation of the input, process 
and output blocks of the process diagram are often identifiable people. 
Consequently, in considering performance improvement in such cases it is 
common to find that a team approach is taken involving representatives from each 
group. Sometimes the suppliers, process owners, and customers are simply 
different departments within the same organisation, and then the performance 
assessment team comprises representatives from the interested departments. Thus, 
apart from the algorithmic or cyclic aspect of people activities in TQM, there are 
also techniques concerned with the structure and interaction of the assessment 
teams in TQM procedures. 

1.1.2 Key Techniques in Performance Improvement 

The view that performance improvement is part of the systems engineering 
paradigm is a useful way to categorizing the steps and tools used. This also links 
the categories to equivalent steps prevalent in conventional process and control 
engineering methods and highlights the differences too. 

The performance improvement exercise within TQM usually begins by rigorously 
defining the process to be investigated and determining the precise specification of 
the performance targets to be achieved. The middle stages involve collecting 
performance data, analyzing the performance reached, and uncovering the 
problems that are preventing the attainment of the desired performance levels. 
Once the causes of poor performance have been uncovered, the final stages will 
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instigate a programme of curative actions and possibly install mechanisms to 
continue to monitor subsequent performance, for example, a quality control 
committee or a process operations committee. This grouping of the techniques and 
activities is shown in Figure 1.2. 

INPUTS
People inputs 
Data inputs Process Modelling

Performance Specifications 
           Variables 
           Measures and Metrics 
           Targets 

Performance Measurement 
          Current status 
          Data collection 
          Monitoring 

Performance Analysis 
Graphical tools 

Cause and effect method 
Root cause technique 

Performance  
Improvement 

Tools 

OUTPUTS 
People outputs 

Continuity strategies 

Figure 1.2. Steps and tool groups in performance assessment 

It is useful to summarise each of the activity steps and the tools used within 
these steps as follows. 
People Input Tools The extensive range of processes that can be treated for 
performance assessment and improvements often requires input from a wide range 
of company/organisation personnel. Special tools and techniques can be used to 
elicit the necessary information efficiently. This is especially true when the process 
is an ‘action’ sequence rather than an industrial process.  
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Process Modelling   Processes from the business and organization field often look 
very different to those of the process industries. However, tools are still needed to 
rigorously define the process under investigation. 
Performance Specification   This is the activity of deciding which process variables 
can be considered to capture the specification of desired performance and then 
defining the appropriate performance measures and metrics. 
Performance Measurement   These are techniques for collecting and displaying 
measured performance data. The monitoring of performance measures is included 
in this category. 
Performance Problem Analysis  A most difficult task is to identify the actual cause 
of barriers to ultimate performance achievement. Some tools to assist with this task 
are given in this step. 
Performance Improvement Tools  This class of tools divides into two groups. One 
group of tools for performance improvement are simple and almost heuristic. A 
second group are new philosophical approaches to the whole problem of 
performance improvement; one is Business Process Re-Engineering [Hammer and 
Champy, 1993] and a second is Business Process Benchmarking [Andersen and 
Pettersen, 1996]. 
People Output and Continuity Tools These are people-based mechanisms for 
implementing the outcomes of the performance assessment exercise, for continuing 
the monitoring of performance, and for disseminating the outcomes to a wider 
audience. 

1.2 Process Models and Modelling Methods 

1.2.1 Business Process Models 

The business process model is a simple input-process-output operational sequence 
augmented with a supplier-process owner-customer interpretational layer, as 
shown in Figure 1.1. The model without the additional layer is a simple input-
output process block diagram that is well known in conventional process and 
control engineering fields. A definition of a business process is [EQI, 1993]: A
chain of logical connected repetitive activities that utilizes the enterprize’s 
resources to refine an object (physical or mental) for the purposes of achieving 
specified and measurable results or products for internal or external customers. 

The motivation for the interest in business process models lies in the way 
enterprises, business, organization and government arrange and conduct their 
activities. Historically, when a business became larger and more complex, it was 
often organized on a functional basis into departments. But then typically, 
departmental development and politics became more important than the business 
itself so that the organization lost sight of the performance of its business 
objectives. The business process model focuses strictly on input, process 
transformation and output and on supplier input, process owner performance and 
customer output, all of which lie at the core of a business or organizational 
activities. It is a very important point that departments partition an organization 
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into vertical activities whilst business processes travel through an organization 
horizontally to deliver outputs. This is graphically shown in Figure 1.3, where the 
figure also intimates why it is often necessary to construct cross-departmental 
teams in order to have any effect on business process performance. 

THE COMPANY 

Corporate 
Division 

Finance 
Division 

Engineering 
Division 

 R & D 
Support Divn 

Sales and Ordering Processes 

Plant and Manufacturing Processes 

Input and Output Logistics 

Figure 1.3. Organisational structure and business processes (after Andersen and Pettersen, 
1996)

The surprising power of the business process model comes from its wide 
applicability. Indeed at an operational level, it seems difficult to find processes, 
which do not fit the business process model structure. Table 1.1 shows the 
characteristics of some business processes, which were modelled for benchmarking 
exercises, as described in a volume of such exercises edited by Camp [1998]. 

1.2.2 Constructing a Business Process Model 

The wide range of business process model applications and the cross-departmental 
structure of business processes usually mean that models have to result from the 
discussions of a focused cross-departmental group of experts. Thus, organized and 
targeted discussion sessions may be needed to construct a business process model. 
For a complicated business process, questionnaires may be formulated to gain an 
insight to the inherent structure that needs to be identified and documented in a 
business process model.  

Simple tools that can be used to initiate the process of identifying the business 
process are freely drawn block diagrams, questionnaires and simple attribute 
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tables. A more formal version of the block diagram is known as Relational 
Mapping. 

Table 1.1. Characteristics of some business process models 

Company Business Process Characteristics Technique 
Sector - MANUFACTURING 
Allied Domecq Information

Delivery
Discrete,  
Decisions

Block diagram

NIIT, India Hardware
Procurement

Discrete,  
Decisions

Cross-functional
flowchart

Ingwe Coal 
Corporation

Continuous Mining 
Operation

Discrete,  
Decisions

Flowchart

Sector - SERVICES 
Boots the Chemist Sales Promotion Attribute set Tabular Format 
IBM Italy Procurement 

Process 
Discrete, Decision Block diagram 

Sector - NOT FOR PROFIT ORGANISATIONS 
Northern New 
England
Cardiovascular 
Disease Study 
Group

Cardiac Surgery Discrete, Decision Block diagram 

Singapore
Productivity and 
Standards Board 

On-the-Job
Training 

Discrete Block diagram 

Sector - GOVERNMENT 
US Government Complaint Process Discrete, Decisions Tabular Format 
Post Office, UK Supply Chain Discrete, Decisions Block diagram 

City of Monash Payroll Production 
Rate Collection 

Discrete, Decision Block diagram 

Sector - EDUCATION 
Babson College, 
USA

Enrolment Attributes, Discrete Tabular format 

Oregon State 
University 

Student Advisory Attributes, Discrete Tabular format 

Queensland 
University 
of Technology, 
Australia

Research 
Supervision

Discrete Block diagram 

Relational Mapping 
This is a discussion-based activity that uses the block diagram to identify those 
activities and/or enterprises that impact a particular business process. There are no 
standards for this type of diagram and an example is shown in Figure 1.4. The 
relationships between the different parties (departments, work units, individuals) in 
the process are given on the figure by different arrow types. This discussion 
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activity is usefully performed before a formal block diagram, or flowchart is 
constructed. 

The relational map is a useful tool for initiating a discussion about a business 
process model but an in-depth analysis will require a more precise tool for 
describing and documenting the detail of the process. A widely used tool is the 
flowchart or one of its variants. 

Key: 

Figure 1.4. Relational map for a rolling mill operation from the steel industry 

Flowcharts 
The more complex business process generally involves a sequence of discrete 
operational steps combined with dynamics arising from simple binary decisions. 

Information Flow Discussions-Negotiations 

Orders Flow of Goods Flow of Services 
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Typical examples are procurement processes, sales ledger, laboratory procedures, 
and discrete process operations. Flow charts can capture the discrete nature of 
these processes quite successfully.  

Flowcharts use a simple set of symbols that represent different types of 
‘activities’; connections between these activities are presented by connecting 
arrows. Figure 1.5 shows a dictionary of symbols and a simple flowchart example 
is shown in Figure 1.6. 

Document 

Start / Finish Input / Output

Step / Activity 
Decision 
point

Summing 
point

Figure 1.5. Dictionary of simple flowchart symbols 

As processes become more complicated and larger in scale, a flowchart can 
grow to an unwieldy size as more and more detail is documented. A solution to this 
problem is to use hierarchical linked flowcharts. The process operation is simply 
decomposed into a number of layers of information and each layer has an 
associated set of flow charts. A two-layer scheme is shown in Figure 1.7. 

Simple flowcharts and hierarchical flowcharts describe and document ‘what’ is 
happening in a process but they do not indicate ‘who’ might be performing or be 
responsible for the decisions, transformations, or actions taking place. A cross-
functional flowchart captures both of these aspects of a process. 

Cross-function Flowchart 
The cross-functional flowchart is a powerful business process modelling tool 
which details what is happening in a process and relates it to who is active in the 
stages of the process operation. An example is shown in Figure 1.8. 

Using the experience of the modelling group and some preliminary data 
collection exercises, a flowchart can be augmented with additional quantitative 
information, for example: 

Time spent in an activity 
Costs (material, personnel, etc) in an activity 
Value added in an activity 
Degree of completion of a product item 
Cumulative times, cost, etc. 
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Rollstand 
Operational

Issue Error 
Report 1 

FINISH 

One pass of 
workpiece

Output gauge 
In range

Workpiece 
OK

START 

Ring 
Yard

Workpiece 
present

Contact 
Maintenance 

Issue Error 
Report 2 

NO

NO

NO

Figure 1.6. Manufacturing process flowchart 
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R

PROCESS Top Layer                                            First Sub-process layer      

Figure 1.7. Hierarchical flowcharts for process models 

1.2.3 Business Processes and Process Control 

Process control primarily deals with the operation of industrial systems. However, 
in the wider context an industrial system is simply part of the holistic business 
process, and as such is also amenable to the type of performance assessment 
procedures applied in the wider enterprise. One view is to consider an industrial 
process as one of the input-output blocks that contribute to the global enterprise 
wealth creation structure. To operate a process unit also requires information 
flows, quality objectives, people input, planning input, maintenance support, 
research support as well as the material and energy flows that are the usual domain 
of the process control engineer. The business process analyst would be completely 
familiar with these wider aspects of the process unit. However, there is another 
level to industrial systems and that concerns the process engineering and the 
technology that make them work. This more specialized area could be termed the 
technical process and is the concern of process and control engineers. The process 
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and control system models for the technical process levels are far more specialized 
and usually highly mathematical. Nonetheless, even the technical levels of a 
process unit can be subject to a performance assessment leading to directions for 
performance improvement. In the process control field these assessment techniques 
are particularly well developed for the analysis of control loop performance as will 
be described in later chapters.  

    Dept 1         Work Unit 1              Dept 2                 Dept  3                     

Figure 1.8. Cross-functional flowchart 

Suppliers
------------
INPUT 

Process Owners 
-------------------------------------

PROCESS 
Level 
4  Global process sequence 
3  Process unit level 
2  Process setpoint changeover
1  Process loop control level 
0  Process, actuators and  
    instrumentation

Customers 
--------------
OUTPUT

Figure 1.9. Business process and process control hierarchy 



Benchmarking Concepts: An Introduction 13 

Thus, a major thesis of this book is that a holistic assessment of performance 
encompasses both business process levels and the technical process levels in any 
enterprise. To embed the technical process aspects into the business process 
structure, the standard process control hierarchy can be used as shown in Figure 
1.9. In this figure the business aspects of suppliers, process owners and customers 
are retained but for the technical process, performance can be considered according 
to the process objectives at the different levels of the process control hierarchy. 

1.3 Performance Measurement 
To understand how well complex processes are being managed, it is necessary to 
monitor and analyze a representative range of performance metrics. The specific 
type of metrics will be process dependent but to capture the state of a process, it is 
the careful selection of a range of performance indicators that is important. A 
common classification is into Financial and Non-Financial performance measures. 
Typical examples of financial performance measures are profitability, sales, unit 
costs whilst non-financial indicators might include employee retention rates, 
customer satisfaction levels, and product defect rates. A second classification is the 
quantitative-qualitative divide into ‘hard’ and ‘soft’ performance measures. Hard 
performance metrics are those strictly computable quantities based on numerical 
measurable data; these range from financial measures like unit cost and sales per 
day to non-financial quantities and technical measures like process plant 
downtime, product defect rates and product physical properties (temperature, flow, 
dimensions, etc). In contrast ‘soft’ performance indices are metrics of more 
difficult to measure quantities like customer satisfaction variables and are often 
captured by a set of linguistic variables such as {very poor, poor, satisfactory, 
good, excellent…}. 

1.3.1 Business Process Performance Measures 

Determining the range of performance measures to be monitored for any particular 
process is a more demanding exercise. The objective is to choose a set of 
performance measures that capture the operational state of the process. This 
usually means that a wide variety of process issues are available for investigation. 
The first list in Table 1.2 encompasses generic performance areas that are 
considered appropriate for business process performance assessment [Bogan and 
English, 1994]. Whilst the second list in Table 1.2 gives the equivalent generic 
areas that might be appropriate for the performance assessment of a unit from the 
process industries. What is interesting from the comparison is the close similarity 
of underlying principles; all that is different is the terminology and context. This is 
due to the input-process-output model adopted by a systems engineering approach 
to process modelling (as seen earlier in Figure 1.1); this common model structure is 
present in both the business process and the technical process control fields. 
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Table 1.2. Generic areas for performance assessment 

Business Process Process Industry Unit 

Customer service performance Quality of outputs to the next process unit 

Product/Service performance Quality performance of output product 

Core business process performance Process unit performance 

Support processes performance Process unit maintenance performance 

Employee performance Process operator and support staff performance 

Supplier performance  Quality of input materials to process unit 

Technology performance Equipment-machinery-controls performance 

New product/service performance Process unit changeover performance 

Cost performance Energy/material costs performance 

Financial performance Financial performance 

The division of performance measures into financial-non-financial and hard-
soft categories has been captured in Table 1.3. One implication of the hard-soft 
divide is in the area of data collection. Hard numerical performance measures may 
be easier to collect from computer data logging systems whereas soft performance 
measures may need interviews and questionnaires for collection and may be 
subject to more uncertainty in quality. 

Table 1.3. Performance measure categories 

FINANCIAL NON-FINANCIAL 

HARD
(Quantitative) 

PMhf PMhnf

SOFT 
(Qualitative) 

PMsf PMsnf

The very act of modelling a process leads to systematic lists of variables, 
factors and sub-processes that are involved in generating the outcome of a 
complete process. Performance measures are usually defined from the underlying 
domain of process variables to try to quantify the essential qualities important to 
the process operator and the process customer. In many instances it is possible to 
capture the essential outcomes of a process in a few qualitative statements and 
quantitative indices but it is often difficult to determine which of the process 
variables and sub-processes most impacts the process performance. Identifying the 
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most important process variables for use as a performance measure is a first task in 
performance assessment and this problem is considered next. 

1.3.2 Prioritizing Performance Measurements – Criteria Testing 

It is often the case that the desired outcomes of a process can be summarized as 
four or five qualitative statements or quantitative indices. More difficult is deciding 
which process variables, factors and sub-processes have a critical impact on the 
performance measures. The method of Criteria Testing has been devised to assist 
with this prioritizing task. In the commercial world, the desired outcomes of a 
process are termed critical success factors and these may be defined as [Andersen, 
1999]: The limited number of factors that to large extent impact the organisation’s 
competitiveness and its performance in the marketplace. 

In the examples given for critical success factors, it becomes clear that these are 
top-level descriptions of what makes an organization and/or its products 
successful. In the technical world of the process industries and process control, a 
process critical success factor may be defined by paraphrase as: The limited 
number of factors that determine the competitiveness of an industrial process’s 
operational performance and the quality of its process outputs.

Consequently, once the process critical success factors have been determined, the 
method of criteria testing can be used to rank the importance of the factors, 
variables, performance measures, and sub-processes from a given all-
encompassing list. The criteria testing is outlined in Procedure 1.1. 

Procedure 1.1 Criteria testing 
Step 1 Define and describe the critical success factors for the process under 
investigation. Let nf be the number of critical success factors. 
Step 2 List the critical success factors denoted {CSF

1
, …, CSF

nf
} and assign 

each factor a representative weighting that defines its contribution to the overall 
process success. Denote the set of weightings as {wt1,…,wtnf}
Step 3 List all the possible inputs whether process variables, factors, or 
performance measures that possibly contribute to the achievement of the total 
success of the process. Denote these inputs {PI1, PI2,…,PINI} where NI is the total 
number of contributing possible inputs. 
Step 4 For each possible input, PIi, assign a weighting PIi(j) which expresses 
its importance or contribution to the jth critical success factor CSFj. Repeat the 
procedure for each possible input and each critical success factor. 

Denote the results array of weightings, {PIi(j)}, i=1,…,NI; j=1…,nf 
Step 5 For each possible input construct the score: 

1
( ) ( )* ; 1,...,

nf

i j
j

score i PI j wt i NI  (1.1) 
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Step 6 Identify the most significant contributing inputs as those having the 
highest scores. 
Procedure end 

When the procedure is dependent on a subjective ranking of qualitative variables 
like ‘variable importance’ then the numerical scale [0,1] or [0,10] can be used. To 
obtain a reliable subjective ranking of factors, effort should be devoted to obtaining 
sufficient expert input into the weighting assessment exercise. An impression of a 
Criteria Testing tableau can be seen in Table 1.4. From the score column of the 
table it will be possible to see which inputs to achieving the critical success factors 
are important. These can then be used as performance measures. 

Table 1.4. Criteria testing 

Critical Success Factors CSF1 CSF2 .  .   .   . CSFnf

CSF Weightings wt1 wt2 .  .   .   . wtnf

Possible Inputs      
Variable 1   PI1
Variable 2   PI2
Factor 1       PI3
   .                                  . 
    .                                 . 
                                      . 
Sub-Process 1    PIl
     .                                   . 
                                      . 

Performance Measure  PINI 

PI1(1)
PI2(1)
PI3(1)

PIl(1)

PINI(1)

PI1(2)
PI2(2)
PI3(2)

PIl(2)

PINI(2)

.  .   .   . 

.  .   .   . 

.  .   .   . 

.  .   .   . 

.  .   .   . 

PI1(nf)
PI2(nf)
PI3(nf)

PI1(nf)

PINI(nf)       

Score (1) 
Score (2) 
Score (3) 

Score (1) 

Score (NI) 

1.3.3 Benchmark Performance Measures 

The actual procedure of benchmarking as it applies to business and technical 
processes will be discussed in a later section. At this juncture the emphasis is on 
defining a performance measure that is a benchmark value. This is quite simply the 
value of a defined performance measure that is the ‘best in a class’. Two contextual 
interpretations will now be presented, one for generic process assessment and one 
for specific technical situations. 

A generic process benchmarking procedure 
In performance assessment exercises, the assessors will determine a set of 
performance measures that are best thought to capture the holistic state of a 
process. These performance measures will comprise a mix of indices from the 
matrix of categories shown in Table 1.3. The indices take on benchmark values 
when an exercise has been performed to find values that are ‘best in a class’. This 
exercise of establishing a class of processes from which to take the benchmark 
performance measure values is known as benchmarking. Further there are several 
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different ways in which the ‘class’ is determined and this gives rise to different 
benchmarking methods. A simple example is internal benchmarking where a 
company may have several identical process lines operating at different locations 
and in different work cultures. These company process lines will form the ‘class’ 
over which best performance measures will establish the benchmark performance 
values for that type of process line. 

A technical process benchmark 
The ‘best in a class’ idea is retained for the specific case of a technical process but 
it is re-interpreted as being captured as the solution of a formal optimization 
problem. The benchmark value for this performance property is then taken as the 
optimal value of the optimization problem cost function. In many cases this 
benchmark optimal value represents an ideal but possibly practically unrealizable 
value; nonetheless, it represents a benchmark against which actual performance 
can be measured. 

The classical example of a technical process benchmark in the process industries is 
the capture of controller performance in a minimum variance cost function 
[Desborough and Harris, 1992]. Subsequent chapters of this book develop 
technical process benchmarking in considerable depth. 

1.4 Assessment of Performance 
The main focus of this section is on the task of identifying that there is a limitation 
to performance achievement and the monitoring of performance measurements. 
Trying to find out the basic or root cause of the limitation to performance is termed 
performance assessment analysis and the set of tools which can be used for this 
task are described subsequently, in Section 1.5. 

1.4.1 Simple Performance Assessment Tools 

Several novel graphical tools have been devised for the preliminary analysis and 
problem identification stage of the performance assessment exercise. In this section 
the so-called spider chart, the performance matrix and trend charts are presented. 

Spider Charts 
A spider chart can be used to make a comparison of several sets of measured 
performance data. Normally the chart would display up to (say) five performance 
variables across two or three sets of performance data. The procedure to be 
followed is now given. 

Procedure 1.2 Spider chart construction 

Step 1 Optimum or benchmark performance values are used to normalise each of 
the performance data sets to a common scaling. Typically the data is scaled to a 
range [0,1] where ‘1’ represents optimum performance. 
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Step 2 A set of concentric circles is drawn to represent a circular grid of scale 
intervals, typically, 0.25, 0.5, 0.75, 1.0, 1.25. 

Step 3 From the common origin of the circles a set of axis rays are drawn; one axis 
ray for each performance variable. Together the circles and the axis rays look like a 
spider’s web and this gives the chart its name. 

Step 4 Each complete set of scaled performance data is marked up on the axis rays. 
These points are then joined up to form a figure; one figure for each data set and 
one for the optimum performance values (this is a joining up of all the ‘1’ points). 

Step 5 The closer the figure of the performance data set resembles the optimum 
performance figure, the better the performance. 
Procedure end

A process industry example follows. 

Example 1.1 
This is a comparison of the performance of three process units, E34, F62 and G22. 
The selected performance variables, and the numerical data for each of the three 
units are given in Table 1.5.  

Table 1.5. Process unit data - spider chart 

Rating Unit E34 Unit F62 Unit G22 

Throughput
(tonne/wk)    Normalised 

750
     1 

700
0.93

256
0.34

600
0.80

Energy Used 
(kW/tonne)   Normalised 

6000
      1 

4621
0.77

5217
0.87

8217
1.37

Operator Performance 
                     Normalised 

1
1

Excellent 
    1 

Good
0.75

Good
0.75

Maintenance Used 
(hr/tonne)     Normalised 

30
       1 

    10 
  0.33 

43
1.43

21
0.7

The spider chart is given in Figure 1.10. In the chart, the bold rectangle 
represents the rated (benchmark) process unit performance. The performance of the 
three process units can then be viewed with reference to this rated (benchmark) 
performance. Clearly, for some reason, Unit E34 is under-utilizing the maintenance 
services. Unit F62 is not attaining anything like the expected rated throughput yet it 
is still using the rated energy consumption and Unit G22 is using excessive energy 
to achieve near rated throughput. 

Performance Matrices 
The performance matrix is a tool that can be used to obtain a focus on what is 
important in a performance assessment. It is a method of comparing quantitative 
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performance data against qualitative attributes. The quantitative performance data 
can usually be normalised on a scale [0,1], where the ‘0’ region corresponds to 
Poor Performance the ‘1’ region corresponds to Good Performance. The qualitative 
variable is then the ranking of the importance of a variable for performance 
attainment. A numerical ranking scale [0,1] could be used to indicate the subjective 
range from Low Importance (the ‘0’ region) to High Importance (the ‘1’ region). A 
rectangular grid is then used with the performance data on the vertical scale and the 
importance ranking on the horizontal scale as shown in Figure 1.11. 

Maintenance 

Throughput 

Energy used 

Operator 

Figure 1.10. Spider chart of process unit performance data 

KEY
Rated               Unit E34                 Unit F62                 Unit G22 
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PP / LI PP  / HI 
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Key  
GP = Good performance   PP = Poor performance 
HI = High importance   LI = Low importance 

Figure 1.11. Generic performance matrix 

The major squares of the grid can be categorised and interpreted as follows: 
Box GP/HI Data falling in this area of the matrix is good because good 
performance is being achieved on the variables of importance. 
Box PP/HI Data falling in this square shows that important variables are only 
achieving poor performance indicating that effort should be devoted to improving 
the performance of these variables. 
Box GP/LI Data falling in this square reveals that the low importance variables are 
achieving good performance values. This implies that effort and energy is being 
expended on enhancing low priority variables. 
Box PP/LI Data falling in this square is not critical for these are variables of low 
important and low performance is acceptable. 

Example 1.2 Process Unit Comparison 
Table 1.6 shows the performance assessment data for two different examples of a 
specific process unit. The measured performance values have been normalized on a 
scale of [0,1] and the actual values are given in the two right hand columns. A 
column ranking ‘importance’ is given in the middle where the scale [0,1] has been 
used with ‘1’ representing ‘High Importance’. 

The performance matrix of Figure 1.12 clearly identifies two highly important 
variables achieving low performance, viz., entry temperature in Unit E34 and 
throughput in Unit F62 and several low importance variables that are being over-
polished in performance. 
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Table 1.6. Process unit data 

Normalised Actual  
Performance

Performance Measures Normalised Importance Rating 

Unit E34   Unit F63 

Throughput                   1 
Surface finish                2 
Energy Used                 3 
Entry temperature         4 
Exit temperature           5 

    0.7 
    0.2 
    1.0                          
    0.8 
    0.3 

     0.9 
     0.3 
     0.7 
     0.4 
     1.0 

      0.3 
      0.7 
      0.8 
      0.9 
      0.8 

5

5

4

4

3

2

LP/LI 

GP/HI GP/LI 

LP

0.0                         0.5                              1.0 
                        Importance          Process

     1.0 
          
P
e
r
f
o
r   0.5 
m
a
n
c
e

    0.0 

1

12

3

Key 
Unit E34 -   Unit F63  -  
Subscripts for performance variables 
1 = Throughput; 2 = Surface finish; 3 = Energy 
Used; 4 = Entry temperature; 5 = Exit temperature 

Figure 1.12. Performance matrix – Process unit data 

Trend Charts 
Many performance measures evolve with time and the trend chart is a 
straightforward graph of time-series data. The performance measure is plotted on 
the vertical axis and the time index occupies the horizontal axis. For multiple data 
sets, then several trend plots can be drawn on the same chart. 
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In terms of analysis, the trend chart shows how performance is evolving 
chronologically. The direction of the trend plot indicates whether performance is 
improving or worsening over time and the slope of the trend plot shows how fast 
these changes are taking place. Multi-trend plots can be used as a comparison tool 
perhaps showing the comparative performance of several company sites or the 
performance of the same process type across several different companies. 

If the underlying process is stochastic and the trend component is removed from 
the data, then the residuals remaining can be subjected to a statistical analysis to 
test whether performance is changing with time. This method of monitoring
performance measures has been developed into the important technique of 
Statistical Process Control (SPC); this method is described in the next section. 

1.4.2 Statistical Process Control 

Statistical Process Control is an important tool for monitoring performance 
measurements, especially product quality [Montgomery and Runger, 2003; Ryan, 
2000]. Statistical Process Control (SPC), also referred to as Statistical Quality 
Control (SQC), has been widely used for quality control in discrete-parts 
manufacturing and in the process industries. Broadly speaking, SPC and SQC refer 
to a collection of statistically-based techniques that rely on quality control charts to 
monitor product quality. 

The major objective in SPC is to use experimental data and statistical techniques to 
determine whether the process operation is normal or abnormal. The underlying 
assumption is that normal operation can be characterized by random variations 
about mean values. If this situation exists, the process is said to be in a state of 
statistical control (or in control) and the control chart measurements tend to be 
normally distributed about the mean value. By contrast, frequent control chart 
violations would indicate abnormal process behaviour or an out-of-control
situation. Then a search would be initiated to attempt to identify the root cause of 
the abnormal behaviour. The root cause is referred to as the assignable cause or the 
special cause in the SPC literature while the normal process variability is referred 
to as common cause or chance cause. From an engineering perspective, SPC is 
more of a monitoring technique than a control technique because no automatic 
corrective action is taken after an abnormal situation is detected. 

Quality Control Charts 
An example of the most widely used type of control chart, a Shewhart Control 
Chart, is shown in Figure 1.13. A measured variable, x, or a sample mean, x , are 
plotted versus sample number or time. The target represents the desired value 
while the upper control limit (UCL) and lower control limit (LCL) define the 
normal operating region. A data point beyond these limits is considered to be an 
abnormal situation (i.e., the process is not in a state of statistical control). 
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Figure 1.13. Shewhart control chart 

The LCL and UCL are calculated from a set of representative data for a period 
of normal operation. Typically, they are specified as,  

xˆUCL T c  (1.2) 

xˆLCL T c-  (1.3) 

where xˆ  is an estimate of the standard deviation for the sample mean, x . This 
estimate is calculated from the representative data. Typically, the constant c is 
chosen as c = 3 in order to provide “3  limits”. 

Other types of quality control charts are also available  For example, control 
charts can also be used to monitor the sample standard deviation as well as the 
sample mean, if more than one measurement is made at each sampling instant 
[Montgomery and Runger, 2003; Ryan, 2000]. 

Process Capability Indices 
Process capability indices provide a measure of whether an “in control” process is 
meeting its product specifications. Suppose that a measured variable x must have a 
value between an upper specification limit (USL) and a lower specification limit 
(LSL), in order for a product to meet its specifications. The Cp capability index is 
defined as, 

6p
USL LSLC  (1.4) 
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where  denotes the standard deviation of x. Suppose that Cp = 1 and x is 
normally distributed. Then we expect that 99.73% of the measurements would 
satisfy the specification limits, or equivalently, we would expect that only 2700 out 
of one million measurements would lie outside the specification limits. If Cp < 1, 
the product specifications are satisfied; for Cp > 1, they are not.  

A second capability index Cpk is based on average process performance ( x ), as 
well as process variability ( ). It is defined as: 

pk 3
Min [ x LSL,USL x ]C  (1.5) 

Although both Cp and Cpk are useful, Cpk has a significant advantage over Cp for 
the following reason. If x  = T, the process is said to be “centred” and Cpk = Cp.
But for x T, Cp does not change, even though the process performance is worse, 
while Cpk decreases. For this reason, Cpk is preferred. If the standard deviation  is 
not known, it is replaced by an estimate, ˆ .

In practice a capability index of 2.0 is often the objective while a value greater than 
1.5 is considered to be acceptable [Shunta, 1995]. If the Cpk value is too low, it can 
be improved by making a change that either reduces process variability or that 
causes x to move closer to the target. These improvements can be achieved in a 
number of ways that include: tighter process control, improved process 
maintenance, reduced variability in raw materials, improved operator training, and 
process changes. 

Three important points should be noted concerning the Cp and Cpk capability 
indices: 

(i) The data used in the calculations do not have to be normally distributed. 
(ii) The specification limits, USL and LSL, and the control limits, UCL and 

LCL are not related. The specification limits denote the desired process 
performance while the control limits represent actual performance during 
normal operation when the process is in control.

(iii) The numerical values of the Cp and Cpk capability indices are only 
meaningful when the process is in a state of control. However, other 
process performance indices are available to characterize process 
performance when the process is not in a state of control. They can be used 
to evaluate the incentives for improved process control [Shunta, 1995].  

1.5 Performance Assessment Analysis 
The performance assessment activities of modelling, performance measure 
selection, data collection and performance limitation identification have been 
covered so far, now it is the turn of analysis. This is perhaps the most difficult part 
of the journey and the task is to uncover the real cause of the identified limitation 
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to performance. Fortunately, there are a number of tools of varying complexity, 
which can be used to assist in this analysis task.  

1.5.1 Critical Incident Analysis 

The preliminary assessment of the selected performance measures is designed to 
indicate those areas of a process that are, or likely to be, restricting the desired 
performance levels to be achieved. Once these areas are known, a critical incident 
analysis might be a tool for a fuller investigation. The critical incident analysis is 
outlined in Procedure 1.3. 

Procedure 1.3  Critical incident analysis 
Step 1 For the identified area of performance limitation, draw together a 
personnel team who are involved with this part of the process. Then, from 
brainstorming and interview techniques construct a shortlist of possible process 
events considered to be contributing to the problem. 

Step 2 For fixed period of time, institute a simple data collection exercise 
using a checksheet to generate data on the frequency of occurrence of the process 
events listed. It is also possible that this data could be derived from historical 
operating data stored in the quality control database. 

Step 3 The collected data are cast in cumulative tabular form, or displayed as a 
frequency histogram. Incidents occurring most frequently will be candidates for 
further investigation. 
Procedure end 

Within this procedure are the activities of people conducting a data collection 
exercise and then displaying the results using a frequency of occurrence table or a 
frequency histogram.  Spreadsheet software such as the Microsoft Excel package 
could facilitate the collection and display of the required data. 

Pareto Chart 
A useful technique for the analysis of the critical incident data is a Pareto chart. 
This is an ordered histogram designed to portray the assertion that 80% of the 
problems arise from 20% of the possible causes. This is a paraphrase of the 
original interests of Pareto which was to demonstrate that 80% of the wealth of 
society was owned by 20% of its members. Instructions for constructing a Pareto 
chart are given in Procedure 1.4 and an example is shown in Figure 1.14. 

Procedure 1.4    Pareto chart construction 
Step 1 The list of process critical incident values should be converted to a 
common unit. For example all the data could be frequency of occurrence of 
incident but a true picture of importance only possibly appears when a monetary 
value is put on its occurrence or it is multiplied by an importance rating. 

Step 2 Compute the percentage figure for the contribution from each cause or 
critical incident. Order the causes by decreasing percentage value.  
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Step 3 Construct an ordered histogram where the incidents or causes are 
placed along the horizontal axis in order of descending percentage value. On the 
left hand vertical axis can be marked the common comparison values, and on the 
right hand vertical axis the percentage contribution values. 

Step 4 Draw the cumulative contribution curve and identify the 80% 
horizontal. This will reveal those critical incidents or causes of most significance. 
Procedure end 

Example 1.3 
Data for equipment faults on a rolling stand gave the figures in Table 1.7. 

Table 1.7. Equipment fault data 

Cause of Fault Incident  
Downtime

No. of  
Occurrences 

Total downtime % 

A  Tensiometer 1.0 2 2 2

B  Gaugemeter (Exit) 4.0 10 40 38

C  Temperature sensor (Entry) 0.5 3 1.5 1

D  Temperature sensor (Exit) 7.0 7 49 47

E  Water pump 6.2 2 12.4 12

Total 
Downtime 
Per 

 80% Pareto
         Line 

25%

50%

100%

0%
D         B        E         A          C

Figure 1.14. Pareto chart for equipment fault data 
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The Pareto chart (Figure 1.14) shows that causes D (Exit temperature sensor) and 
B (Exit gaugemeter) give rise to significant plant downtime. 

1.5.2 Relational Diagrams 

There are two types of relational diagram, qualitative and quantitative versions. 
Both are used to try to identify the main cause of a performance limitation 
[Rolstadas, 1995]. These tools can be very usefully employed with input from the 
personnel operating the process being investigated. 

Qualitative Relational Diagram 
The qualitative relational diagram uses input from a discussion group to try to 
construct a block diagram that identifies main causes or root causes of a problem. 
A procedure is outlined next [Andersen, 1999] and is shown in Figure 1.15. 

Procedure 1.5 Qualitative relational diagram construction 
Step 1    Assemble a task team of personnel directly involved with the process 
and the problem. 
Step 2  Have the team list all the possible causes of the problem being 
investigated. Initiate a discussion of the causes and their consequences directed 
towards establishing the causal relationships between the various causes. 
Step 3 Use the cause and consequence relationships to draw up a qualitative 
relational diagram. Concentrate on identifying the main causes and difficulties that 
create all the dependent problems. 
Step 4 Use the identified main causes as the basic of a performance 
improvement programme. 
Procedure end 

Cause List 

Cause a 
Cause b 
Cause c 
………. 
………. 
……….. 
………. 
………… 
Cause s 
Cause t 

DISCUSSION
GROUP 

Main Cause 1 

Main Cause 2 

PROBLEM 

Cause 11

Cause 12

Cause 13 

Cause 21 

Figure 1.15.  Qualitative relational diagram construction 
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Quantitative Relational Diagram 
The quantitative relational diagram has a procedure similar to that for the 
qualitative relational diagram except that a scorecard system is used to highlight 
important features of the relationships displayed. Procedure 1.6 is illustrated in 
Figure 1.16. 

Procedure 1.6 Quantitative relational diagram construction 
Step 1  Assemble a task team of personnel directly involved with the process 
performance problem. Have the team list the main factors and causes of the 
performance limitation. 
Step 2 Sketch a diagram putting the causes in an approximate circle layout. 
Initiate a discussion within the tasks team to determine the cause and effect 
relationships between the causes displayed. 
Step 3 Once agreement has been reached concerning the proper cause and 
effect relationships, draw impact arrows. The arrow direction goes from a cause to 
a consequence or impact of the cause. 
Step 4 For each cause on the diagram, sum a scorecard of arrows arriving (IN) 
and arrows leaving (OUT) each factor or cause. 
Step 5 Identify performance drivers as those causes with the highest number 
of departing arrows and identify as results indicator those causes/factors with the 
highest number of arriving arrows. 
Procedure end 

List of Causes 
Cause 1 
Cause 2 
Cause 3 
Cause 4 
Cause 5 

Cause 1 

Cause 2 

Cause 4 Cause 3 

Cause 5 

Scorecard
                IN      OUT 
Cause 1     1           1 
Cause 2     2           2 
Cause 3     2           0 
Cause 4     1           0 
Cause 5     0           3 

Outcomes 
Performance driver – Cause 5 
Results indicator – Cause 3 

Figure 1.16. Quantitative relational diagram 
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The scorecard can be used to identify the performance drivers and the result 
indicators. A performance driver can be equated to a main cause since it is a cause 
or factor that is impacting or driving a significant number of consequences or 
subsidiary effects in the problem. A performance driver has far more OUT arrows 
than arriving or IN arrows. The results indicator or results effect is the recipient of 
numerically more IN arrows than departing OUT arrows. Thus, it is the 
consequence or outcome of other factors or causes. The results indicator might be 
used as a diagnostic indicating that a particular condition has arisen. 

1.5.3 Cause and Effect Charts 

The cause and effect chart is a classical process control trouble-shooting tool. It has 
two functions; first, it can be used to analyse a performance problem and second, 
once the analysis is completed, it can be used to document how various 
performance problems arise. In this second role, the cause and effect chart fulfils 
the role of an archive and also a diagnostic tool that can be consulted. All these 
features of the cause and effect chart make it a powerful and flexible tool for 
performance assessment analysis. 

The main cause-and-effect chart is a fishbone chart, where the name fishbone 
relates to the shape of the chart (see Figure 1.17). The differences in the way the 
chart is constructed appear to relate only to the people interaction mechanisms used 
rather than any distinct differences in the chart itself. Andersen [1999] details two 
separate routes: 

Dispersion analysis. In this approach, the main arrow is drawn to represent the 
restriction to performance effect and then a discussion group draws in the main 
groups of problem areas and cause relationships one by one. This might be classed 
as a top-down approach. 

Cause enumeration. This might be considered a bottom-up approach for it 
begins from an all-encompassing list of possible causes of performance restriction 
or limitations. The discussion group then classifies the causes into smaller cause 
and effect groups each focusing around a main cause. Finally, they are then drawn 
on the fishbone cause and effect chart once final agreement had been reached 
within the discussion group. 

The determination of the ‘Main Category’ or ‘Main Cause’ items depends on 
context. In a general manufacturing process control environment, these items might 
be Operator, Equipment, Materials, Methods, Maintenance and so on. If the chart 
was for a specific piece of process equipment the list might read: Power Supply, 
Oil Supply, Water Supply, Sensors, Actuators, Controller Unit, and so on. Each 
category would then be subjected to close critical analysis to uncover the cause of 
limitations to achieving the desired performance. 

The cause and effect chart can be used in different ways and appears in 
different formats. If the causes associated with a main category are sequential in 
relationship, this performance can be indicated by the inclusion of directional 
arrows on the fishbone branches. Some authors discuss a process cause and effect 
chart. This is simply the provision of a cause-and-effect chart for each step or stage 
in a process sequence. In such a context a decomposition of the process into stages 
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is first required, followed by the cause-and-effect analysis archived as a fishbone 
chart for each stage. 

Figure 1.17. Cause and effect or fishbone chart 

1.5.4 Root Cause Analysis 

A different route to establishing the underlying causes of limitations or problems in 
attaining desired performance levels is that of root cause analysis. The technique 
involves persistently asking the question ‘why’ until there are no more ‘whys’ to 
ask and the root cause of a problem has been uncovered. This methodology is 
sometimes referred to as the ‘five whys’ method since it usually takes about five 
sets of ‘whys’ to achieve a result and the diagram used is referred to as a ‘why-why 
chart’.

Procedure 1.7   Root cause analysis 
Step 1 Identify the performance problem to be analysed. 

Step 2  Form a discussion group with appropriate expertise for the problem. 
Have the group establish an agreed set of main cause problem areas. 

MAIN CATEGORY  2 

Cause 21 

Cause 22 

Cause 23 

MAIN CATEGORY  1 

Cause 11 

Cause 12 

Cause 13 

MAIN CATEGORY  3 

Cause 31 

Cause 32 

Cause 33 

MAIN CATEGORY  4 

Cause 41 

Cause 42 

Cause 43 
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Step 3  For each cause set up a recursive sequence of why questions: ‘Why is 
this a cause for the previous problem?’ Repeat the why questions until the root 
cause is found. 

Step 4 The full analysis can then be archived on a fishbone cause and effect 
chart, a hierarchical block diagram or a tree diagram. 
Procedure end 

A typical example of a five-why chart is given in Figure 1.18 and a hierarchical 
block diagram for a root cause analysis document is shown in Figure 1.19. 

Figure 1.18. Five-why chart 

1.6 Performance Improvement Tools 
The tools of performance assessment analysis were devised to try and locate the 
real source of any problem that is preventing optimum performance from being 
attained. In the previous section where these tools were explained, the presentation 
was algorithmic and prescriptive. However, when reading the literature of 
performance assessment it soon becomes clear that many of these tools are 
embedded in a wider cultural approach to the problem of deriving enhanced 
performance from processes, particularly the so-called business processes. A 
significant component of these different methodologies is concerned with people 
interaction tools. Tools designed to make groups of people, often from diverse 
expert, company or organization backgrounds, work together on enhancing the 
performance of a process that passes through their individual departmental 
domains. In this book, this aspect of performance assessment is not addressed in 
any significant detail but it does seem to be important to give brief definitions of 
the broader performance improvement tools that might be of value to the process 
industry and control engineer. 

Customer dissatisfied with output product quality 

Why? Too much is out of specification

      Why? Reference changeover is not good

              Why? Controller specification is wrong 

                      Why? Damping ratio set at 0.707

                             Why? Design error – Damping 

                                   should be critically damped, value = 1 
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POOR OPERATOR PERFORMANCE 

Experience Understanding Motivation 

Training 

Technical 
support 

Practise 
Technical 
support 

Difficult 
process 
-tiring 

Low salary 

Training 
Technical 
support 

Practise No Training
No Technical 

support

No Practise 

ROOT CAUSES 

Figure 1.19. Root cause diagram 

Idealizing 
In some ways, idealizing is like constructing a benchmark process against which to 
compare the existing installed process. Idealizing involves freely constructing the 
ideal process model for a specified task. It is usual practice to construct the ideal 
process from the input of a carefully selected group of people. For an industrial 
process, this input will be expert technical input but for a commercial process the 
input is likely to be multi-departmental and hence multi-skilled. The ideal process 
that emerges from this idealizing exercise is then closely compared to the existing 
process. The target is to eliminate extraneous operations to improve performance. 

Streamlining 
Streamlining works in reverse to idealizing because the basic input is a model of 
the process as it currently exists. This model is then subjected to close analysis to 
remove unnecessary process steps and superfluous activities. In the business 
domain a close look at existing bureaucratic structures and a value-added analysis 
might be used to enhance the business process performance. In the industrial 
process domain, a material-energy balance calculation might be performed to 
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eliminate unnecessary waste or energy lost in the process. The target in both areas 
is to enhance efficiency and improve the process performance.  

Business Process Re-Engineering 
Business process re-engineering is a fully developed methodology for re-shaping a 
company’s business culture and modus operandi. Business process re-engineering 
has been defined as [Hammer and Champy, 1995] a ‘… fundamental rethinking 
and radical redesign of business processes to achieve dramatic improvements in 
critical contemporary measures, such as cost, quality, service and speed’. 

Common refrains in the literature of business process re-engineering are (a) a 
reworking the business process to do things differently and (b) the achievement of 
a large step change in business performance. An interesting table of the 
characteristic features of business process re-engineering has been given by [Bogan 
and English, 1994]. Some of these features are given here as Table 1.8 to provide a 
flavour of the movement. 

Whilst business process re-engineering has something in common with idealizing 
in that both have a clean-slate starting point, business process benchmarking has 
commonality with streamlining since both of these have a starting point in the 
existing business process structure. The concept of business process benchmarking 
is described briefly next. 

Business Process Benchmarking 
Like business process re-engineering, business process benchmarking is a tool for 
reshaping the business process culture but the procedure is quite different and 
probably less dramatic. Basically benchmarking is an exercise to find those 
practices or features that make a particular process ‘best in a class’. The key 
objectives of a benchmarking exercise are (i) to understand, define and measure the 
performance of a selected process, (ii) to select and assess a group of 
benchmarking partners and/or processes from which to derive the benchmark 
standard and finally (iii) to introduce into the benchmarker’s processes the best 
features and practices so as to enhance the business process performance.  
Benchmarking has considerable depth and promise as a methodology and for this 
reason a more detailed presentation is given in the next section. 

1.7 The Art of Benchmarking 
The general context of benchmarking was covered in Section 1.6 where it was 
explained that benchmarking is a completely self-contained methodology for 
process performance assessment and improvement. The method was widely 
disseminated in the business process domain where it is now well established as a 
tool of some considerable utility. However its basic principles are applicable to 
other domains and in particular, the process control field. As has been mentioned 
before, the presentations of benchmarking available in the literature (and there are 
many) use many of the individual tools devised for performance assessment. 
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However in this section, the presentation will emphasize the special features and 
advances of the methodology of benchmarking per se.

Table 1.8. Characteristics of business process re-engineering (after Bogan and English, 
1994)

ITEM CHARACTERISTICS 

Time factor Day one change over in business procedures 
Long term time requirement 
Effects of change measured in years 

Risks Moderate-to-high 

People factors Top-down participation 
Integration of high level teams 
Top-down, bottom-up communication 

Primary enablers Senior management support 
Business process model concept 
Vision of future state 
Best practice identification 

Range Clean-slate starting point 
Broad, cross functional scope 
Improvement change through radical breakthrough 

Tools Data collection techniques 
Process mapping techniques 
Teamwork 
Breakthrough thinking techniques 
Information technology 
Best practice benchmarking 

1.7.1 Benchmarking – An Introduction 

A benchmark process or quantity is considered to be the ‘best in a class’. Thus a 
simple classification of benchmarking methods is based on how the ‘in a class’ 
aspect of the method is defined; this leads to four main benchmarking types. 

Internal benchmarking. This is a comparison of processes against the best from 
within the same organization, whether it be one factory site or across many sites 
within the same organization. 
Competitive benchmarking. This is a comparison made across a group of 
competing organizations. The benchmark process could be the best from all of the 
participating organizations or it could be the process from the organization deemed 
to be the competitive leader within the group. 
Functional benchmarking. This is a comparison made across organizations whose 
processes have similarities and belong to the same technological domain. The 
organizations need not necessarily be competitors but should be world-class in 
their own field. 
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Generic benchmarking. In this form of benchmarking, an organization compares its 
processes and practices with the international leaders irrespective of whether or not 
the organizations are in the same commercial or industrial area. 

Internal benchmarking is quite common for companies that have the same process 
being run and operated at several different (international) sites. By completing an 
internal benchmarking study a company can hope to have all its processes using 
the same procedures, the same best practices, and achieving the same level of 
internal company performance. To do internal benchmarking means a company-
wide sharing of internal information but for competitive benchmarking, directly 
competing organizations have to agree to share what could be highly sensitive 
commercial information. The transfer of information necessary for competitive 
benchmarking may be difficult to achieve but the advantage to the laggards in the 
field should not be underestimated. However, it should also be noted that 
competitive benchmarking is ideal for fields where competition in the commercial 
sense is not an issue. For example, not-for-profit organizations like hospitals and 
government departments with services like the post, pension distribution, library 
services and so on would find great benefit from competitive benchmarking. 

In cases where competitive benchmarking is limited by proprietary information, 
a more realistic exercise could be functional benchmarking on similar 
technological processes. For example, many large scale commercial and 
manufacturing organizations run supply chains, logistics for material supply, 
furnace and heating operations, and other similar operations. Functional 
benchmarking is ideal for these types of common processes. Finally, generic 
benchmarking is best for those higher-level operations and decisions relating to 
corporate issues rather than the processes active lower down in the hierarchy of 
company operations. 

Having defined the ‘class’ over which benchmarking can be pursued there is also a 
classification of what process aspects can be benchmarked. Generally three areas 
are defined for the benchmark exercise. 

Performance benchmarking. This is a comparison of performance measures for a 
specific process. The measures are usually numerical metrics describing how well 
a process is achieving an objective quality level. 
Process benchmarking. This is benchmarking at one level up in the operational 
hierarchy and looks at the complete process sequence. It is a performance 
assessment of how to operate a process and from such an exercise best practice 
procedures and techniques emerge. The human element in the shape of process 
operators and process support staff is often an important aspect of process 
benchmarking. 
Strategic benchmarking. This is up one level above process benchmarking and 
enters the managerial and corporate domains within an enterprise’s activities. The 
comparison in strategic benchmarking concerns the higher-level decision-making 
processes and the information flows that support these decision activities. 



36 Michael Johnson and Dale Seborg 

In summary, Table 1.9 shows typical combinations of benchmarking types, and the 
next section provides an overview of the kind of activities that take place in a 
benchmarking study. 

Table 1.9. Combinations of benchmarking types 

Internal Competitor Functional Generic 

Strategic N/A

Process  N/A 

Performance  N/A N/A 

1.7.2 Activities in a Benchmarking Study 

In a survey of typical benchmarking steps, Bogan and English [1994] listed the 
Motorola Five-Step process, the Bristol-Myers et al. Seven-Step process, the 
Xerox Twelve-Step process, and the AT & T Nine-Step process as examples of 
company proven benchmarking cycles. It is not surprising that with so many 
recipes for success, the U.S. Strategic Planning Institute (SPI) Council on 
Benchmarking proposed a standardized benchmarking cycle based on the five-
steps: Launch, Organise, Reach Out, Assimilate and Act. It was suggested that this 
SPI five-step cycle be taken as a template to be tailored to individual company 
requirements. With the requirements of the process industry in mind, the cycle 
described here is a minor modification the five-step benchmarking wheel due to 
Andersen and Pettersen [1996] as shown in Figure 1.20.  

A brief explanation of the various stages in the cycle follows next. 

Step 1  Plan and Model  
The planning part of this activity simply covers the logistic and organization of 
setting up and running a benchmarking study. An early decision is to decide the 
type of study to be performed ranging from process – internal to strategic-generic 
(Table 1.9). The very nature of the benchmarking study selected will impact on the 
administrative steps necessary to gain study support (from higher management and 
others) and the necessary permissions to perform the site visits, data collection 
activities and to initiate the level of communication and information exchange 
needed for a successful study. Setting up an appropriately skilled benchmarking 
study team is also part of this planning activity. The detailed focus of the 
benchmarking study will emerge as the process model is documented and decisions 
are taken on the key performance assessment measures to be used in the study. 
Andersen [1998] estimates that around 50% of the total project time will be spent 
in this first step. 

Step 2 Search 
The extent of the search portion of the benchmarking study depends on the type 
(viz. internal, competitor, functional or generic). Whatever the benchmarking 
ambitions of the study instigator, they have to be tempered against the very real 
problems of accessing possibly commercially sensitive information. This activity 
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then is all about acquiring suitable partners for the benchmarking exercise and 
books like those due to Bogan and English [1994] and Andersen and Pettersen 
[1996] have helpful guidelines on selecting benchmarking partners. 

4. Analyse 
and

Propose

1. Plan 
and Model

2. Search 

3. Observe 
and 

Measure

5. Implement 

Figure 1.20. Benchmarking wheel (after [Andersen and Pettersen, 1994]) 

Step 3 Observe and Measure 
The establishment of a process model along with a set of performance assessment 
metrics should make the tasks of understanding similar process installations, and 
measuring the performance relatively straightforward. Thus, the common process 
model has a normative effect on terminology, data collection, and the comparisons 
to be performed. 

Step 4 Analyse and Propose 
The analysis exercise involves locating and understanding the barriers to 
performance achievement. In section 1.5, a toolbox of techniques was described for 
the task of analysing the performance data collected in Step 3. Less clear is the task 
of proposing methods to remove or eliminate the identified barriers to performance 
achievement. In the main, the solution proposed will depend largely on the context 
and type of process under investigation. Nonetheless out of Step 4 should come 
recommendations for change and performance improvement. 

Step 5 Implement 
The last step of the benchmarking cycle is to implement the improvement 
recommendations. However, depending on context this will range from 
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straightforward acceptance and process upgrade to ‘not possible’ and then devising 
a compromise or trade-off implementation. 

Finally, why is it a benchmark wheel? The assertion is that performance 
assessment and improvement is never finished and that companies should always 
have in place mechanisms to advance performance achievements continuously. 

1.7.3 Benefits of Benchmarking Studies 

In a recent book, Camp [1998] collected together a number of international 
benchmarking studies and described the benefits that were obtained. This set of 
case studies provided a valuable insight to the way different companies performed 
benchmarking exercises. Although the studies are not all documented to the same 
level of detail, some of them do permit a methodological analysis. Table 1.10 
shows the type of benchmark studies performed by six organisations. Also listed 
are the types of analysis tools used and the concomitant benefits obtained. 

A common (but surprising) refrain from most of the studies reported in Camp 
[1998] is the benefit gained from a benchmarking exercise of learning exactly how 
the process investigated actually works. Process and control engineers would 
probably be quick to comment that this is also invariably the outcome of a process 
control modelling activity. It was noticeable that those studies that produced a 
detailed process flowchart or process block diagram were more likely to use 
rigorous process performance assessment tools like the cause and effect diagram 
and cite quite precise performance improvement outcomes. 

An assessment of the benchmarking literature leads to the following benefits 
and outcomes of company benchmarking studies. 

Local and Immediate Benefits 
Leads to improved values for performance metrics and lower cost positions. 
Provides a better understanding of how the actual process operations work 
in the plant. 
Introduces new best practice ideas and work methods. 
Tests the rigour of established internal performance target values and 
operational procedures. 

Wider and Longer Term Benefits 
Introduces new concepts to the process owners and operators and presents a 
collaborative learning opportunity.
Opens up dialogue channels within and between organizations, departments 
and the process owners and operators.
Improves employee satisfaction through involvement and empowerment.
Creates an external business view of process operations.



Benchmarking Concepts: An Introduction 39 

Table 1.10. Analysis of benchmarking study characteristics (Data sourced from Camp, 
1998)

Company Process Benchmark 
Type 

Analysis 
Tools Used 

Benefits
Claimed

Sector - Manufacturing 

Allied Domecq Information 
Delivery 

i)  Strategic 
ii) Functional 

Matrix
diagrams
Team 
Discussions 

Critical Review 
of success 
factors 

NITT, India Hardware 
Procurement

i)  Process 
ii) Competitor 

Brainstorming
Tabular data 
analysis 

Cycle time 
reduction.
Overruns
elimination. 
Better 
organization

Ingwe Coal 
Corporation

Continuous coal 
mining
operation

i)  Process 
ii) Internal 

Cause + Effect 
Chart
Histograms of 
Performance
data

Process better 
understood
Able to remove 
operational
obstacles to 
performance

Sector – Not-for-Profit 

Northern New 
England 
Cardiovascular 
Disease Study 
Group

Cardiac Surgery i)  Process 
ii) Competitor 

Cause + Effect 
Chart Tested 
Improve
Process Sheet 

Improved
healthcare 
procedures

Sector - Government 

Post Office, UK Supply Chain i)  Process 
ii) Generic 

Site Visits  
Data Tables 
Streamlining 

Understanding
of Process + 
Holdups

Sector - Education 

Babson College Student 
Enrolment 

i)  Process 
ii) Competitor 

Questionnaires 
CSF Analysis 

Understanding
of Process. 
Best practices 
identified 

It should be fairly clear that the local and immediate benefits of benchmarking 
studies are mostly quantitative in nature whilst the longer-term outcomes are more 
broadly qualitative and cultural. 
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1.8 Concluding Discussion 
This review of the prevailing paradigm of business process performance 
monitoring, assessment and improvement reveals an interesting picture of a 
toolbox of techniques that are used to underpin some holistic performance 
improvement methods and philosophies. A diagrammatic representation of this is 
given in Figure 1.21, where the toolbox contains ‘People Techniques’ and 
‘Technical Methods’. In this chapter, although reference is often made to the 
‘people’ dimension in planning and performance matters, no in-depth presentation 
of this special area has been made. One interesting observation is that two 
important techniques in this toolbox, statistical process control and cause and effect 
analysis are well known to process and control engineers. Finally the concept of 
the business process and the consequences that follow should provide inspiration 
for the process and control engineering community to devise a similar toolbox for 
technical process performance improvement. 

TOOL BOX 

People Techniques 

Brainstorming 

Nominal groups 

Affinity charts 

Team methods 

Quality circles 

Concurrent 
Engineering 

Technical Methods 

  Process models 
Relational maps 
Flowcharts 

  Performance Measures 
Criteria testing 
Benchmark metrics

  Performance Assessment 
Spider charts   
Performance matrices 
Trend charts

More technical methods 

Performance Monitoring 
    Statistical Process Control 

Performance Assessment 
Analysis 
Critical incidents analysis 
Pareto charts 
Relational diagrams 
Cause and Effect diagrams 
Root Cause analysis

Idealizing Business Process Re-engineering
Streamlining  Benchmarking studies

USED 
IN

Figure 1.21. Performance improvement toolbox 
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2.1 Chapter Outline 
In this chapter, a method for integrating the use of the benchmarking and 
optimisation algorithms with economic process control auditing is discussed. The 
focus of the methodology is to selectively target process control loops with 
economic importance for benchmarking and optimisation. The method is a step by 
step approach to prioritising control loops according to economic importance and 
then benchmarking and optimising the necessary loops. 

Section 2.2 discusses a framework for process control benchmarking at the 
different layers of the process hierarchy and reviews some of the properties and 
characteristics of performance assessment metrics at each layer. Section 2.3 
discusses the motivation for integrating process control benchmarking and 
optimisation with process economic control auditing and provides an integrated 
control and process revenue and optimisation (ICPRO) framework as a template 
for conducting process control audits. In Section 2.4, the integrated control and 
process revenue and optimisation framework is used to evaluate an industrial case 
study example. The case study example involves three offshore oil production 
platforms. The results and recommendations from this industrial case study are 
presented. In Section 2.5, some of these results are used to optimise a sub-system 
on one of the oil production platforms. Conclusions are presented in Section 2.6. 

2.2 Formal Framework for Process Control Benchmarking 
Metrics
In complex control systems, such that can be encountered in living organisms or in 
large international organizations, goals are typically arranged in a hierarchy, where 
the higher level goals control the settings for the subsidiary goals. Such 
hierarchical control can be represented in terms of the process control schemes 
above level 0, as in Figure 2.1. The goals at the lower levels of the hierarchy 
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become the result of an action, taken to achieve the higher level goals. In general, 
in the presence of a stochastic disturbance, a control loop will reduce the variability 
of the loop output, but will not be able to eliminate all the variations. Adding a 
control loop on top of the original loop may eliminate the residual variety. 
Therefore, the required number of levels in the control hierarchy will depend on 
the regulatory ability of the individual control loops. On the other hand, increasing 
the number of levels has a negative effect on the overall regulatory ability, since 
the more levels the feedback and control action signals have to pass through, the 
more they are likely to suffer from noise, corruption, or delays. As each device in 
the control hierarchy impacts composite performance of the units below it in the 
hierarchy, the more layers of hierarchy in a control scheme the greater the 
possibility that a degradation in performance of a device at the top of the hierarchy 
will result in a substantial reduction in the performance of the process. Because of 
this, control professionals have always sought to maximize the regulatory ability of 
layers 1 and 2 and thus minimize the number of requisite layers required to achieve 
the overall process objective.  
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Figure 2.1. Hierarchy of Process Control 

This may explain why predominantly the development and use of control 
performance assessment and benchmarking applications have centred around 
Levels 1 to 2 of the Process control hierarchy. The applications for use in 
Regulatory Loop Control (Level 1) assessments are by far the most commonly 
available commercially and have been the core of research and developments 
efforts over the decade. Because the characteristics of Levels 1 to 4 are different, 
some of the factors governing benchmarking and performance considerations at 
each of these levels are also different. Fundamental to the appropriate application 
of benchmarking applications and to effective utilisation of the results from any 
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benchmarking exercise for process and product improvements, is to have an 
understanding of the different properties of benchmarking and performance 
assessment criteria required at each level in the control hierarchy and how these 
criteria relate to each other. 

From Figure 2.1, the process control can be partitioned into a top level where 
process units are globally coordinated, a unit level where a complex process unit is 
operated seamlessly within the global process line and a sub-unit level where the 
intra-unit regulator operates autonomously. Overall process control itself can be 
represented as a combination of levels within the layers of an organisation's 
business process. The process control hierarchy in Table 2.1 describes the technical 
processes which intersect with the business processes at the lowest three levels 
(Process, Information and Economic) of the business organisation hierarchy. 

Table 2.1. Business/Process Control intersection 

Layers in Business 
Process/Organisation

Cultural
Level

The Company 
goal

Strategic 
Level

The Company 
strategy 

Social     
Level

Staff relations, 
Teams 

The Industrial Control Hierarchy 

Economic
Level

Profitability, 
Resource usage 

Informatio
n Level 

Information
flow system 

Level 4 

Level 3 

Level 2 

Load management

Set-point
optimization 

Dynamic set-point 
changeover 

Process line interface 

Process unit top level 
management

Automated unit level 
procedures

Process  
Level

Process 
instrumentation,
Technical 
system 

Level 1 

Level  0 

Regulator loop 
control

Process 

Low level control 
structure and controllers 

Actuators, process 
equipment, sensors 

Table 2.2 shows a framework for classifying the benchmarking requirements at 
the different layers of the business process. At the “Process” and “Information” 
levels, the benchmark and optimisation process is dominated by the definition of 
local performance metrics, technical optimisation criteria and controller design and 
performance, and is less influenced by the social-psychological interactions of 
operators and/or team work groups. At the Economic level, the benchmarking and 
optimisation process is dominated by definitions of global performance metrics, 
process objectives, business operation strategies and optimisation procedures. 
Performance metrics are of two types: 
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Product Performance Metrics : These are quality variables of the process 
product or output. 

Process Performance Metrics: Those variables which indicate if the 
process is operating in a desired way when manufacturing the product or 
output. 

Table 2.2. Framework for control benchmarks 

INDUSTRIAL CONTROL BENCHMARK FRAMEWORK 

LEVEL FEATURES 

Economic Level 1. Discrete event characteristics 
2. Dependence on operator interaction 
3. Social-psychological factors 
4. Process unit interaction and inter-dependence 
5. Qualitative/Quantitative performance 
6. Global economics 

Information 
Level

1. Quantitative performance 
2. Some qualitative performance factors 
3. Performance depends less on operator skills 
4. Technical and design factors important 
5. Market demand and supply and economic factors 

Process Level 1. Quantitative performance dominates 
2. Little operator dependence 
3. Performance has a high dependence on technical and design 

factors 

The key features of a performance metrics should be: 
1. The performance metric should be physically and technically meaningful for 

the process being assessed.  
Thus the metric may capture and measure the presence of a desirable 
physical property or measure an economic dimension of the process. 

2. The performance metric should preferably be amenable to an optimisation 
analysis to enable the full achievable optimised performance be computed.  

The extension of this is that the achievable optimised performance in the 
presence of structured design and implementation constraints should be 
calculated.  

2.2.1 Goals of Benchmarking 

The first thing in considering the application of benchmarking and the appropriate 
strategy for the potential optimisation of the system under test, is to set out the 
goals of the levels to which the system is associated. The goals of the most 
prominent of these levels can sufficiently be summarised as: 

1. Company:  To continuously generate a healthy and increasing profit from 
the production and sale of the range of products. 
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2. Engineering process:  To realise the company goal, by creating a 
continually improving technical environment for the efficient manufacture 
of the required products. 

3. Control system:  To implement the company and engineering goals by 
ensuring a safe and optimal means of increasing /maintaining a consistent 
production rate and product quality while simultaneously decreasing 
operational costs, plant downtime and maintenance costs. 

2.2.2 Principles of Benchmarking 

Goldratt [1993] considered the problem of optimising the performance of the entire 
manufacturing process, which may be made up of numerous control loops. That 
work is useful in developing a summary of principles to ensure that in conducting 
any benchmarking exercise, the exercise is structured in such a way as to actually 
result in a routine for performance improvements. Some of these principles 
include:  

1. In a multivariable process, where interaction exists between the process 
loops, optimising each loop independently of all others does not ensure that 
the overall process is optimal. (“A system of local optimums does not 
necessarily translate to a globally optimal system”).

2. Benchmarking the performance of individual loops in the process gives a 
measure of how far from a local optimum an individual loop may be, it 
does not say anything about the overall performance of the process and 
how far the process is from a global optimum. 

3. The global performance of the process will be predominantly determined 
by the performance of constrained loops. Constrained loops are loops that 
have some physical, environmental or user imposed limitations applied. 

4. To reach a global optimum, the ideal working point for loops with 
bottlenecks identified as key to the process objectives will most likely be at 
the constraints, the operation and performance of all other loops must allow 
for these limitations. 

5. For global process-wide optimisation to be achieved, the control objectives 
must be derived from the management and process objectives. 

2.3 Framework for Integrated Control and Process Revenue 
Optimisation  
The traditional literature on benchmarking [Codling 1992, Andersen and Pettersen, 
1996], has been mainly concerned with business processes rather than the problems 
of operating and controlling physical/mechanical/chemical process lines or 
factories. On the other hand, the conventional literature on process optimisation 
[Huang and Shah, 1998; 1999, Desborough and Harris, 1993] has been more 
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concerned with technical performance metrics and control loop performances but 
not with the financial and economic aspects of the physical process.  

There is a link between the economic performance of a business and the control 
performance of the technical process related to this business. The existence of this 
link has been documented by Rolstadas [1995] and Ahmad and Benson [1999]. In 
trying to establish and understand what exactly the relationship between economic 
performance and the control performance is, and how it works, a high level 
analysis of how the performance of the control system in an oil production facility 
influences the financial returns of the business will be done. The analysis will be 
conducted with the aid of the Return on Net Assets (RONA) business benchmark 
model as documented in a review of integrated performance measurement systems 
[CSM, 1997] in Figure 2.2.  
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Figure 2.2. RONA performance benchmark 

The oil production facility belongs to a hydrocarbon exploration and production 
petroleum company whose business process can broadly be defined as the 
production and sale of crude oil and associated products from recovered reservoir 
fluids. To achieve this goal the company has designed and built a number of 
reservoir fluid processing platforms, whose aim is to separate the commercial 
product in the reservoir fluid from the waste products. Each platform has a specific 
daily processing capacity.  

To demonstrate the effect of process control on the economics of the business, 
consider how the process control of the platform directly influences some of the 
elements on the RONA tree as described in Figure 2.2 

1. Production Cost 

The performance of the process control system on the oil platforms affects the 
efficiency of the overall process. The more efficient the production, the greater the 
ratio between the profit obtained from the products of the process and the 
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production cost. In addition, in some cases, it can be shown that the efficiency of 
production has a direct impact on production costs.  

2. Selling Expenses 

Some of the expense involved in selling the derived crude oil and associated 
product come from the transportation and processing tariffs the company pays for 
sending the crude oil to export terminals through third party pipelines and for 
onshore processing of its gas products. The charges of these tariffs are calculated 
per km of pipeline used and per tonne of gas. The process control system ensures 
efficient separation of commercial products from waste products ensuring that 
additional transportation and processing charges / or penalties are not incurred for 
sending unwanted waste products down the pipelines to the processing facilities. 

3. Sales

The amount of commercial product sold by the company is directly related to the 
production rate of its platforms. One of the functions of the process control system 
is to try and maintain the rate of production at a level specified by the design of the 
platforms. An optimal control system will ensure a rate of production that is close 
to the designed capacity. 

4. Earnings 

The revenue received by the company from the sale of its products depends on the 
quality and quantity of these products. The quality of the products depends on the 
process units on the platform operating to the specification to which they were 
designed. The efficiency at which these process units operate and hence the 
product quality depends, in some measure, on the process control system. 

5. Current Assets 

The major assets of the company are its reservoirs, oil wells and platforms. The 
task of maintaining these assets and ensuring maximum recovery of reservoir 
fluids from the wells, inherently rests on the process control and fault and 
condition monitoring systems. 

Clearly the control system performance is interwoven with the economic 
performance of the business. Over the last 20 years there has been substantial 
progress in control system design and applications, some of which has great 
potential for improving process performance. However the capital expenditures 
required to implement these advanced technology solutions (installation, 
commissioning and support) are high. Therefore, what is required is a 
method/systematic procedure for selecting those processes where implementation 
of the new control technologies would have the greatest impact. This would limit 
the capital expense whilst maximising the revenue generated. An integrated 
approach to process revenue optimisation using advanced control or knowledge 
based expert systems can then be used to directly target specific areas in a 
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production process where optimisation of the process unit will have substantial 
financial benefits in the revenue received. 

2.3.1 Integrated Control and Process Revenue Optimisation (ICPRO) Method 

The integrated control and process revenue optimisation approach is a means for 
identifying areas (bottlenecks) where advanced control and optimisation 
technology can have a marked effect on process revenue. This method requires that 
before any benchmarking analysis or control redesign is undertaken, either an in-
depth plant auditing involving management, process and control objectives is 
carried out or information resulting from such an audit is available.  

The approach identifies five steps as being critical to determining the sector of 
a process that not only has the necessary degrees of freedom for optimisation but 
also has direct impact on the financial returns from the process. These five steps 
can be defined as: 

Step 1: Profile and Operations Assessment  
The control engineer who wants to practise benchmarking must have a thorough 
understanding of:  

The critical business processes and products.  
The critical engineering factors for product objectives.  
The best measurements that will provide information on key performance 
indicators.  

The linkage of the business process to the engineering process is critical to 
effective benchmarking. The process of control performance benchmarking must 
fit into an economic revenue improvement framework. The idea is that by using 
information about financial impact it is possible to detect the critical engineering 
processes and related control loops that are worth investigating. The results from 
the Profile and Operation Assessment should be used to design the scope and 
requirements for the actual benchmarking project.  

Considering the multifaceted set of skills required to conduct a successful top 
down benchmarking and optimisation project, it is best to approach the 
benchmarking as a team effort. Team members need access to sensitive 
information on company production and operational targets and it is sometimes 
useful for the project to have a sponsor with a high level of seniority within the 
company and involve the staff with substantial knowledge of financial, engineering 
and the process dynamics. The benchmarking team needs to:  

Understand the critical processes and how they are measured.  
Decide what kind of data is needed and how this data will be collected.  

The Profile and Operations Assessment provides insight into key company 
financial objectives and the engineering processes in the organization that address 
those objectives. At the Profile and Operations Assessment stage, the procedure 
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involves understanding the company’s business strategy. Next, it should be decided 
what measurements are required from those areas of company’s operation from 
which financial benefits of the process accrue and capital expenditure or losses 
occur. Prime factors are: 

Product quality 
Production rate 
Raw material acquisition 
Plant operability 
Plant availability 
Power consumption 
Maintenance cost 

Global benchmarks should be created and analysed for the entire process. A set of 
metrics for each of the objectives that the entire process aims to achieve (quality, 
economics and security) should be defined. Using present business and operating 
conditions, a set of values for the global metrics should be stored. The type of 
measurements (or metrics) chosen have to be useful and easily calculated e.g. 
production rates, hours of continuous operation, quality specifications.  

Step 2: Process and System Assessment 
The Process and System Assessment stage is where the benchmarking team 
profiles the underlying engineering process. A key step in the Process and System 
Assessment stage is using process and instrumentation diagrams so that the 
benchmarking team understands the processes and how they can be controlled and 
performance measured, both in the control terms and in management terms.  

The purpose of Process and System Assessment is to:  
Identify processes as candidates for benchmarking.  
Establish the metrics to be used. 
For the chosen metric collect baseline data of the process variables that can be 
used as a calibration point for comparing the performance of the system before 
and after any retuning. 

Identifying potential processes for optimisation is another step in the Process and 
System Assessment stage. It is always best to develop a list of three to five 
potential process units for benchmarking. Some of the potential process units may 
not be feasible for benchmarking on closer inspection, or may not fit within the 
allotted time-frame, others might not have the right sensors and instrumentation to 
gather data about the necessary variables.  

This stage involves the identification of the important sub-processes, process goals, 
major control loops and control objectives. The bottlenecks existing within the 
process units that limit efficiency and productivity should be clearly identified and 
where possible, the sub-processes and control loops involved should be noted for 
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measurement and data analyses. It is essential to obtain substantial knowledge 
about the company’s process and control model, objective and strategies. This 
information can be acquired directly from staff with substantial knowledge of 
process and control operations and dynamics. A review of plant piping and 
instrumentation diagrams, operations chart and reports and maintenance reports 
can also help to provide a very clear picture of the physical process. 

Before collecting a lot of data for an extensive benchmarking and analysis 
exercise, the benchmarking team needs to collect baseline data about the processes. 
This data can be current or archived records that show an extended period of 
normal plant operation with acceptable performance limits. Collecting this data 
will refine the measurement process and help develop the final set of metrics and 
application to be used in the benchmarking effort. The kinds of benchmark 
application and metrics chosen have to be compatible with the dynamics of the 
process and the performance to be assessed. For instance, there is no point in 
choosing a benchmarking application which relies on variance in a process to 
compute performance indicators if the process is relatively noise-free. 

These local baseline benchmarks may sometimes be obtained by analysing the 
levels/units inside the process and finding a set of metrics that measure the 
performance of each level/unit. Using current operating conditions, a set of values 
for local metrics should be recorded. Also control loops within sub-processes that 
are either problematic, inefficient or that could be optimised should be noted. 

Step 3: Correlation of Financial Benefits and Control Strategy 
The Financial Benefit and Control Strategy Correlation stage is where the 
benchmarking team begins the process of linking control objectives and controller 
tuning to the organization's strategic goals. The benchmarking effort should be 
focused on those control loops that are most important. At this stage the correlation 
between subsets from which revenue accrues and sub-processes or groups of sub-
processes within the system should be established. One way to determine the 
relative importance of loops in process units is to develop a list using the 
information already obtained from the previous stages:  

Correlation List

1. State the mission, purpose or goal of the process or manufacturing 
operation. 

2. List the process units associated with each of the above.  

3. Identify major process units by the value or volume of their outputs. 

4. Identify which processes add the most value and which add the most cost.  

5. List the major enablers, bottlenecks and constraints for: production, quality 
and availability. 

6. Identify which control loops affect these enablers, bottlenecks and 
constraints.
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When an opportunity to enhance a company’s financial objectives is identified, the 
engineering processes that can directly fulfil that objective can be considered as 
critical processes. The idea is to only benchmark critical processes, identifying 
weak critical processes that can give the most leverage when improved. Once this 
correlation exercise is done, a mapping between the related control loop and 
process groups should be produced. It is essential to analyse the control loops 
within these sub-processes, to determine if the provided control structure or 
algorithm is suitable.  

Step 4: Optimality Assessment  
At the Optimality Assessment stage the focus is on checking the process variables 
to determine if there exist any additional degrees of freedom by which the control 
action can be improved. An evaluation of the optimisation potentials at the 
regulatory, multivariable and supervisory levels of control hierarchy should 
highlight the optimisation strategy required.  

Clearly defining how the evaluation process will be done, helps to define the 
data required and using lessons learned during collection of data for the baseline 
should help to refine the measurement process and develop the final set of metrics 
to be used in the benchmarking effort. There are measurement pitfalls to avoid as 
well. The benchmark team needs to have consistent collection methods (sampling 
rates, quantisation and compression methods for similar types of loops). The 
proper aggregation levels for data must be specified and the data units and intervals 
should also be specified to make comparison easier during analysis.  

Although benchmarking stresses the use of the "best in class", often this has to 
be tempered with other factors, such as process dynamics, obtainable data, costs 
(interruption of normal process operation, model development, etc), time, and 
multidimensional process relationships. Analysing the benchmark performance for 
each identified loop or group of loops can be done as an isolated event or as an 
event trended over a period of time. Either method (or both) may be appropriate for 
the process being studied. When cost, productivity or quality is the metric under 
study, sometimes it is useful to look at the historical trend as well as the current 
performance. The benchmark metrics obtained should be used to determine if 
improving control action will influence/improve revenue. Note that benchmarking 
and optimisation criteria may be mathematical or intuitive in nature.  

Step 5: Control System Adaptation 
Benchmarking is about improving processes, and as such it requires a structured 
approach to discussing, assessing and implementing any change to the system that 
may be necessary as a result of the benchmarking analysis. The benchmarking 
team must be aware of this, before the adaptation phase is commenced, the 
following change management techniques should be employed:  

Communicate the benchmark findings widely.  
Involve a broad cross-functional team of employees (production, process, 
control and management).  
Translate the findings into a few core principles.  
Work down from principles to strategies and to action plan.  
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Each process has a process "owner," and process owners and other stakeholders 
need to have a voice in the changes recommended. Before developing control 
strategies, it is important to communicate with all who might be involved in the 
change. Communication can follow the following change management pattern 
[McNamee, 1994]:  

Identifying the need for change.  
Getting stakeholders to voice their opinions about the change.  
Providing a forum for all to discuss the methodology, the facts, and the findings 
from the benchmarking effort.  
Communicating the expectations about the changes.  
Building commitment for the change.  
Getting closure; celebrating the change.  

In reaching a recommendation for a change of control strategy or design, the 
analysis of the collected benchmark data should expose the gap between the 
process performance level and the optimal level as suggested by the benchmark 
metric, and predict where the future gaps, constraints, and bottlenecks are likely to 
be. From the analysis of the benchmark results a decision on the need for retuning 
or redesign of the control strategy must be reached. The benchmark application 
used will determine the optimisation criteria that will enable full achievement of 
any benchmarking objective.  

This means that, because of technical or business constraints, it is possible that 
a re-tune of the existing controllers might not result in the performance desired and 
more advanced solution involving process re-design might be required. Note that 
the decision to use an advanced control design involves the use of process models 
which involves additional costs. Where possible the use of simulations to compute 
the improvement in performance between present control strategy and the proposed 
strategy is most desirable. The results for the simulated global and local metrics 
obtained using the proposed strategy should be compared against the stored 
baseline metrics. The benefit of the proposed strategy must be clearly visible 
before any decision to change the current system setup is implemented. 

The five steps in the ICPRO audit process should be considered adaptable and are 
intended to act as a guideline only. When applying this or any other the 
performance auditing /improvement method it is important to remember that the 
benefits are only obtained if the procedure is repeated at regular intervals. 

2.4 Case Study: Oil Production Platform
To illustrate the above concepts and to place the controller performance assessment 
within the framework of plant wide productivity audit, the results and analysis 
from an industrial feasibility study conducted by Strathclyde University on the 
financial benefits of implementing advanced control on an oil platform [Grimble 
and Uduehi, 2001] are utilised. The company at the centre the study is involved in 
oil and gas exploration and production. The aim of the project was to examine the 
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operation of the company offshore production platforms and determine if 
implementing some form of advanced control system would improve production, 
and therefore result in a significant revenue increase.  

The feasibility study was divided into two stages. Stage one comprised an 
economic control audit and benchmarking exercise to include: 

Reviewing the company financial strategies as regards the offshore oil 
production platforms and their products, 
Reviewing the production platform process and control operation from an 
economic perspective to determine if there exist any financial gain in 
introducing advanced control. 
Identifying areas within the process that can be optimised using advanced 
control to yield some financial benefit. 

Depending on the results of economic control audit in stage one, stage two would 
be a quantification and implementation exercise that would include: 

Quantify any financial gain from the identified list of potential opportunities, 
Derive any change management strategy that might be required, 
Review the advanced control optimisation packages, and recommend those 
packages that are offering the best application fit for building advanced control 
systems. 

The benchmarking team was sponsored by the Production Manager and included 
staff members from each of the following divisions in the company: Process, 
Control, Production and Finance. There were three additional members of the team 
with benchmarking and control optimisation expertise from a university and a 
consulting company in charge of the feasibility study. The economic control audit 
was performed and the information about the company and its engineering process 
and the resulting recommendations was obtained by using the ICPRO approach. 
Some additional insight was developed from meetings and briefings by various 
company staff members from the Reservoir Management, Production, Control, and 
Process and Forecasting departments. 

2.4.1 ICPRO Step 1: Profile and Operations Assessment 

The company's prime concern is the production and sale of crude oil and associated 
products. The company has three oil platforms called here: Platform A, Platform B 
and Platform C. These platforms manage the production of crude from sub-sea oil 
wells. The crude oil and associated products are then transported by pipeline to 
onshore terminals for processing before being sold. The company is charged a 
tariff per km for using other operator pipelines to export their products. The Raw 
products from the company platforms can be classified as: 

1. Black oil 
2. Natural gas liquids (NGL) 
3. Condensate 
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4. Gas

The Company generates revenue by the sale of its products, the quantity and 
quality of the products thus influencing the amount of revenue received. The 
finished products are: 

1. Stabilised crude oil 
2. NGL
3. Sales Gas 

(a) Stabilised Crude Oil

Black oil is produced on the company’s platforms and processed at onshore 
processing facilities. It is sold by the barrel, as stabilised crude oil. The price of 
stabilised crude on the world market and the quality of the crude determines the 
price received for each barrel. Its base sediment and water (BS&W) content 
determine the quality of the stabilised crude. There is no regulation/restriction on 
the amount of stabilised crude the company can sell in any given month. 

(b) Natural Gas Liquid

The Natural Gas Liquid produced by the company is sold by the tonne. The price 
received per tonne of NGL is determined by the price of its components on the 
world market and the quality (composition) of the NGL for the month. There is a 
regulatory procedure for the sale of Natural Gas Liquid. This procedure can be 
summarised as follows: 

1. 100% of monthly production of NGL must be lifted (i.e. sold). 
2. Lifting is based on forecast production of NGL. 
3. If there is under lift (less than 100% of production lifted), then the excess 

is stored and sold based on next month’s prices. 
4. The forecast production and actual production may differ. 
5. The NGL component prices are released on the first day of every month. 
6. The NGL is sold/lifted on the 15th of every month. 

(c) Sales Gas 

The Sales Gas produced by the company is sold by the tonne. The price received 
per tonne of NGL is determined by the price of sales gas on the world market and 
its quality (Gross Calorific Value) for the month. There is a sales contract in place 
that regulates the sale of Sales Gas. This contract can be summarised as follows: 

1. Carbon Dioxide content less than 1 mol % 
2. Gross Calorific value:  36.9<GCV<42.9 MJm-3

A substantial percentage of the monthly revenue comes from the sale of stabilised 
crude oil. This is produced in greater quantities and provides a higher financial 
return than the other company products. All three platforms A, B and C are 
designed to process crude oil, gas and liquids. Amongst the three platforms, A, B, 
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C, Platform A produces the largest quantity of stabilised crude oil, and Platform B 
produces the largest quantity of Gas, NGL and condensate. 

2.4.2 ICPRO Step 2: Process and System Assessment 

The platforms are designed to produce and process reservoir fluids. Each of the 
platforms is uniquely associated with a number of wells /reservoirs from which 
reservoir fluids are recovered and processed into black oil, NGL, sales gas and 
condensate. The process system can be divided into two subsystems. 

wells production platform 

Figure 2.3. Production reservoir 

1. Reservoir system

The reservoir system is depicted in Figure 2.3. It consists of the Reservoir, 
Production wells and re-injection wells. The reservoir system provides the raw 
materials (reservoir fluids) that are processed in the topsides system. Three 
reservoirs and their uniquely associated production wells and gas injection wells 
service the platforms. Although the reservoirs are distinct, there is a level of inter-
connectivity between them provided by the underlying rock formation. This 
introduces a level of multivariable interaction into the reservoir system. The 
reservoir and the well characteristics depend not only on the temperatures and 
pressures existing within the wells and reservoirs but also on the nature and 
geological topography of the underlying rock formations that surround them. There 
is a level of interaction and recycling between the reservoir system and the topsides 
system. The result of this interaction/recycling is that disturbances or events in the 
reservoir system affect the dynamic operation of the topside system and vice versa.

2. Topside system 

The topside process system provided on the platforms can be divided into four 
basic groups: 

a) Wellhead system 
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b) Separation systems 
c) NGL systems 
d) Gas compression systems. 

Figure 2.4. Production platform christmas tree and wellhead assembly 

a)  Wellhead System 
The Wellhead system enables the management of the reservoir. It has associated 
with it a number of production wells and gas injection wells. The Wellhead system 
is designed to provide a safe means of producing reservoir fluids and re-injecting 
processed gas back into the reservoir. The ‘Christmas tree’ provides the facility for 
safe shut-off of the wells. It is an assembly of master valves and wing valves as 
shown in Figure 2.4. The master valves being used to shut in the wells and the 
wing valves to isolate the wellheads from the production manifold or gas injection 
manifold. On production wells, the reservoir fluids flow up the production tubing 
via the surface controlled sub-surface safety valve, to the wellhead and ‘Christmas 
tree’. From the Christmas tree, the fluids flow through a choke valve which is used 
to control the rate of flow of reservoir fluid. From the choke valve the fluids flow 
through wellhead flow lines to the production manifold. Not all production wells 
associated with a given platform may be in operation at a particular time. The gas 
injection wells are used to maximise black-oil recovery by minimising reservoir 
pressure decay. 

b)  Separation System  
The separation system is designed to process reservoir fluids. Black oil, flash gas 
and produced water are separated in a separation train comprising the following 
four stages  

1. Feed and expansion system 
2. High pressure (HP) separator 
3. Medium pressure (MP) separator 
4. Low pressure (LP) separator 
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Figure 2.5. Simplified separation system 

On the Platform A the operation and setup of the original system has been 
modified and the effective (simplified) view of the resulting system is show in the 
line diagram of Figure 2.5. The simplified separation process effectively consists 
of two tanks in series, the High Pressure Separator is setup as a Slugcatcher vessel 
and the Medium Pressure Separator is set-up as a Free-Water Knock Out vessel. 
The function of this plant is to remove gas and water from the crude oil flowing 
into the plant and pump this ‘cleaned’ crude oil to other plants down stream in the 
installation operation. The level of crude oil in both tanks has to be maintained 
between an upper and lower limit, for the Slugcatcher plant to function effectively. 
The level is also used as surge capacity to ensure a continuous and constant flow of 
crude oil downstream to other units.  

c)  NGL System  
A typical NGL refrigeration process is depicted in Figure 2.6. Unstable condensate 
and gas from the HP separator are processed within the NGL system to recover 
those hydrocarbons which may be exported in liquid form through the main oil 
export system. The unstable condensate and gas streams enter the system 
separately and are cooled by heat exchangers and mixed. This mixture is further 
cooled using liquid refrigerant in the gas chillers. The cooled mixture is then routed 
to the cold condensate separator. NGL is recovered from the base of the column, 
cooled, metered and then introduced into the black oil export pipeline. Platform B 
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uses an enhanced NGL recovery system. The system dehydrates and recovers NGL 
from the vapours of the inlet gas scrubber and HP separator in its separation 
system. The system returns the recovered NGL to the HP separator for subsequent 
export with the black oil. 

Figure 2.6. NGL refrigeration system 

d)  Gas Compression System 
The Gas compression and re-injection system is shown in Figure 2.7. The purpose 
of this system is primarily to compress gas for export and sale or for re-injection 
into the reservoir. Separated gas is compressed through three parallel compression 
trains, each with an MP separator and Export Compressor. Compressed gas is 
exported via pipeline and gas for re-injection is taken directly from the export 
header upstream of gas metering and compressed. The re-injection compressor is a 
two-stage, gas-turbine driven machine with dedicated anti-surge and performance 
control. Gas re-injection is important for increasing gas throughput. It enables 
more liquids to be produced from the gas. 

Remarks on Platform Processes 
The topside process is very interactive because it contains a number of recycle 
loops. There is full inter-connectivity between all the sub-systems on the platforms. 
This results in a highly interactive multivariable system. The critical process 
parameters are: pressure, temperature and level. Although the process is in general 
a slow one, disturbances to any part of the system can produce fast acting ripple 
effects (transients) that are typically amplified as they move downstream from the 
source. This occurs because of the interactions within the process and its 
multivariable nature. 
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Figure 2.7. Gas compression and re-injection system 

Process Control Overview 
The control systems on the platforms serve two main purposes: 

1. To provide a safe and efficient means of control for the production process 
and associated support services. 

2. To provide a means for monitoring platform/system status and to initiate 
the necessary (shutdown) actions to preserve platform/system integrity and 
safety of personnel 

All the primary control loops associated with the process system are controlled 
using PID controllers. There are three basic control loops: 

1. Level Control 

2. Pressure Control 

3. Temperature Control 

Although the process is highly interactive and contains a number of recycle loops, 
each control loop is tuned independently with limited consideration of the 
interaction with other loops or recycle effects. The platforms use the Honeywell 
TDC 2000 and 3000 (Total Distributed Control) system as the main platform 
control and data acquisition system. No supervisory control strategy or set-point 
optimisation is implemented, except in Platform A where the TDC 2000 is used to 
provide supervisory control for the gas compression system. On Platform B and 
Platform C, the export/re-injection gas compressors are controlled using 
Compressor Control Corporation (CCC) designed controllers. All the other PID 
controllers are located within the platform DCS system. There are no other local 
controllers on the platform. 
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2.4.3 ICPRO Step 3: Financial Benefits and Control Strategy Correlation 

The information and product data obtained by the benchmark team from the first 
two stages of the ICPRO procedure was analysed using the correlation list 
discussed in Section 2.3. The objective was to determine the relative importance of 
loops in process units as well as the importance of the process units themselves, 
and to create a rational hierarchy of the various optimisation potentials that might 
exist. A summary of the results is presented according to correlation list. 

1. State the mission, purpose or goal 
Continuous production, transportation and sale of crude oil, natural gas liquids, gas 
and condensates in line with established environmental policy and limits of the 
production facilities. 

2. List the process units associated with each of the above 
The major system components that together facilitate the goals of the company are:  

a) Reservoir system 
b) Wellhead system 
c) Separation systems 
d) NGL systems 
e) Gas compression systems. 

3. From all the process units identify the major units by operations 

From the analysis of the operations data the following units were identified as the 
major operating units: 

a) Separation systems 
b) NGL systems 
c) Gas compression systems 
d) Reservoir system 

4. From the shortlist of key units, identify which processes add the most 
value or cost 

Analysis of the production, maintenance and cost data showed that the following 
units contributed either the highest percentage of revenues or losses from the 
platform operations: 

a) Separation systems 
b) NGL systems 
c) Gas compression systems. 

5. List the major production, quality and availability, enablers, bottlenecks 
and constraints 
For this feasibility study the benchmark team were able to identify a number of 
candidate cases which could be either potential enablers or bottlenecks. These 
cases are presented below.  
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Analysis of Present Reservoir and Well Management Strategy
The Company employs gas lifting, gas (re-) injection and water and gas injection 
(WAG) on certain wells to boost well pressures and increase reservoir fluid 
recovery. These techniques are used to manage the wells and limit their decline. 
The company also employs well scheduling. It has a detailed and accurate 
simulation model for their reservoirs. These models are used to simulate reservoir 
and well behaviour under varying circumstances. These reservoir models are 
however stand alone models, as they do not include either the production flow-line 
or the topsides process models. At present the analyses for WAG injection and the 
amount of gas to be injected and the rate of injection are being done as open loop 
calculations with no direct feedback information and without the interaction of the 
flow-line and platform processes. These calculations are not done online and there 
is a substantial time delay between analyses. This approach does not ensure 
optimal results and as such the resultant benefit of the whole operation is not 
maximised.  

Increase In Raw Material Financial Yield
There are two issues involved in increasing the financial yield of the raw material 
(reservoir fluid). One aspect of this is to increase the amount of finished product 
extracted per tonne of reservoir fluid processed on the platforms. The other aspect 
is increasing the revenue received from the finished products; this essentially 
involves the quality or composition of the products, since the prices per 
tonne/barrel of the products depend on their quality or composition. 
Black-Oil Yield: measured against the company standard, black oil extraction from 
reservoir fluids seems to be efficient. The base sediment and water (BS&W) 
content determines the quality of Black oil. The efficiency of the separation 
process, reservoir fluid residence times in separators, interface level and the 
efficiency of the chemical injections affect this index. The lower the BS&W 
content of the black-oil, the higher its market value and the less amount of water 
being exported down the pipeline. Since the company is charged a transportation 
tariff for exporting the black-oil from the platform, reducing the BS&W should 
improve market value of the product and maximise returns on transportation tariff. 
At present company targets for BS&W are set at 0.25%. This projected target is 
being achieved at the Platform B, and Platform C. On the Platform A hardware 
problems (problems with the electrostatic coalescer) and chemical formation and 
injection problems (problems with the formation of solid calcium napthanate) are 
currently affecting the BS&W target. However, company representatives believe 
that they have determined the source of the problem and can bring it under control. 
NGL Yield: the efficiency of product extraction or recovery from reservoir fluids 
cannot be claimed to be optimal in the case of NGLs. The quality of the NGL is 
determined by its chemical composition (the proportion of propane, butane, dry 
gas, etc., and waste carbon dioxide). The fractions of each of these NGL 
components recovered from the gas stream are influenced by the temperature and 
pressure conditions on the platform (particularly in the NGL / Refrigeration 
systems). The NGL recovered on the platforms is exported by pipeline to onshore 
processing plants. There is a transportation tariff per km of pipeline as well as a 
processing tariff per tonne of NGL sent to the processing plant. There is also a 
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penalty charge for carbon dioxide contents exceeding a certain level. Each of these 
NGL fractions has a unit price that may vary from month to month. These prices 
become known at the 1st of each month and the NGL produced for a given month is 
sold on the 15th of each month.  

The composition of gas re-injected into the reservoir also influences the 
composition of the NGL stream leaving the reservoir and entering the platform. 
There is about a 30-day delay (approximate) before the effects become apparent. 
The Company's economic department at present produces forecasts for likely 
prices for various NGL components in the near future and then appropriate steps 
are taken by the reservoir engineers to try and influence the composition of the 
NGL in the reservoir. There might be room for an expert system with predictive 
forecasting and filtering ability to improve this aspect of the operation.  

Reduction Of Losses Due to Plant Downtime
A significant portion of the Company's loss of revenue from operations is due to 
non-availability of different platforms. Some of these losses are also due to process 
or control problems. The data from the monthly production report was analysed 
and the loss in production due to process problems trended. Figure 2.8 to Figure 
2.11, show the most prominent causes of losses in production due to process 
problems for all three platforms over the eight month evaluation period. These 
process problems shown in the chart have affected the production quota more than 
six times. Some areas have been identified as recurring problems with a substantial 
contribution to losses.  

Problem Areas on Platform A
1. Water treatment and handing facilities 
2. Gas lift system 
3. NGL system 
4. LP and MP Separator control system on A and B train 
5. Plant start up control system 

Problem Areas on Platform A ( Joint Development (J/D) Zone)
1. Slug-catcher control system 
2. Booster pump control and monitoring system 
3. Chemical injection and monitoring system 
4. Plant start up control system 
5. Water treatment and handing facilities 
6. Riser pressure control system 
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Figure 2.8. Platform A, production loss chart 
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Figure 2.9. Platform A (Joint Development Zone), production loss chart 

Problem Areas on Platform B

1. Refrigeration system 

2. NGL plant 

3. Power generation control and monitoring system 
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Figure 2.10. Platform B, production loss chart 

Problem Areas on Platform C

1. HP Separator 

2. LP and MP Separator control system on A and B train 

3. Compressor control and monitoring system. 
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Figure 2.11. Platform C, production loss chart 
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Analysis Of Present Control System and Strategy
Although the present control strategy is adequate in providing a safe, and to some 
extent, efficient means for production of the required product, it cannot provide the 
kind of efficiency or optimisation that the Company is looking for. PID controllers 
are by nature corrective controllers, they do not act until the system has been 
disturbed and a deviation from set-point has occurred. Sometimes the controller 
performance can be improved by including feed-forward or cascade action. These 
performance improvement measures are not in place at present. Analysis of the 
process and disturbance dynamics, showed that implementing a feed-forward or 
cascaded PID control strategies will not improve the control performance to the 
level required. 

The PID controllers are tuned quasi-independently. The process is interactive, 
multivariable and has recycles, therefore, once all the controllers are switched to 
automatic, there will be some interaction between control loops. Independent 
tuning of PID controllers may limit the effectiveness of the required control actions 
and reduce the consistency of operation. As it is well known, these difficulties 
could be overcome by implementing an advanced (multivariable) control strategy. 
However, the motivation for implementation of advanced control is financially 
based. Therefore, changes to the existing system, where required, must be justified 
not only by the improved consistency of operation but, mainly, by the economics. 

2.4.4  ICPRO Step 4: Optimality Assessment 

The results from the audit make it possible to conclude that: 
Present control strategy is adequate but not optimal. 
Present strategy is purely based on classical control and cannot be easily 
adapted to meet and respond to future company process goals and operational 
efficiency.
Present PID controllers are too sluggish in responding to disturbances to 
platform operating points. 

Research on the application of model predictive control to industrial processes has 
shown that advanced process control techniques can enhance the performance of 
complex processes in petrochemical and process plants as found on the production 
platforms [Clarke, 1988 and 1991; Cutler and Ramaker, 1980; Richalet 1993; 
Schley et al. 2000]. Given the dynamics of the processes on the platform, then to 
improve platform operation and optimise revenue flow, a new supervisory level of 
integrated control structure is needed. 

An advanced controller can be designed to continuously optimise plant 
operation on an economic basis according to operating conditions that prevail at 
any point in time. An advanced controller will reduce trips through improved 
disturbance rejection. From analysis and evaluation of the Company's economic 
targets and platform operation, a number of process areas can be targeted for an 
enhancement in control operation. This enhancement in the form of an upgrade 
from the present control strategy to an advanced one will provide positive financial 
benefits. 
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Recommendation For Enhanced Reservoir Management and Improved 
Reservoir Fluid Recovery

With advanced control strategies and modelling techniques, the reservoir models 
can be integrated with the flow-line and topside models. Once an integrated model 
is obtained, a mathematical representation of the full multivariate system can be 
deduced. Using this mathematical representation, the aim would be to develop a 
criterion for optimising well scheduling, WAG injection, gas lift and gas re-
injection such that the reservoir fluid recovery is maximised while minimising well 
decline. From this criterion an integrated predictive control system plus an expert 
decision making system can be designed. Such a control system will ensure that at 
any time the re-injection rates and well schedules will be optimal and recovery of 
reservoir fluids and input flow rates maximised. There exist a number of reservoir 
and well process parameters that are being monitored in real-time at present. These 
parameters can be used for control feedback, and other required parameters that 
cannot be measured directly can be inferred. Although such an advanced control 
and decision making system would provide large financial benefits, designing and 
implementing it would require a substantial amount of time, engineering and 
research effort plus many hours of input from the Company’s personnel. Therefore 
it is not a strategy that can be implemented in the short term, but can be considered 
as a long term control development strategy.  

Recommendations For Enhancing Black Oil and NGL Financial Yield

There might be some advantages in introducing some form of advanced control 
and monitoring into the crude oil separation process. Using advanced control 
strategies, the efficiency of the separation process can be improved by optimising 
control set points and improving the control action to ensure constant production 
efficiency. The Company spends a substantial amount of money each year in 
procuring the chemicals needed for the chemical injection process. Chemical 
injection is necessary to deal with the situation that arises due to the nature of the 
process. Some of these chemicals and the situations that necessitate their use 
include: 

Emulsifiers: used to help with the de-emulsification process. The formation of 
emulsion during the separation process affects black oil quality, 
Scale Inhibitors: used to prevent scaling in separators and pipelines. Scale 
formation can partially/completely block pipelines hindering the flow of black 
oil and possibly causing plant shutdown, 
Acetic acid: on Platform C, acetic acid is used to counter the effect of sodium 
napthanate. 

Monitoring targeted variables or indicators and setting up a control procedure 
to handle the rate and amount of chemical injection could significantly enhance the 
chemical condition monitoring and injection process. The incremental revenue that 
would accrue from implementing such strategies would be gained from improved 
product quality and reduction of lost production time. Lost production time occurs 
due to faults associated with the problem. Additionally, revenue would be saved 
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through reduced chemical acquisition costs. However, since the company targets 
for the BS&W are already very low and are mostly being met, the amount of 
revenue generated by optimising these processes with advanced control will not be 
substantial. For the NGL using advanced control strategies, the 15 day window 
between price determination, production, extraction and sale can be used to 
optimise temperature and pressure control set-points (once the individual NGL 
component prices are known) to recover the optimal proportion of NGL 
components that maximise the revenue.  

A spin-off from such a set-point optimisation strategy will be more efficient NGL 
recovery that should result in minimal carbon dioxide content; this should: 

Maximise returns on transportation tariff 
Maximise returns on processing tariffs 
Reduce the amount paid out as carbon dioxide penalty charges. 

An example of the optimisation strategy is given below. The revenue can be 
calculated from the equation: 

CcKbJaIR  (2.1) 

where: 
a = unit price of Propane per tonne 
b = unit price of Butane per tonne 
c = unit price of C5 per tonne
I = % proportion of Propane in recovered NGL 
J = % proportion of Butane in recovered NGL 
K = % proportion of C5 in recovered NGL 
C = Cost of operating the refrigeration system. 
R = Total revenue received per tonne of NGL 

I, J and K depend on the temperature (T) and the pressure (P). To obtain a formula 
that can be used in deriving the optimal set points for the process controllers I, J 
and K should be expressed in terms of T and P and substituted into Equation (2.1). 
Given a, b and c and the process constraints (not listed here), Equation (2.1) can be 
optimised for temperature and pressure set-point values that maximise R. Using 
such a simple optimisation criterion, an advanced controller can ensure that the 
recovery of NGL fractions is optimal at any time once the individual prices are 
known. This places the operating point of the NGL system in the optimal region. 

Recommendation on reducing plant downtime 
The process control audit showed that production platform trips due to separator 
control were responsible for over 60% of the combined production loss due to 
down time. A review of the PID control set-up for the level control of the 
separators indicated that a re-tune was necessary. Further evaluation of the 
separator systems showed that the process trips could be attributed to the level 
controller in the separator. Because the audit highlighted the Separator’s level PID 
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control loop as a key target for reducing production losses, the loop was chosen as 
candidate for performance benchmarking analysis. The results of the analysis on 
the crude oil separation system are presented in the rest of this section. 

2.4.5 ICPRO Step 5: Control System Adaptation 

As discussed earlier, simulation is used to assess effects of improved control 
action. Firstly, this example highlights the consequences and problems that result 
when a proper plant audit is NOT carried out before benchmarking and optimising 
plant control loops (snapshot optimisation). Secondly, the function of plant 
auditing in prioritising the control loops for optimisation, in order to attain 
management level objectives is recalled, and the exercise is repeated, this time 
leading to performance improvement 

2.4.6 Process Characteristics 

The inflow of reservoir fluids into the separation train can be described as 
oscillatory with high amplitude and can be modelled as a sinusoidal disturbance. 
The PID control system associated with each separator is tasked with keeping the 
level in the vessel constant. However because of the sinusoidal nature of the input 
flow of reservoir fluid, an existing PID solution did not meet the requirements. The 
fluctuations in level and pressure within the first stage (HP) separator resulted in 
trips and shutdown of the entire platform. A MATLAB® / Simulink® model of the 
first two stages of the separation system (high pressure (HP) and medium pressure 
(MP) separators) was developed and validated with real plant data. A scaled down 
model from the process characteristics was obtained by linearizing this model 
around normal operating conditions and using balanced model reduction 
techniques.  

Figure 2.12 shows a simplified schematic of the process, from which a 
simplified mathematical model can be developed using equations for conservation 
of mass and pressure balance. The generic process transfer function in Equations 
(2.2) to (2.5) were developed from that model on the basis of the relationship 
between the valve position (manipulated variable) and the level of crude oil in the 
vessel (controlled variable).  

Figure 2.12. Schematic diagram for simplified 2 stage separation process 
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The key process assumptions, used in the model derivation are as follows: 
The gas entering the vessel along with the crude does not affect the 
equilibrium balance of the system.  
The vessel is rectangular with a flat base, it has a constant cross sectional area. 
Flow of crude from the vessel is laminar and the friction in the valve and pipes 
is negligible.  
The valves have linear characteristics. 

Notation: 
 A1 and A2 = cross sectional area of vessel  
 F1 = Input flow into vessel 1 (slugcatcher vessel) 
 F2 = Output flow from the slugcatcher into freewater knockout 
 h1 = height of crude in slugcatcher 
 F3 = Output flow from the freewater knockout 
 h2 = height of crude in the freewater knockout vessel 
 Vv2 = hydraulic conductance of valve 
 M = pump characteristics 
 Vv3 = constant valve position 
 Vv1 = hydraulic conductance of valve 

 = density of crude 
 g = acceleration due to gravity 

Open Loop Diagram for Loop 1 

Figure 2.13. Block diagram for Loop 1: slugcatcher vessel 
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The input flow to the system (F1) appears as a load/disturbance variable to the 
system. The transfer function between inlet flow as input and the level of crude in 
the vessel as output is: 
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Open Loop Diagram for Loop 2 

Figure 2.14. Block diagram for Loop 2: freewater knockout vessel 
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The valve position (Vv1 ) appears as a load/disturbance variable to the system .  
The transfer function between inlet flow as input and the level of crude in the 
vessel as output is: 
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 (2.5) 

From the generic equations described above, a process model was built in 
Simulink® and optimised and calibrated using the peak input flows data collected 
from the real plant. The input flow disturbance to the separators is shown in Figure 
2.15 and the response of the level loops in the separator is shown in Figure 2.16 
and Figure 2.17. From Figure 2.16, it can be observed that the level in Loop 1 does 
not meet the high-level trip constraint (dotted line). This resulted in a number of 
plant shut downs and revenue loss. 

Figure 2.15. Crude oil input flow into separation system 
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Figure 2.16. HP separator level 

Figure 2.17. MP separator level 

2.4.7 Snapshot Benchmarking and Optimisation 

This approach is identical to taking a snapshot of the process at a given time. The 
performance of the control loops is then analysed independently, using a suitable 
benchmark index. In this approach no consideration is given to the overall process 
and management goals. Also, heuristic and knowledge based information about the 
process, acquired over time, is not considered.  

Benchmark Analysis 
A local loop performance analysis of the individual level control loops using 1000 
samples was undertaken without taking the interaction between the loops and the 
overall process goals into account. This analysis was performed by using the 
normalised minimum variance control benchmark index [Desborough and Harris, 
1993], to determine the performance of the control loops in the validated process 
model. The details of this performance index will be explained in Chapter 3. The 
minimum variance controller was used as a benchmark and for this, the plant 
performance index is given by: 

2
0 minyJ J J  (2.6) 

2 2[ ( )]y E y t  (2.7) 
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where: J is the actual output variance, J0 is the part of the output variance which 
could be affected by selection of control algorithm, and Jmin is the minimum-
variance obtainable for the given plant. The normalised minimum variance index: 

0 min1
J J
J J

 (2.8) 

lies between 0 and 1, where 1 indicates minimum variance control (excellent 
control performance) and 0 indicates a very poor control. The graphical results for 
the two loops are shown in Figure 2.18 and Figure 2.19. From these graphs it can 
be deduced that Loop 1 is very far from minimum-variance (optimal) performance 
and therefore poorly tuned while Loop 2 is performing better.  

Figure 2.18. MV benchmark index for HP separator control (Loop 1) 

Figure 2.19. MV benchmark index for MP separator control (Loop 2) 

Loop Tuning  
Because both level loops are first order systems, an analytic solution to arrive at 
the proportional (Kc) and integral (Ti) PI controller parameters to meet the 
specification was used. The controller parameters were calculated using the 
following assumptions: 

1. The damping coefficient to be used is  = 1. The aim is to make the 
response of the system critically damped, so that the system response is 
not oscillatory and the disturbance introduces as little effect as possible 
during the transient period.  
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2. The expected maximum deviation in inlet flow is FMAX = 0.06 m3/sec 
(3.6m3/min). 

3. For Loop 1, the steady state level is specified as 0.91m. A 10% deviation 
(conservative) from specified steady state operating points during transient 
disturbances is assumed, hence hMAX =  0.091 m 

4. For Loop 2, the steady state level is specified as 1.71m. A 5% deviation 
(conservative) from specified steady state operating points during transient 
disturbances is assumed, hence hMAX =  0.0855 m 

5. The cross section areas of the vessels are specified as A1 = 1.75 and A2 = 
3.4 

This resulted in the PID parameters,  

1 1

2 2

29.1165                   0.2335  min                               
15.4947                   0.8777 min

C I

C I

K and T
K and T

 (2.9) 

Results of Re-tuning the System 
Following the findings from the previous section, the system was retuned and the 
new benchmark results for the tuned system, as well as the levels in the vessels can 
be observed in Figure 2.20 to Figure 2.23.  

Figure 2.20. MV benchmark index for re-tuned HP separator (Loop 1) 

Figure 2.21. MV benchmark index for re-tuned MP separator (Loop 2) 
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Figure 2.22. Re-tuned HP separator level (Loop 1) 

Figure 2.23. Re-tuned MP separator level (Loop 2) 

From Figure 2.20 and Figure 2.21 which represent the performance index for 
the re-tuned loops, it can be observed that while the performance of Loop 1 has 
improved, the performance of Loop 2 has deteriorated. This is due to the fact that, 
since the control performance of Loop 1 is improved, the oscillatory dynamic 
disturbance of the input flow into the system is amplified and transmitted 
downstream to Loop 2. The effect of this can be seen from Figure 2.22 and Figure 
2.23. It can be observed that Loop 1 is now meeting the high-level trip constraint 
while Loop 2 is breaking it. Thus the overall effect of the controller tuning effort 
was to shift the cause of the process trips from Loop 1 to Loop 2, with the net 
result that revenue will still be lost due to plant downtime in periods of peak 
disturbance. 

2.4.8 Integrated Plant Auditing and Benchmarking 

The integrated control and process revenue optimisation approach requires that 
before any benchmarking analysis, control design etc, is done, in-depth plant 
auditing involving management, process and control objectives should be carried 
out. The results of the audit presented earlier are now applied to the problem with 
the following observations:  
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Management Objectives 
The main management objective is to maximise production. The input flow 
oscillatory disturbance must be controlled and not transmitted downstream 
to other process units. A high process up time as well as the optimum 
separation conditions within the vessel is the target. 
Reduction in plant down time. 
The problems caused by this sinusoidal disturbance are not only related to 
process control of the level, and pressure loops, but also to the platform 
revenue. These fluctuations in the level and pressure in the separation cause 
the entire plant to trip resulting in lost production and hence loss of revenue. 
Increase in Production Rate. 
By improving set-point tracking of controlled variables (i.e. controller 
performance), set-points can be optimised and the process operating 
conditions moved closer to the constraints and production rates safely 
increased. 

Process and Control Objectives 
Stabilise the flow of crude oil downstream of the HP separator. 
Maintain the pressure and volume of crude oil in the separators at a level 
that ensures efficient separation. 

In deciding on a criterion that will best achieve these goals, an analysis of the 
problem and process characteristics led to the following conclusions.
1. To stabilise the flow down stream of the separators, the volume of crude oil in 

the HP separator should be used as a buffer/surge control.  
2. As long as the level in the HP separator is maintained within the constrained 

limits, adequate separation will be ensured. With the flow stabilising 
downstream of this vessel, the other separators will be able to perform better. 

An obvious solution is to design two flow optimizing cascade controllers for 
the two individual loops. The cascade controllers will take measurements of the 
outlet flow from the loops and adjust the set points of the level controllers in the 
loops to compensate for any disturbance in the desired value of outlet flow. The 
level set points for both controllers will act, as the manipulated variables while the 
outlet flow from both loops will be the controlled variables. The level in both 
vessels will be used as surge capacity to compensate for periods of very low or 
very high flow rates. There are reasons however why such a design will not 
achieve the required performance objective and that necessitates a foray into the 
uses of more advanced control strategies.  

Limitations of Standard PI Cascade Control Strategy. 
In the cascade control structure the level loops will act as the secondary control 
system with the levels in both vessels serving as the measured secondary variable, 
while the primary system will be the flow loop.  

Table 2.3 summarises the time and frequency domain characteristics for the 
primary and secondary systems. 
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Table 2.3. Loop characteristics 

Time Domain 
Characteristics Primary System Secondary System

Loop 1 Loop 2 Loop 1 Loop 2 
Rise time 120.46 sec 226.98 sec 12,455.28 sec 6455.28 sec 
Settling time 205.67 sec 405.60 sec 17,850.47 sec 8000 sec 
D.C. gain 0.426 0.0651 -1027 -872.30 
Time constant 52 sec 114 sec  

Next, the standard design criteria for a cascade control system are examined: 

a) There must be a causal relationship between the manipulated variable 
and the secondary variable. 
There is a causal relationship between the measured levels in the tanks and the 
manipulated variables (which are the level set-points). Thus, this criterion is 
satisfied. 

b) The secondary variable must indicate the occurrence of an important 
disturbance.  
The measured secondary variables in the process are the levels in both vessels. The 
major disturbance to level Loop 1 is the sinusoidally changing input flow. Changes 
in the measured level in Loop 1 give an indication that the disturbance has 
changed value. While in Loop 2 the major disturbance is the valve position Vv1.
Changes in this valve position cause oscillations in the magnitude of crude oil flow 
into Loop 2, resulting in changes in the level of the vessel in Loop 2. Thus, this 
criterion is satisfied. 

c) The secondary variable dynamics must be much faster than the primary 
variable dynamics. 
From Table 2.3 it can be observed that the measured secondary variables fail to 
meet this condition. Since both vessels are effectively integrators at steady state, 
changes in the input flow to the system are almost immediately reflected in the 
output flow. The dynamics of these secondary variables are not much faster than of 
the primary variables. 

Implementing a cascade control structure under this conditions will not yield any 
really meaningful improvement in the process control performance and hence will 
not result in an optimized value of output flow. Since the standard cascade PI 
control structure is not suitable for this process, there was a need to explore more 
advanced control strategies. A better solution is to use a model predictive 
controller to implement the cascade solution since for cases when the dynamic 
response of the secondary system is not substantially faster than the primary, the 
predictive primary cascade controller offers a distinct advantage. The benefit of the 
predictive cascade arises because the feedback signal in a model predictive control 
system is the sum of the model error in the primary loop and the primary loop 
disturbances along with the fact that the secondary disturbances that cause 
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deviations in the secondary measurement, appear in both the measured and 
predicted primary variable at about the same time and with the same magnitude (if 
the model is accurate), then as a result, the secondary disturbances have little or no 
effect on the feedback signal The model predictive controller chosen to design the 
cascade structure was the Internal Model Controller (Figure 2.24) developed by 
Morari and Garcia [1982]. The appealing feature of the IMC is that it provides a 
systematic approach for designing robust controllers that provide good control 
performance while compensating for modelling errors and usually involves only a 
single tuning parameter, which can be related to the desired closed loop time 
constant. The controllers are easy to design and are sometimes realizable in 
standard PID forms.  

  TP(s)
GP(s)

Gm(s)

Gd(s)

SP(s)    MV(s)

E(s) 

    D(s)

CV(s)Gf(s) GCP(s)
+

+ -
-

+
-

Figure 2.24. Structure of the IMC controller 

Key: 
SP(s) Reference set-point  CV(s) Controlled variable 
D(s) Disturbance variable  TP(s) Target Value 
MV(s) Manipulated variable  E(s) Feedback signal 
GCP(s) Predictive controller transfer function GP(s) Process transfer  
Gd(s) Disturbance transfer function   function 
Gm(s) Process model  Gf(s) Filter 

The feedback signal E(s) is the difference between the measured and predicted 
controlled variable values. The variable E(s) is equal to the effect of the 
disturbance Gd(s)D(s), since if the model is perfect Gm(s) = Gp(s). This means that 
if the model is perfect then the predictive control would acts predominantly on the 
disturbance for feedback correction and not the combination of disturbance and 
errors due to model mismatch. In single loop IMC design, the convention is to use 
low pass filter of the form 

f
f

1( )     
1

N

G s
s

 (2.10) 

The filter time constant, f is the only parameter that has to be tuned to achieve 
any performance specification. Increasing the filter time constant modulates the 
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manipulated variable fluctuations and increases robustness at the expense of larger 
deviations of the controlled variable from its set-point. From the given process 
transfer functions, the IMC filter time constants for Loops 1 and 2 can be 
calculated as: 

f1  10.4 secs 
f2  22.8 secs 

Because inevitably there must be an error in the determined models, a safety 
margin is included in the realization of the filter time constant, so: 

f1  = 10.4  2 = 20.8 sec 
f2  = 22.8  2 = 45.6 secs 

Analysis of IMC Controller Performance 
The performance of the IMC controllers in a supervisory role was simulated and 
the data obtained used as a performance benchmark. It is usually a good practice to 
compare system performance benchmarks before and after process optimisation. 
However, this does not apply to this particular exercise. Because the high level 
objective is to ensure stable and nearly constant flow rate, benchmarking the 
performance of the separator level controllers will not provide a useful indicator. 
From the results and data obtained from the simulations, as shown in Figure 2.25 
and Figure 2.26, the estimate is that, a 15-25 % reduction in the variation of crude 
oil flow rate downstream of the HP and MP separator units, can be achieved by 
using model based control systems in a supervisory mode.  

The reduction in flow rate variations will decrease the amplitude of the 
disturbance experienced in the level loops of other separator units. The number of 
process trips caused by variations in flow rate should also be reduced. This is 
because the flow rate trip set-point has a value of 0.057 m3/sec and as can be 
observed from Figure 2.25 and Figure 2.26, the IMC controller keeps the flow rate 
between the bounds of 0.03  0.01 m3/sec.

Figure 2.25. Crude oil output flow from HP separator 
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Figure 2.26. Crude oil output flow from MP separator 

Figure 2.27. Initial crude oil output flow from HP and MP separators 

For separator vessels downstream of the HP separator, a reduction in level 
control variations of about 10 % was recorded as shown in Figure 2.28. It is 
estimated that this reduction will not only reduce process shutdowns, due to the 
separator level trips, but also introduce the possibility of pushing the operating 
conditions of the separators closer to their physical constraints. This should have a 
significant impact in reducing the revenue lost due to plant downtime and should 
also enable production rates to be increased.  
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Figure 2.28. MP separator level 

2.5 Conclusions
In this Chapter, the connection between process control performance and the 
revenue derived from industrial processes was highlighted. A method for 
integrating the use of process control benchmarking and optimisation algorithms 
with the optimisation of process revenue by means of an economic process control 
audit was developed. The goal of the method was to selectively benchmark and 
optimise process control loops in such a way as to derive maximum revenue from 
the process. The method was demonstrated by means of an industrial feasibility 
study. For large scale processes such as an integrated crude oil and gas production 
facility, it was possible to use this method to highlight potential areas where 
advanced control optimisation could be of substantial financial benefit. The 
method was also able to identify some process control loops which had substantial 
impact on process performance and revenue. For large scale processes and 
processes with interaction, it was shown that benchmarking and optimising 
individual loops without consideration for the wider objectives of the entire 
process can in some circumstances have a negative impact on overall process 
performance. As demonstrated the ICPRO approach can help focus process control 
optimisation and benchmarking, in conjunction with the aim of improving overall 
process performance for financial gain.  
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3.1 Introduction  
The industrial importance of individual controller benchmarking is underpinned by 
the fact that there are often thousands of loops in a typical process plant and many 
of these will not have been tuned adequately. The market competition makes it 
very desirable for everyone to obtain the best from their process control system. 
Also, the investment in Supervisory Control and Data Acquisition (SCADA) 
systems, which companies may make, only makes sense if the individual plant 
controllers are properly tuned. 

Desborough and Harris [1992, 1993] considered the assessment of control loop 
performance for both feedback and feedforward control using minimum variance 
as the benchmark cost measure. Huang and Shah [1999] summarised the state of 
the art in a monograph, mostly focusing on the minimum variance cost index as the 
performance assessment measure. Following that, over the last decade, there has 
been growing interest in controller performance benchmarking, often learning from 
the business process benchmarking community [Codling, 1992; Rolstadas, 1995; 
Levine, 1996; Anderson and Petersen, 1996; Ahmad and Benson, 1999]. 
Benchmarking techniques are also important in other industrial sectors, such as the 
power generation and transmission industry [Calligaris and Johnson, 1999, 2000]. 

In this chapter, the concept of Minimum-Variance benchmarking is introduced. 
Following the discussion of the basic ideas, extensions of the minimum-variance 
benchmark will be presented. These include Generalized Minimum-Variance and 
Model Predictive Control benchmarks. 
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3.2 Introduction to Minimum Variance Control Benchmarking
The minimum variance criterion has some value as a benchmark since the 
economic performance of a process is often governed by how close a set-point can 
be moved to an operating boundary (such as a temperature limit). This idea is 
illustrated in Figure 3.1: if, for example, the operating boundary represents a raw 
material boundary, then a decrease in the variance may result in material savings 
and increased revenue. 
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Figure 3.1. Moving the set-point closer to the boundary as a result of the reduction in 
variance 

Historically, Minimum Variance Control (MVC) has been introduced as a simple, 
practical control strategy resulting from the application of linear stochastic control 
theory. The control algorithm was first formulated in [Åström, 1967]. Åström used 
the MVC technique to minimize the variance of the output signal for control of 
paper thickness in a paper machine. The control objective was to achieve the 
lowest possible variation of the paper thickness in the presence of stochastic 
disturbances acting on the process. Since then, the MVC technique has attracted 
many practical applications [e.g. Flunkert and Unbehauen, 1993; Kaminskas et al., 
1992] and has gained significant theoretical development leading eventually to a 
wide range of control algorithms known as Model Predictive Control techniques. 

Harris and Desborough [1992] introduced a normalised performance index for 
the assessment of controller performance against a benchmark of minimum 
variance control. This index can be estimated using the least squares method. The 
implementation of the controller performance index (CPI) based on approach of 
Harris and Desborough consists of fitting an auto-regressive (AR) time series 



Controller Benchmarking Procedures - Data-driven Methods 83 

model to closed-loop plant data. The theory of minimum variance control and 
benchmarking can be summarized as follows. 

3.2.1 Minimum Variance Control 
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Figure 3.2. Generic stochastic feedback control system structure 

Considering the generic control system shown in Figure 3.2, the minimum-
variance control assumes a single-input, single-output (SISO), linear, time-
invariant stationary stochastic process described by: 

1 1 1kA z y t z B z u t C z t  (3.1) 

where y(t) represents variation of the output signal around a given steady-state 
operating point, u(t) is the control signal, (t) denotes a disturbance which is 
assumed to be zero mean, Gaussian white noise of variance 2. The constant set-
point r(t) is for simplicity assumed to be zero, with the more general case 
considered in Section 3.2.4. A(z-1), B(z-1), C(z-1) are polynomials in the backward 
shift operator z-1 and the roots of C(z-1) and 1( )B z  are assumed to lie within the 
unit circle, where: 

1 1 2
1 21 An

nA z a z a z a z  (3.2) 

1 1 2
0 1 2 0         0Bn

nB z b b z b z b z b  (3.3) 

1 1 2
1 21 Cn

nC z c z c z c z  (3.4) 

1 1z x t x t  (3.5) 

Thus z-k in Equation (3.1) represents a k-step delay in the control signal (k 1). 
This means that the control signal starts to act on the system after k time 
increments. The plant is controlled by a linear feedback controller C0(z-1):

0( ) ( )u t C y t  (3.6) 
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where the argument z-1 has been omitted for convenience.  
The output at time t+k,  using the process model can be written as: 

( ) ( ) ( )B Cy t k u t t k
A A

 (3.7) 

The following Diophantine equation can be defined to, effectively, split the 
polynomial C into two time frames, one related to the past values of , and the 
other related to the future values of :

kC AF z G  (3.8) 

where F and G are polynomials defined as:
1

1

1
( ) 1

k
i

i
i

F z f z ,     1
0

1
( )

Gn
i

i
i

G z g g z  (3.9) 

with nG max(nC k, nA 1) . Substitution into (3.7) yields:

( ) ( ) ( ) ( )BF Gy t k u t y t F t k
C C

 (3.10) 

resulting in the k-step ahead predictor: 

ˆ( | ) ( ) ( )BF Gy t k t u t y t
C C

 (3.11) 

The cost index to be minimised is the variance of the output at time t+k given all 
the information up to time t:

2( ) |J t E y t k t  (3.12) 

where E[.] denotes the expectation operator. It is assumed that the control selected 
must be a function of information available at time instant t, i.e. all past control 
signals, all past outputs and the present output: 

1 2 1Y t u t k u t k y t y t  (3.13) 

Note that the first two terms on the right-hand side of Equation (3.10) are 
uncorrelated with the third term as they refer to mutually exclusive time frames. 
Therefore, the variance of the output may be obtained as:  

2 2 2 2[ ( )] [( ( ) ( )) ] [( ( )) ]y
BF GE y t k E u t y t E F t k
C C

 (3.14) 

2 2
min 0[( ( )) ]  and   [( ( ) ( )) ]BF GJ E F t k J E u t y t

C C
 (3.15) 

J y
2 Jmin J0  (3.16) 
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where the variance Jmin is independent of the control action and the variance J0 is 
dependent on the process control law. To achieve the minimum variance of the 
output variable, set: 

( ) ( ) 0BF Gu t y t
C C

 (3.17) 

( ) ( )Gu t y t
BF

 (3.18) 

Substituting the minimum variance controller in Equation (3.18) into Equation 
(3.10) yields 

( ) ( )y t k F t k  (3.19) 

Minimum variance control may be viewed as a stochastic equivalent of 
deadbeat control in the sense that it places all closed-loop poles in the origin. This 
is achieved effectively by cancelling out the process dynamics, which explains why 
minimum variance control is usually aggressive and sensitive to process-model 
mismatch. Also, it needs a minimum-phase system for stability. 

3.2.2 Minimum Variance Benchmarking 

The output variance under minimum variance control can be calculated from 
Equation (3.15) as: 

1
2 2

min
0

k

i
i

J f  (3.20) 

For most systems, the controller performance does not match that of a minimum 
variance controller. That is, 

( ) ( ) 0BF Gu t y t
C C

 (3.21) 

Therefore, in the expression defining the future output, y(t+k), there is an extra 
term whose variance is nonzero. This term is a result of the controller not being a 
minimum variance controller: 

ˆ( ) ( ) ( )y t k F t k y t  (3.22) 

where ˆ( )y t  is the part of the output due to suboptimality of the controller (function 
of time range [ , ]t k ), and ( )F t k  is the k-step ahead prediction error 
(function of time range [ 1, ]t k t ). Because there is no correlation between ˆ( )y t
and ( )F t k , the variance of the output under non-minimum variance control can 
be computed as  

2 2 2 2ˆ[( ( )) ] [( ( )) ] [( ( )) ]y E y t k E F t k E y t  (3.23) 
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Denoting 2 2ˆ[( ( )) ] socE y t ,  then 

2 2 2
y soc mvc  (3.24) 

where soc is the short term for suboptimal control and mvc for minimum variance 
control. The variance is increased by soc

2  as compared with the minimum variance 

control case. The term soc
2  vanishes under minimum variance control. In order to 

obtain a universal tool for comparing different systems, define the following 
controller performance index (CPI): 

2

2 2( ) [0,1]mvc

soc mvc

k  (3.25) 

The main advantage of this definition is that it provides a performance indicator 
that is normalised and bounded. This allows the engineer to see how close to 
minimum variance the system is controlled. The value ( ) 1k  indicates an ideal 
case of minimum variance control and ( ) 0k  the case of the worst control.  

3.2.3 Estimation of the Controller Performance Index 

In the previous section, the normalised performance index (k)  was introduced. 
This section reviews a simple way to estimate (k)  from routine closed loop 
process data using linear regression methods. This approach eliminates the 
necessity of solving a Diophantine equation or performing polynomial long 
divisions. 

From Equation (3.10), the process output under feedback control is given by 

0( ) ( ) ( )k G BFC
y t F t k z y t

C
 (3.26) 

Since the closed loop is presumed stable, the second component in the sum in 
(3.26) can be approximated by a finite length autoregressive model, as in Equation 
(3.28): 

1 2( ) ( ) ( ) ( 1) ... ( 1)my t F t y t k y t k y t k m   (3.27) 

1
( ) ( ) ( 1)

m

i
i

y t F t y t k i  (3.28) 

where m is the autoregressive model length. 
Running t over a range of values and stacking up similar terms yields: 

y X F  (3.29) 

with
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1

n

n

k m
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1 1

1 2

1 1

n n k n k m

n k n k n k m

m m

y y y
y y y

y y y

X

1

2

m

 (3.30) 

where n is the ensemble length. 
Using linear regression to estimate autoregressive parameters i  by fitting 

the recorded closed-loop data 1 2, , , ny y y  to the model (3.28), the least squares 
solution results as: 

1ˆ ( )T TX X X y  (3.31) 

From Equation (3.29), the estimate of the minimum variance can be calculated as 
the residual variance:  

1
2 2 2

0

1ˆ ( ) ( )
2 1

k
T

mvc i
i

f
n k m

y X y X  (3.32) 

while the actual variance follows as 

2 2 21ˆ ˆ ˆ
1

T
y soc mvcn k m

y y  (3.33) 

The least squares estimate for the normalised performance index (k) , given in 
Equation (3.25), can finally be written as: 

2

1 ( ) ( )ˆ( )
2 1 ( 1)

T

T

n k mk
n k m n k m

y X y X
y y y

 (3.34) 

where the mean square error was used rather than the variance, hence penalizing 
nonzero steady state errors. 

It is also desirable to know how reliable this estimated value is. Therefore, 
looking at the variance, 2ˆ[ ( )]E k  gives an idea of the confidence levels of the 
estimated stochastic variable. A correct selection of n can be verified in a different 
way. If n is too small, then the estimation cannot be reliable and will be subject to 
the effect of outliers. In addition, the stochastic distribution of ˆ( )k  will not be 
normal as it is analytically predicted by assuming a large value for n. Therefore, 
firstly n is given a reasonable value and ˆ( )k  is estimated online. If the 
performance index has a high variance, then its plot will show a wide deviation 
around the average. In this case, n should be increased until the distribution has a 
reasonably low deviation.  

However, for practical implementation, a proper value of n, large enough 
( n m ) for better averaging out the noise and small enough not to overload the 
computing power, should be chosen by the engineer to obtain a reliable estimation 
of ˆ( )k . It is imperative that the plant data used for control loop benchmarking is 
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unfiltered and uncompressed, i.e. the data must be exactly identical to the feedback 
information utilised by the loop controller. 

Based on the above results, the following procedure for controller performance 
assessment using the minimum-variance control benchmark can be detailed: 

Procedure 3.1 Applying the Minimum-Variance Benchmark 
Step 1: Collect open-loop or closed-loop output data from the plant. The data 

should be raw, i.e. not be compressed or filtered. 

Step 2: Select a data set of n = 500 samples or more (preferably n  1000) 
containing representative disturbances present in the system. 

Step 3: From prior knowledge, an open-loop experiment or a closed-loop 
estimation technique [Harrison and Qin, 2004] estimate the time delay 
in samples. 

Step 4: Choose the autoregressive model length m for parameter estimation. 
The typical values are m = 5 up to 30. In general, the model length 
depends on the sample time and should be chosen such that the system 
impulse response is fully captured. 

Step 5: Construct the vector y  and matrix X  according to Equation (3.30). 

Step 6: Fit the model to the data to obtain i parameters. 

Step 7: From Equation (3.34), calculate the Controller Performance Index. 

Procedure End 

Example 3.1 Minimum Variance Benchmarking 
A simple example will be used to illustrate the benchmarking procedure. Consider 
a continuous-time, first order plant with the time constant T = 2 seconds and the 
time delay = 2 seconds, whose transfer function is given by: 

2

( )
2 1

seG s
s

The process is subject to stochastic disturbance modelled by adding coloured noise 
to the plant output. Only the regulatory performance is considered and hence the 
set-point is assumed to be zero. 

The plant is initially controlled by a PI controller with proportional gain K = 2 
and integral gain Ki = 0.25 (Ti = 4s). At time t0 = 1000 sec. the proportional gain is 
reduced to K = 1. The simulation results at the neighbourhood of the switching 
instant t0 are presented in Figure 3.3. Also plotted in that figure are the 
autocorrelation functions computed based on 1000 samples collected separately 
before and after the controller change, with the sample time chosen as Ts = 1 sec. 
Note that this corresponds to the discrete time delay of 1 / 3sk T  samples. 

Clearly, for the initial controller settings, there are significant correlations 
beyond the time delay, which indicates poor performance (recall from Equation 
(3.19) that in the case of MV control there should not be any correlations beyond 
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the time lag of k = 3 samples). After retuning the controller the autocorrelations die 
out quickly, indicating performance close to the optimum. 

The performance can be assessed quantitatively using the MV benchmarking 
algorithm. Setting the autoregressive model length to m = 10, the minimum 
achievable variance has been estimated as 0.22, and the Controller Performance 
Indices for the two cases follow as 1( ) 0.31PI  and 2( ) 0.81PI . These values 
are relative to the minimum-variance controller of the same sampling time as data 
collection.
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Figure 3.3. Control error and its autocorrelation function 

The index of 0.81 indicates very good performance. It may still be possible to 
achieve a small improvement by retuning the controller, however it is hard to say if 
we have already achieved the best that can be achieved with the current controller. 
It is because the minimum variance control is usually unachievable by simple 
controllers like PID, particularly in the presence of a deadtime and when a plant is 
of higher order than in this simple example. Besides, it is often undesirable to 
achieve MV control ( 1 ) as this can lead to excessive control action and poor 
robustness of the control loop. For these reasons alternative benchmarks have been 
proposed for assessing the performance of control loops. 

3.2.4 The Case of Non-zero Set-point 

In the discussion so far it has been assumed that the benchmarking data comes 
from regulatory loops where the control objective is to maintain the controlled 
variable at a certain constant set-point and reject any disturbances. Thus in the 
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assumed linearized system model the set-point was implicitly set to zero, and only 
deviations from this nominal operating point were considered. 

It may however be the case that the set-point changes occasionally during the 
data collection for the benchmarking experiment. In this case the error 

( ) ( ) ( )e t r t y t  can be used instead of the output, and Procedure 3.1 can be 
applied with no further changes. If the data set contains a large number of such set-
point changes, then they will effectively be treated as an additional disturbance and 
the CPI will then reflect the combined regulatory and tracking performance. In 
general, it is important to ensure that the data used to calculate the benchmark 
contains an adequate representation of the typical disturbances acting on the 
system. 

3.3 Introduction to Generalized Minimum Variance Control 
Benchmarking
The minimum variance criterion is valuable as a benchmark, since it gives the 
absolute limit on the performance achievable by any linear controller. Hence, if a 
loop has scored a high MV benchmark index, and the output signal variations are 
still unacceptable, performance cannot be improved by simply retuning the 
controller – changes in the controller structure (e.g. introducing feedforward 
action) are then necessary. 

However, there are real problems in implementing minimum variance 
controllers, since they often result in wide bandwidth, large noise amplification and 
lead to very aggressive control action. Under normal circumstances such 
controllers would result in saturation and excessive wear and tear on the actuators. 
Another limitation is the inability of MV control to handle non-minimum phase 
systems.  

3.3.1 Generalized Minimum Variance Control 

Clarke and Gawthrop [1975b, 1979] developed the Generalised Minimum 
Variance Controller (GMVC) for self tuning control applications by introducing 
the control signal and dynamic weighting functions into the performance index. 

Assume plant description as for the MV case (Equation (3.1)) where the set-
point r(t) is for simplicity assumed to be zero. The GMV controller minimises the 
variance of an auxiliary output of the form ( ) ( ) ( )c ct P y t F u t  as shown in 
Figure 3.4. 

The following performance index is therefore minimised subject to the process 
dynamics: 

2( ) ( )J t E t k t  (3.35) 

where ,cn ck
c c

cd cd

P F
P F

P F
 are stable dynamic weighting functions. Normally the 

weighting Pc should be chosen as an integral term, which leads to integral action in 
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the controller. The control weighting can be chosen as a constant or as a lead term 
to ensure the controller rolls-off appropriately. 
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Figure 3.4. Conceptual Generalised Minimum Variance stochastic system structure 

The control action u(t) affects the output with a k step delay, and hence the 
control weighting is defined to include the delay, i.e. k

c ckF z F . The 
‘generalised’ output k steps into the future can then be represented as: 

(t k) Pc (z 1)y(t k) Fc (z 1)u(t)  (3.36) 

A simple way of interpreting the GMV control problem is to reformulate it as an 
MV problem for a generalized plant. The last equation can be rewritten as follows: 

( ) ( ) ( ) ( ( ) ( )) ( )

( ) ( ) ( )

c c c ck

c c
ck

B Ct k P y t k F u t k P u t t k F u t
A A

P C P B
t k F u t

A A

 (3.37) 

Introducing new symbols for the generalized plant G ck c
BT F P
A

 and the 

weighted disturbance model G c
CN P
A

, obtain 

( ) ( ) ( )G Gt k T u t N t k  (3.38) 

which is in the form equivalent to (3.7).  
By analogy with the MV control law derivation, the weighted disturbance term 

can be split into unpredictable and predictable components using the Diophantine 
identity:

k
GN F z R . (3.39) 
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Equation (3.38) can now be rewritten as: 

( ) ( ) ( ) ( )k
Gt z T u t R t F t  (3.40) 

The expression for the optimal controller clearly follows by setting the term in 
brackets to zero. This gives the optimal control: 

1( ) ( )gmv Gu t T R t  (3.41) 

and the generalized output under optimal control: 

( ) ( )gmv t F t  (3.42) 

By some straightforward algebraic manipulations, the explicit expression for the 
controller can be obtained as: 

11( ) ( )gmv G ck cu t FR T F P y t  (3.43) 

Note that by setting 1cd cdP F  and 0ckF , the basic MV controller is obtained. 
The weighting Pc may be used to influence the magnitude of control input signal. 
In particular, choosing 1

0 /(1 )c cP P z  introduces integral action in the 
controller. The weighting Fck  may be used to adjust the speed of response of the 
controller and hence prevent actuator saturation. The closed-loop transfer function 
may be derived by substituting for u(t) to obtain, 

y(t) FB FckC

PcB Fck A
(t)  (3.44) 

Solving the characteristic equation: 

FcdPcnB FcnPcd A 0  (3.45) 

gives the closed loop poles. The weightings Pc and Fc may be selected such that the 
poles are located in a desired position on the complex plane. 

Error and Control Weightings for GMV Control Design 
A good starting point for GMV weightings is the rule of thumb documented by 
Grimble [2000] where the error weighting can be chosen to have integral action at 
low frequencies and to roll off at high. The control weighting can be chosen as a 
lead term to ensure the controller rolls-off appropriately (in the absence of a 
measurement noise model). This implies that at low frequencies the error 
weighting should be large and control weighting small while at high frequencies it 
should be the reverse. Using these guidelines for weighting selection, the GMV 
controller will have a very similar performance to that of the usual LQG cost 
function design [Grimble and Johnson, 1988]. That is, by appropriate choice of 
weightings:

2 2 2( ( ) ( )) ( ( )) ( ( ))c c c cE P e t F u t E P e t F u t (3.46) 
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At low frequencies |Pc| is large and |Fc| small 
At high frequencies |Pc| is small and |Fc| large

A detailed discussion on the selection of cost weightings for the benchmarking 
algorithms is presented in Section 4.5. 

3.3.2 Generalised Minimum Variance Benchmarking 

The GMV control algorithm minimises the variance of a ‘generalised’ output, 
which is defined as a weighted combination of the process variable (or control 
error) and the control signal. This is a more practical benchmark than that based on 
the minimum variance controller, since it introduces a penalty on excessive control 
action and also allows, by an appropriate choice of the weightings, the achievement 
of desirable features of the control loop, such as high gain in low frequencies, low 
gain in high frequencies and good robustness. An overview of the GMV 
benchmarking algorithm is presented in this section. 

The minimum value of the cost function (minimum variance of the generalized 
output t)) follows from Equation (3.42) as 

1
2

min
0

( )
k

i
i

J Var F t f  (3.47) 

and depends on the disturbance and the process time delay. 
It is interesting to note that the above expression for the minimum cost is 

equivalent to that for the minimum variance control but now it refers to (t),
defined in (3.42) rather than to y(t). The minimum variance controller would 
therefore lead to suboptimal control as it would not minimise the variance of (t). 
Numerically, the two minimum costs are equal if the error weighting Pc is set to 
unity.

The estimation of the GMV performance index is performed in much the same 
way as in the minimum variance case, with an autoregressive model fitted to the 
generalized output constructed from the measured data: 

1
( ) ( 1) ( )

m

j
j

t t k j t  (3.48) 

Assuming that the data are collected over a range of values of t, Equation (3.48) 
leads to the following vector-matrix formulation:  

X  (3.49) 

where: 
1

2

( ) ( ) ( 1) ( 1)
( 1) ( 1) ( 2) ( )

, ,

( ) ( ) ( 1) (1) m

n n k n k n k m
n n k n k n k m

k m m m

X
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k – process time delay (in samples) 
n  – data length 
m  – autoregressive model length 

Minimising [ ]TE  leads to the least squares solution:

1
ˆ T TX X X  (3.50) 

The estimate of the minimum variance follows from the residual variance as 

2 1 ˆ ˆˆ
2 1

T
gmv n k m

X X  (3.51) 

This value is compared with the actual variance of t  leading to the following 
expression for the GMV controller performance index: 

2

2

ˆ
ˆ( )

ˆ
gmvk  (3.52) 

where 2 1ˆ
1

T

n k m
.

The basic steps of the benchmarking procedure are summarized below. 

Procedure 3.2 Applying the Generalised Minimum Variance Benchmark 
Step 1: Collect closed-loop output and control data from the plant. The data 

should be raw, i.e. not be compressed or filtered 

Step 2: Select a data set of n = 500 samples or more (preferably n  1000) 
containing representative disturbances acting on the system 

Step 3: From prior knowledge, an open-loop experiment or a closed-loop 
estimation technique [Harrison and Qin, 2004] determine the time delay 
in samples. 

Step 4: Choose the autoregressive model length for parameter estimation. The 
typical values are m = 5 up to 30. In general, the model length depends 
on the sample time and should be chosen such that the system impulse 
response is fully captured 

Step 5: Filter the data to obtain the generalized output signal 

Step 6: Construct the vector  and the matrix X.

Step 7: Fit the model to the data to obtain i parameters 

Step 8: From Equation (3.52), calculate the Controller Performance Index 

Procedure End 
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For the controller design, the restriction imposed on the choice of the dynamic 
weightings is that the polynomial c cn cd ck cdD P F B F P A  must be strictly Schur 
(this ensures the stability of the closed-loop system). If this is not the case, the CPI 
computed from the data obtained from a (stable) existing control loop will be finite 
but corresponding to an inadmissible benchmark, and therefore will underestimate 
the controller performance. 

Example 3.2. Generalized minimum variance benchmarking 
The plant considered in this example has already been discretized and includes a 
time delay of k = 2 samples. It can be represented by the following ARMAX 
model: 

y(t) z 2

1 0.8z 1 u(t) 1
1 0.8z 1 (t)

The dynamic weightings for GMV benchmarking have been selected as  

Pc (z 1 ) 1 0.2z 1

1 z 1   and   Fc (z 1) z 2 (1 0.5z 1)

The magnitude frequency responses of the weightings are shown in Figure 3.5. 
Note that the error weighting has infinite gain in low frequencies, which penalizes 
any zero steady-state error. As a result, the optimal controller will contain integral 
action, and so should any controller that is to be benchmarked against it. Otherwise 
the benchmark value would be very small and not providing a useful comparison. 
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Figure 3.5. Frequency responses of the GMV weightings 
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The weighting choice was motivated by the fact that very often, in the process 
industries, it is the regulatory performance that is of real importance but set-point 
changes do occur occasionally. Hence the controller should include integral action. 
With the above choice of the error weighting any nonzero steady-state error would 
result in a very large value of the cost function so integral action is the basic 
requirement for any control law to be benchmarked against the optimal controller 
with the above weightings.

The assumed transfer function of the existing controller does in fact contain an 
integrator:  

C0
1 0.4z 1

(1 z 1 )(1 0.5z 1 )

The stochastic performance of this controller is shown in Figure 3.6. Besides the 
error and control signal plots, the generalized output (t) was also computed and 
plotted, together with its autocorrelation function. Significant correlations can be 
seen beyond the plant time delay, and the estimated CPI is 0.49, indicating 
potential for improvement. 

These results can be compared with those obtained from the actual GMV 
controller, calculated analytically: 

CGMV

2.44 1.44z 1

(1 z 1 )(2 1.8z 1 )

The corresponding plots are shown in Figure 3.7 and the performance is clearly 
better. In particular, the autocorrelations of the generalized output are negligible at 
and beyond the time delay, which is confirmed by the near-optimal index of 0.96. 
For such a choice of weightings the optimal minimum variance controller (which 
does not contain an integral term) would have a very low performance index.  
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Figure 3.6. Simulation results for the nominal controller 
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Figure 3.7. Simulation results for the optimal GMV controller 

3.4 MV Benchmarking of Multivariable Systems  
The SISO MV benchmark is attractive for its simplicity and minimum prior 
information required. It has become a standard feature in a number of commercial 
monitoring and diagnostic software packages. However, it has to be used on the 
loop-by-loop basis, ignoring the interactions between control loops. While this 
approximation is often valid enough to make the results useful, a typical industrial 
process contains at least a few interacting control loops and clearly it is desirable to 
assess their performance as a whole. The MIMO minimum-variance controller 
benchmark is therefore required. 

For multivariable systems, the concept of the interactor matrix was introduced 
as a multivariable generalisation of the SISO time delay term [Goodwin and Sin, 
1984]. Assuming full knowledge of the interactor matrix, MIMO MV 
benchmarking method was presented in [Harris, et al., 1996, Huang, et al., 1997, 
Ko and Edgar, 2001]. In this section, we review the basic ideas involved, discuss 
the similarities and differences as compared with the scalar case, and present an 
alternative performance assessment approach that returns the bounds on the 
controller performance index rather than the index itself, but requires less a priori
information. 

3.4.1 MIMO MV Control 

Performance limitations due to time delays are amongst the most fundamental 
problems in control. Wolovich and Falb [1976] generalised the concept of time 
delays in scalar systems to the multivariable case. They illustrated that the analog 
of a time-delay term in SISO systems is an interactor matrix in MIMO systems. In 
[Goodwin and Sin, 1984], it was proved that for every n m  strictly proper, 



98 Damien Uduehi, Andrzej Ordys, Michael Grimble, Pawel Majecki and Hao Xia 

rational transfer-function matrix T, there exists a unique, non-singular, n n  lower 
left triangular polynomial matrix D, such that D zr  and

1 10 0
lim lim

z z
DT T K  (3.53) 

where K is a full rank constant matrix. The integer r is defined as the number of 
infinite zeros of T, and T  is the delay-free transfer-function matrix of T which 
contains only finite zeros. The matrix D  is defined as the interactor matrix and can 
be written as  

1
0 1 1

d d
dD D z D z … D z  (3.54) 

where d denotes the order of the interactor matrix and is unique for a given 
transfer-function matrix, and Di  (for i=0,…,d-1) are coefficient matrices. 

The interactor matrix D can assume one of the three forms described in the 
sequel. If D is of the form: dD z I , then the transfer-function matrix T is regarded 
as having a simple interactor matrix. If D is a diagonal matrix, i.e., 

1 2( )ndd dD diag z z … z , then T is considered having a diagonal interactor matrix.
Otherwise, T  is considered to have a general interactor matrix.

A special type of an interactor matrix, which is called a unitary interactor 
matrix, was introduced in [Peng and Kinnaert, 1992], which satisfies  

1( ) ( )TD z D z I  (3.55) 

As will be seen, this is a particularly useful property for controller performance 
assessment. 

Example 3.3. Interactor matrices 
Consider a MIMO process which can be described by the 2 2  transfer-function 
matrix:

1

1

2 2

1 1

0
1 0 1

2 2
1 0 3 1 0 4

z
zT

z z
z z

It can be seen by inspection that the diagonal delay matrix 2

0
0d

z
D

z
containing the minimum time delays in each output channel is actually the system 

interactor matrix. This is because the matrix 
1 0

1 0
lim

2 2d
z

D T  has full rank. 
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If T  is changed to 
1 1

1 1

2 2

1 1

1 0 1 1 0 2

2 2
1 0 3 1 0 4

z z
z z

z z
z z

T , then 
1 0

1 1
lim

2 2d
z

D T  is singular and 

hence dD  is not the diagonal interactor of T.

Also when T  is changed to 
1

1

2 3

1 1

1 0 1

2 2
1 0 3 1 0 4

0z
z

z z
z z

T ,
1 0

1 0
lim

2 0d
z

D T  is a singular 

matrix and the interactor matrix of T  is not diagonal.  

The above example illustrates that there are two possible reasons for the 
interactor matrix of a given system not being diagonal. That is, the singularity may 
arise due to either a particular coefficient combination or due to the inherent rank 
deficiency. There is a fundamental difference between these two cases: the 
singularity due to coefficient combination is very sensitive to the coefficient 
perturbation while small variations of coefficients have no effect on the inherent 
rank deficiency case. In reality, small perturbations of the system are inevitable, 
and as a result, singularity due to coefficients combination is unlikely. It is 
reasonable to conclude that, in practice, the existence of a general interactor matrix 
is only due to the inherent rank deficiency.  

Using the unitary interactor matrix, [Huang and Shah, 1999] proposed a simple 
method of deriving the MIMO MV controller. This derivation is briefly 
summarized below. 

For a multivariable process:  

( ) ( ) ( )Y t TU t N t  (3.56) 

where (t)  is a vector of random white noise sources with zero mean, let D be the 
interactor matrix of T with order, d. The linear quadratic objective function is 
defined as  

( ) ( )T
MVJ E Y t Y t  (3.57) 

where the filtered output signal: 

( ) ( )dY t z DY t  (3.58) 

Multiplying both sides of Equation (3.56) by dz D  yields:  

( ) ( ) ( ) ( ) ( ) ( )d d dz DY t z TU t z DN t TU t d R t d F t  (3.59) 

where F and R satisfy the Diophantine identity:  
1

0 1
d d d

d

F

z DN F … F q z R  (3.60) 

and R is a rational proper transfer-function matrix.  
Since the last term in Equation (3.59) cannot be affected by the control action, 

the minimum variance control is achieved when the sum of the first two terms on 
the right hand side of Equation (3.59) is set to zero,  
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( ) ( ) 0TU t d R t d  (3.61) 

which yields 1( ) ( )U t T R t . After some manipulation, we have:  

1 1( ) ( ) ( )dU t T RF z D Y t  (3.62) 

If D is a unitary interactor matrix, then the controller defined in Equation (3.62) is 
output-ordering invariant and unique. Furthermore, this controller also minimizes 
the LQ objective function of the original output Y(t),  

( ) ( ) ( ) ( )T TE Y t Y t E Y t Y t  (3.63) 

From the above, it is clear that the interactor matrix is vital in the computation of 
the MIMO MV benchmark. From Equations (3.60) and (3.65), the benchmark can 
have the same value for two different plants as long as they have the same 
interactor matrix.  

3.4.2 MIMO MV Benchmarking 

For an arbitrary linear multivariable or multi-loop controller, the following 
inequality holds: 

( ( )) ( ( )) ( ( ))tr Cov Y t tr Cov Y t tr Cov F t  (3.64) 

The MIMO MV benchmark may therefore be defined as:  

JMV tr[Cov(F (t))]  (3.65) 

The above value can be estimated from routine closed-loop data using a 
generalization of the Harris’ algorithm presented in Procedure 3.1. An alternative 
method was proposed by Huang and Shah [1999] and is included below. 

Procedure 3.3 Applying the MIMO Minimum Variance Benchmark: Filtering 
and Correlation (FCOR) algorithm 
Step 1: Collect the output data from the plant 

Step 2: Determine the interactor matrix of the plant D and find its order d.

Step 3: Filter the data through the interactor matrix: 

( ) ( )dY t z DY t

Step 4: Estimate the noise vector sequence (t) (whitening process) – a 
common approach is to model the output signal as a VAR (Vector Auto 
Regressive) time series and then filter it to obtain the white noise 
‘innovations’ sequence: 

1( ) ( ) ( )t A z Y t

Step 5: Compute the cross-correlations between the output and the estimated 
noise:
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0

1

1

(0) [ ( ) ( ) ]

(1) [ ( ) ( 1) ]

( 1) [ ( ) ( 1) ]

T
Y

T
Y

T
dY

r E Y t t F

r E Y t t F

r d E Y t t d F

where E (t) (t)T . The right-hand sides follow from Equation 
(3.62), and the coefficients of F are thus determined. 

Step 6: Calculate the optimum covariance matrix: 

mv F0 F0
T ... Fd 1 Fd 1

T

Step 7: Compute the controller performance index: 

mv

Y

tr
tr

Procedure End 

In practice all the above theoretical values are replaced by their estimates 
calculated from a finite data set. 

Although it is possible to estimate the interactor matrix from closed loop data 
[Huang and Shah, 1999; Mutoh and Ortega, 1993], this makes the computation of 
the benchmark much more difficult. An excellent discussion of this issue has been 
presented in [Huang, et al., 2005]. The next subsection will explicitly deal with this 
problem. 

3.4.3 Performance Assessment Using Reduced a priori Information 

It is desirable to assess the controller performance based on information which is 
easy to obtain. The accurate estimation of the interactor matrix is rather involved, 
as can be seen from the algorithms for calculating a lower triangular and nilpotent 
interactor matrices proposed in [Wolovich and Falb, 1976] and [Rogozinski, et al.,
1987] respectively. It was later shown in [Huang and Shah, 1999] that the 
interactor matrix could also be determined from the leading Markov parameter 
matrices of the plant model. Therefore, the multivariable minimum variance may 
not seem a practical benchmark. However, its upper and lower bounds can still be 
obtained which require less a priori information. For example, in the recent papers 
[Huang, et al., 2005] and [Xia, et al., 2005], it was shown that it is possible to 
derive such bounds based on the knowledge of the order of the interactor matrix 
alone or from the time delays between inputs and outputs. 

As opposed to estimating the interactor matrix, it is relatively easy to determine 
the time delays between each input/output pair. This information can be obtained 
through either an open loop experiment or physical insights, and an I/O delay 
matrix can thus be constructed. It will be shown that the order of the interactor 
matrix can be found from this time delay matrix. With the order of the interactor 
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matrix known, a simple interactor of the same order as a substitute for the original 
interactor matrix may be used. The benchmark figure thus computed turns out to be 
an upper bound of the true minimum variance. Although the result is suboptimal, 
the computational procedure can be greatly simplified. Furthermore, a lower bound 
of the MV benchmark can also be computed based on the delay matrix. These 
results provide the bounds on the controller performance index. 

Finding the Order of the Interactor Matrix from I/O Delay Matrix

Let the Markov parameter representation of a strictly proper transfer-function 
matrix T  be written as:

T
i 0

Giz
i 1 (3.66) 

With Markov parameter matrices given, the interactor matrix can readily be found 
from the algorithm presented in [Rogozinski, et al., 1987]. Obviously, the order of 
the interactor matrix can also be obtained as a by-product of this algorithm.  

For a transfer-function matrix with only its I/O delay matrix given, the 
structures of the first few Markov parameter matrices can be obtained even though 
the exact coefficients may be unknown.  

Consider a plant represented by a 3 3  strictly proper, non-singular transfer 
matrix T  with an I/O delay matrix DI O :

1 3 4

2 4 5

2 3 4

( )I O

z z z
D T z z z

z z z

From this structure the Markov parameters can be determined as  

G0

0 0
0 0 0
0 0 0

, 1

0 0
0 0
0 0

G , 2

0
0 0

0
G , 3 0G , 4G ,

where  indicates a nonzero number.  
A procedure was given in [Mutoh and Ortega, 1993] which can be used to 

determine the order of the interactor matrix and obtain a reduced parameterization 
for the interactor. This procedure revealed that the order of the interactor matrix is 
in general only determined by the zero/nonzero pattern of the Markov parameter 
matrices, i.e. it is determined by DI O (T ) . This indicates that any transfer-function 
matrix with the same I O  delay matrix has an interactor matrix of the same order. 
By replacing  of the above Markov parameter matrices with any random nonzero 
number and using the algorithm of [Rogozinski, et al., 1987], the order of the 
interactor matrix can easily be determined.  

Upper Bound of the MIMO MV Benchmark
In this subsection, it will be shown that an upper bound of the MV benchmark can 
be estimated based only on the information on the order of the interactor matrix.  
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Let J tr[Cov(F (t))] , where F satisfies the following identity:  

d dz DN F z R  (3.67) 

where 1
0 1( ) d

dF z F … F z , D is any unitary interactor matrix of order d and 

0
i

ii
N N z  is a given transfer-function matrix. Then it was shown in [Xia, et al.,
2005] that J  is maximised when dD z I .

Given the order of the interactor matrix is d, the upper bound of JMV  can be 
found by estimating ( ( ( )))upperJ tr Cov F t , where F  satisfies the following 
identity:

dN F z R  (3.68) 

where 1
0 1( ) d

dF z N … N z .
The above result implies that the upper bound Jupper  is the minimum output 

variance for the plant with its interactor matrix replaced by a simple interactor of 
the same order. In other words, an attempt is made to estimate the first d
coefficient matrices of the disturbance model (3.68), i.e. the F  polynomial matrix.  

It can be shown that to estimate F  it is necessary to introduce additional delays to 
the system, for the duration of the benchmarking experiment. The reason for this 
can be briefly explained as follows. With the actual plant (having a general 
interactor matrix) in the feedback loop, and with an arbitrary controller C0 , the 
output is:  

1
0 0( ) ( ) ( ) ( ) ( ) ( ) ( )d dY t F t z R t TC Y t F t z R t D TC Y t  (3.69) 

Since in the general interactor case the term 1
0D TC  contains delays smaller than d

in at least one channel, the original polynomial matrix F  cannot be correctly 
estimated from data. Therefore additional delays need to be introduced in those 
channels. The actual number of delays needed to be added to the (i j)th  element of 
the controller transfer matrix equals d dij  where dij  is the time delay of the (i j)th

element of the I/O delay matrix.  
The advantage of this approach is that the obtained bound is controller invariant 

(depending only on the disturbance model N and the interactor order d), however 
the required temporary controller modification may be considered restrictive. In 
that case, a simple solution is to use an estimation algorithm with the original data, 
and it was shown in [Huang, et al., 2005] that this approach also provides an upper 
bound on the true MIMO MV performance. This corresponds to comparing the 
current controller performance with that of the d-step ahead controller [Harris, et
al., 1996, Huang, et al., 2005]. Because of the use of routine data in estimation, 
this is the preferred approach, although the estimated upper bound depends on the 
existing controller and hence would be different for two different controllers. 
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Compared with the former bound, based on simulation studies, it tends to result in 
a higher value for poorly tuned controllers, and a lower value for well tuned 
controllers. In the limiting case of the true MV controller operating in the loop it 
equals the true value exactly [Huang, et al., 2005]. Both considered upper bounds 
could therefore be computed together, and the lower of the two selected. This will 
be illustrated in Example 3.4. 

Lower Bound of the MIMO MV Benchmark 
An upper bound of the MIMO MV benchmark was discussed in the previous 
section. In this section, a lower bound will be introduced.  

Based on the lemmas given in [Xia, et al., 2005], the following result 
concerning the lower bound of the MIMO MV benchmark is obtained: Given a 
transfer-function matrix T, let Dd (T )  be its diagonal delay matrix with order d; the 
least conservative lower bound of J MV  can be found by estimating 

Jlower tr Cov(F (t))  where F  satisfies the following identity:  

( )d d
dz D T N F z R  (3.70) 

where 1
0 1

d
dF F … F z .

Remark: The above result can be interpreted as follows: the diagonal delay matrix 
can be considered as a simple generalization of the time delay of SISO system. Let 
ni  be the stochastic noise acting on the ith  system output:  

0 1 1( ) ( 1) ( 1) ( )
i ii d i d in f t f t … f t d f t d …

where ( )t  is white noise and di  is the minimum time delay of the ith  row of T.
Denote:

0 1 1( ) ( 1) ( 1)
id ie f t f t … f t d

It is evident that e is the portion of noise which happens before the feedback 
control can start to react and, therefore, it is independent of feedback control. 
Furthermore, there may be another portion of ni  which cannot be compensated due 
to other infinite zeros of T. This inevitably increases the achievable minimum 
variance.  

As a summary of the results presented in this section, the following procedure is 
proposed for the evaluation of the MIMO MV performance based on the I/O delay 
matrix.  

Procedure 3.4 Applying the MIMO Minimum Variance Benchmark with 
reduced prior information 
Step 1: Obtain the I/O delay matrix DI O (T )  of the plant.  
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Step 2: Construct the diagonal delay matrix Dd (T )  and calculate  

U lim
z 1 0

Dd (T )DI O (T )

Step 3: Generate three random matrices Ri R(T ) .

Step 4: If ( ) ( )irank R U min m n  for all i 1 2 3  go to step 7.  

Step 5: Determine the order of the interactor matrix (Section 0)  

Step 6: Estimate the lower/upper bounds of the MIMO MV benchmark 
including the upper bound introduced in [Huang, et al., 2005]. Select 
the lower of the two upper bounds. Go to Step 8.  

Step 7: Dd (T )  is the diagonal interactor matrix of T. Estimate the MIMO MV 
benchmark using Dd (T ) .

Step 8: Compute the CPI of the existing controller from real MIMO MV 
benchmark or lower/upper bounds.  

Procedure End 

The procedure shows how to determine the upper and lower bounds of the 
controller performance index, given only the knowledge of the I/O delay matrix 
rather than of the interactor matrix itself. The order d of the interactor matrix is 
also needed but this can be determined from the I/O delay matrix, as discussed 
before. If the true interactor matrix is diagonal, which can be established in Step 4, 
then an estimate of the true performance index is returned. The following example 
will illustrate the controller performance assessment procedure.  

Example 3.4. MIMO Minimum Variance Benchmarking
The example is similar to the one used in [Huang, et al., 2005] and involves a two-
by-two system, as described by Equation (3.56), with the plant and disturbance 
transfer matrices given as:  

( 1) 1

1 1 1 1

( 2) ( 1) 1

1 1 1 1

0 7 1 0 6
1 0 4 1 0 1 1 0 5 1 0 6
0 3 0 5 1 0
1 0 1 1 0 8 1 0 7 1 0 8

d d

d d

z z z
z z z zT N

z z z
z z z z

The white noise input (t)  is a two-dimensional white noise sequence with the 
covariance matrix I .

The diagonal delay matrix Dd  for this plant can be determined from the I/O 
delay matrix as  

( 1)

( 2)

0
( )

0

d

d d

z
D T

z
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Due to the inherent rank deficiency the plant has a general interactor matrix, and its 
order can be found to equal d. Assuming for the moment full knowledge of the 
plant model, the actual unitary interactor matrix for this example can be 
determined as  

D
0 9578zd 1 0 2873zd 2

0 2873zd 0 9578zd 1

The order of the interactor matrix is equal to the largest time delay of the system, 
however generally this does not have to be the case. The MV criterion to be 
minimized is the sum of the variances of the two outputs: J E[Yt

TYt ] , and the 
controller performance index (CPI) is defined as, 

( ) ( )
MV

T
J

E Y t Y t

In the following, it is assumed that the existing controller has a multi-loop 
structure:  

1

1

1

1 1

0 5 0 2 0
1 0 5

0 25 0 20
(1 0 5 )(1 0 5 )

z
zK

z
z z

The benchmark figures computed for increasing values of d are presented in Table 
3.1, and also shown graphically in Figure 3.8. The rows in the table correspond to 
the true minimum variance J MV  (computed for comparison purposes assuming full 
knowledge of the plant and the true interactor matrix), its lower and upper bounds 
Jlower  and Jupper , the alternative upper bound MVd  introduced in [Huang, et al.,
2005], and the lower of the two upper bounds.  

All these values have been calculated from theoretical formulas. The actual output 
variance (the denominator in the expression for the performance index) has been 
computed as the H2  norm of the system (I TK ) 1 N . The upper bounds of the CPI 
(the lower plot) have been calculated using the lower of the two upper bounds 
Jupper  and dMV .

As can be seen from these results, the d-step ahead upper bound MVd  is lower 

than the Jupper  bound for small d and higher for d 6 . The difference between the 
bounds and the true minimum variance decreases rapidly with the increasing 
interactor order - this is because, for a stable disturbance model, the Markov 
coefficient matrices that determine this difference become smaller and smaller.  
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Figure 3.8. Minimum variance and CPI bounds: theoretical figures 

The MVd  upper bound for large interactor orders is more conservative, which 
can be explained by the dependence of this bound on the controller. Since the 
performance of this fixed controller deteriorates with increasing time delays, this is 
reflected also in the bound.  

Table 3.1. Minimum variance and its bounds 

d 3  4  5  6  7  8  9  

J MV 3.53 4.24 4.61 4.83 4.95 5.03 5.08 

Jlower 2.61 3.69 4.29 4.63 4.83 4.96 5.03 

Jupper 4.22 4.61 4.83 4.96 5.03 5.08 5.11 

MVd 3.84 4.46 4.83 5.06 5.19 5.27 5.33 

min(Jupper MVd ) 3.84 4.46 4.83 4.96 5.03 5.08 5.11 

All the above concerns the determination of the exact theoretical values of the 
performance bounds. In reality, these values have to be estimated from plant data. 
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The FCOR (Filtering and Correlation) algorithm is used here for the numerical 
estimation, as described in [Huang and Shah, 1999]. The algorithm involves 
modelling the outputs as a multivariable time series in order to estimate the white 
noise driving sequences, and subsequently correlating them with the outputs to 
obtain the coefficient matrices of F  (Equation (3.69)) and F  (Equation (3.70)). 
This “whitening" step is not unique and may result in different polynomial 
matrices. However, it is worth noting that their H2  norm (the estimated variance) 
remains unchanged.  

The obtained estimates (calculated using a data set of 5000 samples), together 
with the theoretical true values, are plotted in Figure 3.9. The estimates are 
reasonably close to their theoretical values, although in some cases the estimated 
upper bound is actually lower than the true minimum variance. Taking averages 
over a number of realizations (or taking a longer data set) would improve the 
accuracy of the estimates.  

Figure 3.9. Estimated minimum variance and CPI bounds 

3.5 GMV Benchmarking of Multivariable Systems
As in the scalar case, the MV benchmarking algorithm presented in the previous 
section can be generalized to the GMV case. Most of the developments presented 
in this section have equivalents in Sections 3.3 and 3.4 so the reader is encouraged 
to refer to these sections first. 
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By analogy with the Minimum Variance control law, the GMV control 
algorithm can be defined as one that minimizes the variance of the “generalized” 
output signal t , which is a sum of dynamically weighted control error and 
control signals, and:  

( ) ( ) ( )c ct P e t F u t  (3.71) 

In the multivariable case the GMV cost function has the form: 

( ) ( ) ( ( ) ( )) ( ( ) ( ))T T
c c c cJ E t t E P e t F u t P e t F u t  (3.72) 

The multivariable dynamic weighting transfer-function matrices are defined as: 

Pc PcnPcd
1, Fc FcnFcd

1  (3.73) 

These weightings can be used to frequency-shape the responses produced by the 
controller. 

3.5.1 Generalized Plant 

The GMV problem can be reformulated as an MV problem for the generalized 
plant (as in Section 3.3), and subsequently it can be reduced from the general to the 
simple interactor problem (as in Section 3.4). Recalling the process equation: 

1( ) ( ) ( )Y t D TU t N t  (3.74) 

the generalized output (3.71) can be rewritten as follows: 
1

1

( ) ( ) ( ) ( ( ) ( )) ( )

( ) ( ) ( )
c c c c

c c c

t P e t F u t P D Tu t N t F u t

F P D T u t P N t
 (3.75) 

Introducing new symbols for the generalized plant 1
G G G c cT D T F PT  and the 

weighted disturbance model G cN P N , obtain 

1( ) ( ) ( )G G Gt D T u t N t  (3.76) 

which is in the form equivalent to (3.74). Note that DG is a unitary interactor matrix 
of the generalized plant and in general may be different from the original interactor 
D.

In order to simplify the problem to the case of a simple interactor matrix, 
consider the filtered signal 

( ) ( ) ( ) ( )d d
G G Gt z D t z T u t N t  (3.77) 

where d is the order of DG (the highest degree of its entries). Note that if DG is a 
simple interactor matrix ( DG zd I ), then ( ) ( )t t , but in general the signal ( )t
will be different though its spectrum remains the same. Because of the unitary 
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property of the interactor, the original problem (3.72) is thus reduced to 
minimizing the variance of signal t .

Similar comments regarding the estimation of the interactor matrix apply as 
they did in the MV case, the difference involving additional filtering by Pc and Fc.
Another approach is to constrain Fc to have a specific structure so that the 
interactor matrix of the generalized plant is the same as the interactor of the 
weighted plant PcW .

3.5.2 Multivariable GMV Controller 

The main step in the derivation of the GMV control law is to split the cost function 
(3.72) into two terms, one of which is independent of, and the other dependent on 
the controller. The control law then results simply by setting the second term to 
zero.

Splitting the disturbance term into unpredictable and predictable components 
using the Diophantine identity 

d
GN F z R , (3.78) 

Equation (3.77) can be rewritten as 

( ) ( ) ( ) ( )d
Gt z T u t R t F t  (3.79) 

The expression for the optimal controller follows by setting the term in brackets to 
zero. This gives the optimal control: 

1( ) ( )gmv Gu t T R t  (3.80) 

and the generalized output under optimal control: 

( ) ( )gmv t F t  (3.81) 

In order to obtain the explicit expression for the controller, combine (3.80), (3.81) 
and (3.71) to obtain, after some straightforward algebraic manipulations: 

11( ) ( )d d
gmv G G c G cu t FR T z D F z D P e t  (3.82) 

3.5.3 GMV Benchmarking 

The minimum value of the cost function (minimum variance of the generalized 
output t ) follows from Equation (3.81) as 

1

min
0

( )
d

T
i i

i
J Var F t trace F F  (3.83) 

and depends on the combined noise model and the plant interactor matrix. This 
makes the minimum variance benchmark more difficult to estimate in the 
multivariable case than in scalar case where it was only necessary to know the 
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noise model and the time delay of the system. For MIMO systems, the knowledge 
of the interactor matrix is in general equivalent to knowledge of the plant itself and 
although there have been attempts to relax this requirement, this is still a serious 
limitation in multivariable performance assessment. 

The FCOR estimation algorithm can be generalized from the minimum-
variance case. Recall that the idea is to estimate the coefficients of the matrix 
polynomial F and then use the expression (3.83) directly. This can be achieved by 
cross-correlating the generalized output t with the estimated white noise input to 
the system (signal (t)), as outlined in the procedure below. 

Procedure 3.5 Applying MIMO Generalised Minimum Variance 
Benchmark: FCOR algorithm 
Step 1: Filter the error and control signals to obtain the generalized output 

signal:

(t) Pce(t) Fcu(t)

Step 2: Estimate the interactor matrix of the generalized plant DG and 
determine its order d.

Step 3: Filter t through the interactor matrix DG to obtain t :

( ) ( )d
Gt z D t

Step 4: Estimate the noise vector sequence (t) (whitening process) – a 
common approach is to model the output signal as a VAR (Vector Auto 
Regressive) time series and then filter it to obtain the white noise 
‘innovations’ sequence: 

1( ) ( ) ( )t A z t

Step 5: Compute the cross-correlation between the output and the estimated 
noise:

0

1

1

(0) [ ( ) ( ) ]

(1) [ ( ) ( 1) ]

( 1) [ ( ) ( 1) ]

T

T

T
d

r E t t F

r E t t F

r d E t t d F

where E (t) (t)T . The right-hand sides follows from Equation 
(3.79), and the coefficients of F are thus determined. 

Step 6: Calculate the optimum covariance matrix: 

mv F0 F0
T ... Fd 1 Fd 1

T

Step 7: Compute the controller performance index: 
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mvtr
tr

Procedure End 

Example 3.5 MIMO Generalised Minimum Variance Benchmarking 
The above benchmarking algorithm will be illustrated with a simple numerical 

example. The example comes from [Huang and Shah, 1999] and involves a 2×2 
linear first-order system with time delays: 

T

z 1

1 0.4z 1

K12z
2

1 0.1z 1

0.3z 1

1 0.1z 1

z 2

1 0.8z 1

, Nd N

1
1 0.5z 1

0.6
1 0.5z 1

0.5
1 0.5z 1

1
1 0.5z 1

The set-point is assumed to be zero for both outputs (pure regulatory control). The 
parameter K12 in the plant transfer-function matrix determines the level of 
interaction between input 2 and output 1 and varies from 0 to 10. Irrespective of 
K12, the plant has a general interactor matrix which can be determined as 

D
0.9578z 0.2873z

0.2873z2 0.9578z2

The existing controller is the multi-loop minimum variance controller C0 calculated 
for the two single loops without considering the interactions: 

C0 (z 1 )

0.5 0.2z 1

1 0.5z 1 0

0 0.25 0.2z 1

(1 0.5z 1 )(1 0.5z 1 )

Two choices of dynamic weighting functions have been considered in this 
example: 

Case 1: Minimum variance weightings: 

Pc

1 0
0 1

, Fc

0 0
0 0

,

Case 2: GMV constant (static) weightings 

Pc

1 0
0 1

, Fc D 1 R1 0
0 R2

,

Parameters R1 and R2 determine the relative importance attached to both control 
variances with respect to each other and to the error variances. In this example they 
have been fixed to R1 = 3 and R2 = 5. Also note that the weighting Fc has been 
premultipled by D-1 and in this case the interactor matrix DG simply equals D.
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The system has been simulated for different values of K12 and 5000 samples of 
the error and control signal have been collected in each case. Then the FCOR 
algorithm has been applied to the interactor-filtered generalized output and the 
benchmark cost evaluated. The controller performance index (CPI) has also been 
calculated. The comparison of the error and control variances for the optimal MV 
and GMV controllers is presented in Table 3.2, and the benchmarking results are 
shown in Figure 3.10. 

Table 3.2. Error and control variances 

K12 Controller Var[e1] Var[e2] Var[u1] Var[u2]

MV 1.39 1.55 0.79 0.30 1
GMV 2.82 2.11 0.18 0.014 

MV 1.39 1.55    5
GMV 3.23 1.91 0.21 0.005 

MV 1.40 1.55    10
GMV 3.39 1.88 0.24 0.002 

0 1 2 3 4 5 6 7 8 9 10
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
Controller Performance Index

K12

C
P

I

MV (theoretical)

GMV (theoretical)

MV (FCOR)

GMV (FCOR)

Figure 3.10. MV and GMV controller performance indices 
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Comments 
Although rather simplistic, the static GMV weightings do provide a means of 
defining a benchmark with balanced error and control variances. In this particular 
example, the plant becomes non-minimum phase for K12 > 2, resulting in the 
unbounded minimum variance control, as seen in Table 3.2. The introduction of 
the control weighting makes the benchmark realizable. 

The analysis of Figure 3.10 indicates that the performance of the multi-loop 
MV controller is close to unity for small interactions between loops and decreases 
when these interactions increase. The existing controller, however, is not so good if 
the control variances are also of importance. This implies that detuning the 
controller may be needed in practice. 

3.6 Benchmarking Based on Predictive Performance Index
In the process industry, Generalised Predictive Control (GPC) algorithms have 
become increasingly popular and are being used both at the supervisory level and 
the regulatory level. However, most of the benchmarks developed so far have not 
tackled the problem of assessing the performance of predictive controllers. A new 
normalised performance index ( (HP)) for benchmarking controller performance 
against the GPC performance is developed in this section. The GPC benchmarking 
index can also be used to assess the performance of non-predictive process 
controllers against a predictive controller. This can provide a measure to indicate 
whether it is appropriate to replace an existing classical process controller with a 
more advanced predictive controller. The route followed to obtain the GP SISO 
benchmarking algorithm is modelled on that used by Harris and Desborough 
[1993], to obtain their minimum variance performance index, and it is shown that 
the new normalised performance index can be estimated by linear regression 
methods.  

3.6.1 Introduction to Generalised Predictive Control 

The Generalised Predictive Controller (GPC) [Clarke et al., 1987, Clarke and 
Mohtadi, 1989] is perhaps one of the best known algorithms in the field of Model 
Predictive Control. Moreover, the GPC algorithm can be placed within the general 
class of Minimum Variance (MV) algorithms, which suggests that it can be 
similarly suitable for benchmarking purposes. A sketch of the derivation of the 
GPC controller [Clarke et al., 1987] now follows.  

Consider an open loop process assumed to be linear, discrete time and single 
input, single output, with input-output relation as in Equation (3.84) 

y(t) z d 1B(z 1 )
A(z 1 )

u(t)  (3.84) 

 where A, B and C are polynomials in backshift operator z 1  as defined in 
Equations (3.2) to (3.4). If the process is disturbed by a stochastic disturbance 
appearing at the output, then Equation (3.84) can be rewritten as: 



Controller Benchmarking Procedures - Data-driven Methods 115 

1 1

1

( )( ) ( ) ( )
( )

dz B zy t u t t
A z

 (3.85) 

where: 

1( )( ) ( )
1( )

C zt v t
D z

 (3.86) 

where v(t)  is an external discrete white noise source with zero mean and a 
variance v

2  driving colouring filters. In most cases the disturbance polynomials C
and D are unknown and hence D is assumed equal to A(z 1 ) , where  

1(1 )z , and the polynomial C is used as a design parameter to influence the 
parameterisation and hence the performance of the controller. Hence: 

(t) C(z 1 )
A(z 1 )

v(t)  (3.87) 

and
1 1A( ) ( ) ( ) ( 1) ( )dz y t z B z u t Cv t  (3.88) 

The j-step predictor for the process can be derived by using a Diophantine 
equation to effectively split the polynomial C into two time frames as in minimum 
variance control. Define the polynomials Ej and Fj such that: 

- j
j jE A C z F  (3.89) 

where: 

Ej (z
1 ) 1 e1z

1 .......... ej 1z
j 1  (3.90) 

Fj (z
1 ) f0 f1z

1 .......... fmz m 1  (3.91) 

where max ,C Am n j n .

Then at time t=k, by multiplying (3.88) by j
jz E  obtains the j step prediction 

equation : 

A(z 1 )Ej (z
1 )y(k j) z dEj (z

1 )B(z 1 ) u(k j 1) Ej (z
1 )Cv(k j)  (3.92) 

Substituting (3.89) gives: 

y(k j)
z dEjB

C
u(k j 1)

Fj

C
y(k) Ejv(k j)  (3.93) 

Notice that the last part of the sum, i.e. Ejv(k j)  consists of future white 
noise signals. Therefore, the j-step predictor for the process output becomes: 
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ŷ(k j)
z dE jB

C
u(k j 1)

Fj

C
y(k)  (3.94) 

In order to split the j-step ahead predictor in Equation (3.93) into parts that are 
known at time k and future signals, another Diophantine equation is introduced: 

-j jj d
j

E B H
G z

C C
,        for  j  d+1 (3.95) 

Using Equation (3.95): 

ŷ(k j) Gj u(k j d 1)
H j

C
u(k 1)

Fj

C
y(k)  (3.96) 

hence:

ŷ(k j) Gj u(k j d 1) f j (k)  (3.97) 

where: f j (k)
H j

C
u(k 1)

Fj

C
y(k)

The GPC cost function to be minimised is defined as the conditional 
expectation of the cost function J based on information available at time k and
denoted as J k , where: 

2

1

2 2

1

ˆ( ) ( )  ( 1)
uNN

j N j
J r k j y k j u k j  (3.98) 

and  represents weighting on the feedback control signal u(k) . Sometimes, 
instead of the scalar quantity , a vector representing dynamic filtering coefficients 
can be used ( j inside the second sum in Equation (3.98)).  

The assumption must be made that a stabilising control law exist. The optimal 
control solution is required to be causal. The solution to this problem can be 
obtained by substituting the necessary parameters into the GPC criterion and 
solving for required control coefficients.  

Substituting Equation (3.97) in Equation (3.98), obtains: 

2

1

2 2

1
( ) ( 1)    ( 1)

uNN

j j
j N j

J b k G u k j d u k j  (3.99) 

where:  ( ) ( ) ( )     j jb k r k j f k  (3.100) 

Define: 
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1 1 21

( ) ( ) ( 1) ( T
u

T

N N N

U k u k u k u k N

k b k b k b kb
 (3.101) 

then writing Equation (3.99) in vector notation obtains: 

( ) ( ) ( ) ( )  ( ) ( )  T TJ k U k k U k U k U kb G b G  (3.102) 

where, G is a lower triangular ( ) Hp Hp matrix whose elements in the row j are 
coefficients of the polynomial Gj . 

Differentiating Equation (3.102) with respect to the vector U(k) , and setting 

0
( )

dJ
d U k

, obtain: 

U(k) GTG I
1
GT b(k)  (3.103) 

3.6.2 SISO GPC Benchmarking 

To introduce the concept of GPC control performance assessment, consider a time 
invariant process whose behaviour about a nominal operating point can be 
modelled by a linear transfer function with additive disturbance,  

1 1

1

( )( ) ( ) ( )
( )

dz B zy k u k k
A z

 (3.104) 

where ( ) ( ) yy k y k  denotes the difference between the process output variable 
and a nominal operating point ( y ) assumed to be the steady state mean value of 
the process output. And where ( ) ( ) uu k u k  denotes the difference between the 
controller output variable and a nominal operating point ( u ) assumed to be the 
steady state mean value of the controller output. 

It is assumed that the process disturbance (k)  is represented by an 
autoregressive integrated time series of the form: 

1

1

( )
( )

C zk v k
A z

 (3.105) 

Applying Diophantine equations, in the same way as in the previous section, 
the j-step nominal future process output becomes: 

ˆ( ) ( 1) ( )jy k j G u k j d f k  (3.106) 
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The modified GPC cost function to be minimised ( ), which will provide the 
basis of the benchmark cost is defined as the unconditional expectation of a 
function J:

E J  (3.107) 

2

1

2 2

1
( ) ( 1)

uNN

j N j
J e k j u k j  (3.108) 

where ( ) ( ) ee k j e k j  denotes the difference between the future process 
output error and a nominal operating point ( e ) assumed to be the steady state 
mean value of the process error, and where ( 1) ( ( 1) )uu k j u k j
denotes the difference between the future incremental controller output variable 
and a nominal operating point ( u ). Then, J can be written as: 

2

1

2 2

1
( ) ( )  ( 1)

uNN

r y
j N j

J r k j y k j u k j  (3.109) 

It is assumed that the process set point remains constant, i.e. 
r(k j) r(k) r , therefore: 

2

1

2 2

1
( )  ( 1)

uNN

j N j
J y k j u k j  (3.110) 

2

1

2

2

1

( 1) ( 1) ( ) ( )

    ( 1)
u

N

j j j j
j N

N

j

G u k j d H u k F y k E v k j
J

u k j

 (3.111) 

Taking the expectation of Equation (3.111) and noting that the expectation of 
all cross terms involving the white noise signal will be zero gives: 

E  ( ) ( )T T T T T T T Tu G G I u u G b b G u b b v E Ev  (3.112) 

where: G and b were defined after Equation (3.102), and E is a lower triangular 
matrix whose elements in the row j are coefficients of the polynomial Ej.

Equation (3.112) can be presented as the summation of two terms, one 
independent of future or past process output or control action, and hence 
irreducible and the second dependent on future control action and hence reducible: 

min 0J J  (3.113) 

where: 
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2

1

2 2
min E

N

v j
j N

J ET Tv E Ev , (3.114) 

0 E  ( ) ( )T T T T T TJ u G G I u u G b b G u b b  (3.115) 

The term E T Tv E Ev  can be interpreted as summation of the minimum variance 
of the nominal process output over the prediction/minimisation interval  

2 1- 1HP N N . The minimum performance cost  will be the sum of Jmin  and the 
minimum value of J0 . The minimum (optimal) value of the cost  J0  can be 
obtained by substituting the optimal control equation, derived in the previous 
section, to obtain: 

1

0 E ( )  T T T TJ b b b G G G I G b  (3.116) 

Thus, the minimum performance cost :

2

1

12 2 E ( )  
N

T T T T
v j

j N
E b b b G G G I G b  (3.117) 

At time k1, the performance bound  can be interpreted as the minimum value 
of the performance cost function achievable in the interval of time (k1+N1) to 
(k1+N2) for a process described by Equation (3.104). This cost is achievable if the 
control signals applied in the interval (k1) to (k1+HP) are given by Equation 
(3.103). Given that the process described in Equation (3.104) is defined as linear 
time invariant, then this property allows us to look back in time at the performance 
of the process and say what the minimum value of the cost function would have 
been in the interval (k1-HP) to (k1). This cost would have been achieved over this 
interval if the control action applied in the interval (k1- N2) to (k1- N1) were given 
by Equation (3.103). Hence, not only the future performance of a process, but also 
the past performance can be assessed.  

It is appropriate at this stage to consider the limiting case of this performance 
indicator. This case can be characterised by the following assumptions, 

0,     Nu HP,      N2 N1 1 HP,     N1 d 1 . Under these conditions the 
optimal value of J0  reduces to: 

1
0 E ( ) E 0T T T T T TJ b b b G G G G b b b b b  (3.118) 

which is equivalent to the minimum variance performance cost 

Jmin v
2 Ej

2

j N1

N2

 (3.119) 
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3.6.3 Estimation of the Normalised SISO GPC Performance Index 

Now that a theoretical minimum cost is available, it is possible to express the 
current process controller performance in terms of the theoretical minimum 
variance of the process output and the controller output. Following the lead of 
[Harris et al., 1996] and to account for offset in the process output, it is useful to 
assess the controller performance using the mean squared error (mse) of the 
process output and the controller output given as, 

1 1 1
1

2 2 2 2( ) ( ) ( )
K

k k N y u u y
k k HP

mse y mse u  (3.120) 

where  

1 1 1 1 1 1

2
1 1

T

y k HP k HP k k HP k HP ky y y y y y  (3.121) 

1 1 1 1 1 1

2
1 1 1 1

T

u k HP d k HP d k d k HP d k HP d k du u u u u u  (3.122) 

and y , u  are the mean deviation of the process output from set point and the 
mean deviation of the control output from steady state operating point. The 
normalised performance index (HP), which expresses the fractional increase in 
the process output and controller output mean square errors that arise from not 
implementing a GPC controller is defined as  

( )
2 2 2 2( )

HP

y u u y

        ( )HP , lies within [0, 1]. (3.123) 

To obtain an estimate of performance index (HP), it is necessary to estimate 
. An estimate of  can be obtained from routine operating plant data. Some a

priori knowledge of the process dead time and estimate of system order is required. 
The procedure consists of fitting a controlled autoregressive integral moving 
average time series. The approach eliminates the necessity of solving the 
Diophantine equations. From Equation (3.106) the j-step nominal future process 
output is given by:  

( ) ( 1) ( 1) ( ) ( )j j j jy k j G u k j d H u k F y k E v k j  (3.124) 

If it is assumed that 1k k j ,  where 1k  is the present time index, then 

1 1 1 1 1( ) ( 1) ( 1) ( ) ( )j j j jy k G u k d H u k j F y k j E v k   for  j d 1

(3.125) 

and:

1 1 1 1 1( ) ( ) ( 1) ( 1) ( )j j j jk k k d k j k jE v y G u H u F y  (3.126) 

Noting that, 
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0 1 11 1 1 1( 1) ( 1) ( 2) ( ).......j jk d k d k d k d jG u g u g u g u

(3.127) 

0 1 11 1 1 1( 1) ( 1) ( 2) ( ).......
hj n hk j k j k j k j nH u h u h u h u

(3.128) 

0 1 11 1 1 1( ) ( ) ( 1) ( 1).......
fj n fk j k j k j k j nF y f y f y f y  (3.129) 

where ,   nf  = max(nc - j, n A  – 1)  and  nh = max(nB – j+ d, nA  – 1). Then, using 
data points 1k  to Nk , Equation (3.129) is written in matrix notation as: 

Yj X j j  (3.130) 

where 1k Nk , and:  

1

2

N

j k

j k

j k

E v

E v

E v

Nk 0 1 0 1 0 1h f

T

j j n ng g h h f f  (3.131) 

1 1 1 1 1 1

2 2 2 2 2

1 1 1

1 1 1

1 1 1

h f

h f

N N N N h N N f

k d k d j k j k j n k j k j n

k d k j k j n k j k j n
j

k d k d j k j k j n k j k j n

u u u u y y

u u u y y

u u u u y y

X  (3.132) 

Vector j contains the coefficients of the polynomials Gj Hj Fj. The estimates of j
are found by minimizing: 

T

j j j j j j jY X Y X  (3.133) 

leading to: 
1T T

j j j jX X X Y  (3.134) 

To get the estimates of matrices ,   ,  G H F  which are needed to obtain the 
minimum performance cost, the minimization problem for j , has to be solved 
HP number of times from j = 1N  to 2N . Noting the structure of the matrix G, the 
size of the optimisation problem can reduced by using an iterative method to obtain 
the parameters of ,   ,  G H F . Over the iteration interval, the residual mean squared 
error is given by: 
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2 T
Y G u H Fy Y G u H Fy  (3.135) 

where:  

1 2

1 1

k N

k N

u

u

u

1

1

k HP

k

y

y

Y

1 2

1 2

1

h

k N

k N n

1 2

1 2 1f

k N

k N n

y

y

y

 (3.136) 

This provides an estimate for the summed minimum variance expressed in 
Equation (3.114). The vector b can be estimated using matrices H, F and a vector 
of past nominal process output and controller output signals; 

1 1( 1) ( )k kb H u Fy . The estimate of the minimum GPC performance cost is 
obtained as: 

12 ( )  T T T Tb b b G G G I G b  (3.137) 

The least square estimate of the normalised GPC performance index (HP) is 
given as: 

1

2 2

2

( )
( )  T T T T

T T
y u

HP
b b b G G G I G b

Y Y u u
 (3.138) 

A successive approximation algorithm to obtain the least square estimate of the 
normalised GPC performance index (HP)  in the time range 1k , where k is the 
present time index and kN k1, k1 kN 1000,   is set up as follows: 

Procedure 3.6 Applying the Generalised Predictive Control Benchmark 
Step 1: 
Obtain appropriately collected closed-loop plant data for the controlled variable 
and manipulated variable (process output and controller output). This means that 
the data should be free of missing and spurious points, should not be compressed 
or filtered and should be long enough. The data should be well sampled to 
eliminate aliasing effects. 
Step 2: 
Set up matrices ,   ,   ,   yu Y   as defined in Equation (3.136) 
Step 3: 
For j = 2N  set up matrices ,j jY X  as defined in Equation (3.131) and (3.132) use 

the least square solution in Equation (3.134) to obtain j . From j  extract vectors 

2 2 2
,   ,  N N NG H F
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Step 4: 
From the vector 

2NG  which contains all the coefficients of the matrix G  set-up 

the matrix G
Step 5: 
For j = 1N  to 2 1N , set up the modified matrices and vector Yj , X j  defined as: 

1 1 1

2 2

1 1

1

1

01N N N

k k d k d j j

k k d
j

k k d k d j

y u u g
y u

g
gy u u

Y

1 1 1 1

2 2 2 2

1 1

1 1

1 1

h f

h f

N N h N N f

k j k j n k j k j n

k j k j n k j k j n
j

k j k j n k j k j n

u u y y

u u y y

u u y y

X

Step 6: 
Use the least squares solution to obtain the modified j  vector defined as:  

0 1 0 1h f

T

j n nh h f f

Step 7: 
Set up the matrices ,H F
Step 8: 
Obtain the minimum variance sum 

2 T
Y G u H Fy Y G u H Fy

Step 9: 
Obtain the vector 1 11     k kb H u Fy
Step 10: 
Obtain the least square estimate of the normalised GPC performance index 

1k HP

1

1

2 2

2 ( )  T T T T

k T T
y u

HP
b b b G G G I G b

Y Y u u

Procedure end 
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Example 3.6 Generalised Predictive Control Benchmarking 
This experiment was designed to illustrate the effectiveness of the GPC benchmark 
index. A discrete time SISO process with a time delay of six (6) sample periods 
was used. Two controllers were used in turn to control the process and the 
performances compared using the GPC benchmark index. The controllers used in 
the experiment were, a PID controller which in the first instance was poorly tuned 
and then later re-tuned using Ziegler-Nichols method and a GPC controller . The 
process data from the plant was sampled every 1 second and the following 
performance index parameters where applied; = 0.7, m = 5, N= 1200, N1 = 7  
N2= 15, process delay: d =6, model order = 4, SP=55. 

Plant transfer function model: 

yk

z-7  1  0.21 z-1 0.002z-2

  1 -  1.42z-1  0.45z-2  - 0.0026z-3 uk  (3.139) 

The sensor noise was assumed to be a white noise disturbance with zero mean 
and unity variance. The disturbance model used to design the GPC controller is 
defined as: 

-1 -2

-1 -2 -3 -4

1  -1.98  0.9801 
  1 -  2.42   1.87  - 0.4526 0.0026  k k

z z v
z z z z

 (3.140) 

2 1 1 20.7,     ,      1 ,     1,   15uN HP N N HP N d N

Poorly tuned PID Controller:

uk

0.43698-0.74449z 1 0.3171z 2

1 z 1  (3.141) 

Ziegler-Nichols tuned PID Controller:

uk

0.14566-0.24816z 1 0.1057z 2

1 z 1  (3.142) 

Figure 3.11 shows the behaviour of the system using the different controllers. On 
the left hand side the step responses are presented: for the poorly tuned PID 
controller, the retuned PID and for the GPC controller. On the right hand side, 
there are values of the GPC benchmark index. It can be observed that for the 
poorly tuned PID controller the GPC index is approximately 0.33, on a scale from 
0 to 1. This confirms that the controller is poorly tuned, as seen from the step 
response plot. The GPC benchmark index for the process controlled by the 
retunded (Ziegler-Nichols) PID controller is  0.95, which when compared to the 
previous performance of the PID controller shows a remarkable improvement. The 
GPC benchmark index for the process controlled by a GPC controller equals unity, 
as expected. 
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Figure 3.11. Step responses and performance indices for the two cases of PID control and 
for the GPC control 

3.7 Summary
There has been considerable activity in the development of performance 
benchmarking tools based upon minimum variance criteria, that was recorded in 
the text by Huang and Shah. Harris showed how time series analysis techniques 
can be used to find an expression for the minimum possible cost from plant 
operating data. The main difficulty with the minimum-variance control law is that 
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it often gives high gain, wide bandwidth and unrealistically large control signal 
variations. It has value as a benchmark cost though, since economic performance 
can often be related to the variance of the set point following error. It also has the 
virtue that the value of the minimum cost can be found from simple plant test 
results. However, the fact that in many real systems the measure of changes of the 
control signal is important in assessing performance, reduces the utility of the 
minimum variance criterion. 

Although the GMV benchmark is an improvement on the minimum variance 
benchmarking index it does have a number of limitations. These include the fact 
that its stability depends on cost weightings and also that it compares the 
performance of the controller installed on the plant, which is usually a low order 
controller, against the full order optimal controller.  

The controller performance assessment of multivariable systems, using the 
minimum variance controller as a benchmark, was also discussed. In order to avoid 
the problem of estimating the interactor matrix, it was proposed to estimate the 
upper and lower bounds of the minimum achievable variance, instead of the 
minimum variance itself. An upper bound of the MV benchmark can be estimated 
using only the known order of the interactor matrix, whereas the estimation of the 
lower bound requires only the knowledge of the minimum time delays between any 
given output and all the inputs. All these can be obtained from the I/O delay matrix 
of the plant. The lower bound can be estimated from routine operating data, while 
the estimation of the upper bound normally requires introducing additional delays 
to the controller. The method can be applied to evaluate the regulatory 
performance of MIMO industrial controllers.  

The performance assessment, using the Generalised Predictive Controlled as a 
benchmark, was discussed for single-input, single-output systems. In this approach, 
the matrices needed for the predictive design are estimated from the past plant data 
and then used to assess the current performance. 

The methods were summarised in step-by-step procedures and illustrated by 
examples.  
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4.1 Introduction  
There are generally two types of performance assessment and benchmarking 
algorithms. The MV, GMV and GPC benchmark algorithms reviewed so far only 
utilize normal operating records and do not need explicit models. The benchmark 
figures of merit are computed completely independently of the control law 
calculation. At the regulatory level the controller performance assessment is based 
on variances of the process and the controller outputs. 

On the other hand, this chapter focuses on algorithms that require model 
information. Some of them enable limitations of equipment to be taken into 
consideration. Then, as a bi-product of the analysis, they also provide the optimal 
control law parameters, even for the case where the structure of the controller is 
limited to PID design. In those algorithms the benchmark performance measures 
are therefore provided together with the recommended controller parameters. The 
disadvantage is the requirement for more model information.  

Section 4.2 looks at algorithms for multivariable systems derived from a predictive 
performance index which can evaluate steady state as well as dynamic system 
performance. Sections 4.3 and 4.4 focus on performance indices that can take into 
account the structure of the required controller. 
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4.2 Multivariable Benchmarking Based on Predictive 
Performance Index

4.2.1 Setting the Scene 

For continuous processes, the performance of the controller in steady state is the 
most important factor. In this, the crucial key performance indicator (KPI) is the 
variance of a signal that can be related to process revenue.  

For systems which exhibit frequent dynamic changes (for instance batch 
processes), the variance is still an important KPI, however there are other KPI’s 
that directly affect the process revenue. These include: 

Rise Time 
% overshoot 
Settling time 
Steady state output error 

It can be observed that the formulation of the predictive control, and especially the 
predictive performance index, contains explicitly the performance indicators 
needed for dynamic performance assessment. Indeed, consider a step change in the 
set-point signal, then, the predictive controller (which is designed to minimize the 
integral of the square of the tracking error over a finite horizon) will provide short 
rise time, low percentage overshoot and short settling time. Using the cost 
associated with the square of the input signal in the performance index will reduce 
the variance of this signal.  

This section will present the derivation of equations which can be used to 
benchmark a system against a predictive performance index. In developing the 
benchmark index, based on the formulation of the GPC controller, one 
disadvantage is the fact that this formulation does not lead to the true minimum of 
the cost function. To reach the global minimum (in the steady state) the 
performance index over an infinite time period would have to be considered. This 
fact was first noted by MacGregor and Tidwell [1977] in relation to GMV 
controller. In the case of GMV controller, the corresponding optimal controller, i.e. 
the controller providing steady-state minimum of the GMV performance index, is 
the Linear Quadratic Gaussian (LQG) controller. For the predictive case, a 
corresponding (optimal) controller, which results in a minimum cost of its 
performance index, will be called Linear Quadratic Gaussian Predictive Controller 
(LQGPC). It will be derived in this chapter and used as a benchmarking reference. 
Some of the properties that make the LQGPC benchmark desirable include: 

LQG type cost functions are more robust than MV or GMV type functions 
LQG cost functions provide the lowest practically achievable performance 
bound. 
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Also, there are many situations in which the LQGPC benchmarking index would 
be very useful, including: benchmarking dynamic performance of process 
controllers, and benchmarking supervisory control systems. The LQGPC 
benchmark cost can used in situations where the main area of interest is a finite 
region / or the transient stage of the process as opposed to the steady state 
operating region. It is more applicable to servo, machine, automotive and robotic 
systems where reference tracking and transient behaviour are a priority. 

Using predictive control benchmarks has the additional advantage that no 
separate benchmarking algorithm is required for benchmarking supervisory 
controllers. This characteristic of predictive controllers was investigated for SISO 
systems by Sáez et al. [2002] and for MIMO systems by Uduehi et al. [2003]. The 
results obtained show that the same algorithm used to benchmark multivariable 
regulatory level controllers can be utilised to benchmark the performance of 
supervisory controllers.  

4.2.2 GPC/LQGPC Controller Derivation 

Unlike in the SISO case, presented in Chapter 3, the derivation of predictive 
controllers in this chapter will be based on state-space models. State space models 
are more convenient for the representation of multivariable systems. The results of 
this section apply to both the MIMO and SISO cases. In the SISO case, the state-
space GPC controller is equivalent to the polynomial version of GPC predictive 
controller, derived in Chapter 3. 
Consider the system model in the state space form: 

1t t t t

t t t

x Ax Bu Gv
y Dx w

 (4.1) 

where: xt  is a vector of system state variables of size nx.
The initial state of the system is assumed to have Gaussian distribution with the 

mean value:  0 0x x  and the covariance matrix: 

0 0 0 0 0[ ] [ ] Tx x x x X  (4.2) 

ut  is a vector of control signals of size nu,
yt  is a vector of output signals of size ny,
A, B, G, D are constant matrices. 
vt  and wt  are vectors of disturbances, whose elements are assumed to be Gaussian white 
noises with zero mean value and the co-variance matrix: 

t T T
t t T

t

v V Z
v w

w Z W
 (4.3) 

Notice that the correlation between state and output disturbances can be, for 
example, a result of converting from a polynomial description (CARMA or Box-
Jenkins) into a state space description. If the disturbances in the state space 
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formulation are correlated, i.e. Z in Equation (4.3) is non-zero, a transformation is 
applied which removes the correlation. This then enables a straightforward use of 
Kalman filter equations. Following the idea from [Anderson and Moore, 1979], 
denote:

t wt ZV 1vt  (4.4) 

Then: 

1

0
E

0
t T T

t t T
t

v V
v

W ZV Z
(4.5) 

and the disturbances vt and t  are uncorrelated. Substituting (4.4) into the output 
equation in (4.2.1) yields: 

1

1

t t t t

t t t t

x Ax Bu Gv

y Dx ZV v
(4.6) 

The state is now expanded to incorporate the noise signal vt:

t 1

xt 1

vt 1

A G

0 0
xt

vt

B

0
ut

0
I

vt 1  (4.7) 

yt D ZV 1 xt

vt
t  (4.8) 

Equations (4.7) and (4.8) describe the system with uncorrelated state and output 
disturbances. The system initial state has a Gaussian distribution with the mean 
value:

00
0 00

xx

and the co-variance matrix:  

0
0 0

0
[ ] [ ]

0
T

o o

X
x x

V

The predictive control algorithms usually incorporate integral action. It is 
possible to introduce the integral action in the controller design by changing the 
model which is used for that design. The modified model will have as the control 
input the increment in the control action ut rather than the actual control. This can 
be achieved by the following substitution [Hangstrup et al., 1997]: 

t 1

xt 1

ut

A B

0 I

xt

ut 1

B

I
ut

G

0
vt  (4.9) 

0t t ty D w  (4.10) 
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where the new control signal is: ut ut ut 1 .

Remark: For the systems with so-called direct feed through, a more general state 
space formulation can be used: 

1t t t t

t t t t

x Ax Bu Gv
y Dx Cu w

 (4.11) 

In this case, the state vector is extended [Ordys and Pike, 1998] as follows: 

t 1

xt 1

ut 1

A B

0 I

xt

ut

0
I

ut 1

G

0
vt  (4.12) 

t t ty D C w  (4.13) 

State estimator 
A state space representation has been used to describe the MIMO system under 
consideration, however in the process industry it is more common to find systems 
using output feedback as opposed to state feedback. Hence to obtain the 
LQGPC/GPC controllers using the state equations described above, a state 
estimator is required. Assuming a known distribution for the initial state of the 
system (Equation (4.2)) the estimate of the system state can be calculated using 
standard Kalman filter equations: 

1/ 1 / 1 1 / 1/ 1 1 1/ˆ ˆ ˆ ˆ ˆt t t t t t t t t t t t t t t tx Ax Bu K y D Ax Bu x K y Dx  (4.14) 

Kt 1 Pt 1/t D
T DPt 1/t D

T W
1
 (4.15) 

Pt 1/t APt /t A
T GVGT  (4.16) 

Pt 1/t 1 Pt 1/t Pt 1/t D
T DPt 1/t D

T W
1
DPt 1/t  (4.17) 

or, equivalent to the above: 

1/ / 1 / 1

/ 1

ˆ ˆ ˆ

ˆ
t t t t t t t t t

t t t t t t

x Ax AK y Dx Bu

A AK D x AK y Bu
 (4.18) 

1

1/ / 1 / 1 / 1 / 1
T T T T

t t t t t t t t t tP GVG A P P D DP D W DP A  (4.19) 

with the initial conditions (assuming that the first available measurement is y0 ): 

0 / 1 0 0x̂ x x  (4.20) 

P0/ 1 X0  (4.21) 

or (equivalent to the above): 
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1

0 0 0
T TK X D DX D W  (4.22) 

1

0 / 0 0 0 0 0
T TP X X D DX D W DX  (4.23) 

0 0 0 0 0x̂ x K y D x  (4.24) 

When the iterations described by (4.15), (4.16) and (4.17) (or, equivalently, by 
(4.15) and (4.19)) reach the steady state, the Kalman filter becomes stationary and 
it is then described by the equations: 

x̂t 1/t 1 Ax̂t /t But K yt 1 D Ax̂t /t But

A KDA x̂t /t B KDB ut Kyt 1

 (4.25) 

K Ppred D
T DPpred D

T W
1
 (4.26) 

or, in the predictor form: 

x̂t 1/t A AKD x̂t /t 1 AKyt But  (4.27) 

where Ppred is a steady-state solution of the Kalman filter prediction equation: 

Ppred GVGT A Ppred Ppred D
T DPpred D

T W
1
DPpred AT  (4.28) 

If the model used in the controller design is an incremental model (including 
integral action), as described by Equations (4.9) and (4.10) certain simplifications 
to the Kalman filter equations are possible. The initial conditions can be set-up as 
follows:

0 / 1 0
0 / 1

1/ 2 1

ˆ
ˆ

ˆ
x x

u u
 (4.29) 

where u-1 is the known (constant) level of the control signal before the Kalman 
filter is put into action, and, 

P0/ 1

X0 0
0 0

 (4.30) 

Using the definitions of block matrices as in Equations (4.9) and (4.10) and 
denoting those block matrices by ,   ,   ,   A B G D , the iterations of the Kalman filter 
Riccati equation as described by (4.16) and (4.17) will become: 

1/
1/

0
0 0

t t
t t

P
P  (4.31) 

where Pt 1/t  is updated using the prediction covariance Equation (4.19). 
The Kalman filter gain is given by: 
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1
1 1 1/ 1/

1 1/ 1/ 0 0

T T
tT T t t t t t

t t t t t t

K P D DP D WK P D DP D W  (4.32) 

Then, the state estimate update is given by: 

1/ 1 / 1 1 /

/ 1 1 /1/ 1

/ 1

ˆ ˆ ˆ

ˆ ˆˆ
ˆ

t t t t t t t t t t

t t t t t t t tt t

t t t t t

A B u K y D A B u

Ax Bu K y D Ax Bux
u u u u

(4.33) 

Therefore, the calculations of the Kalman filter can be performed for the 
original system, i.e. the system described by Equations (4.1) or (4.7) and (4. 8).  

Output Prediction 
Following [Ordys and Clarke, 1993], the k-step prediction of the output signal may 
be calculated from the relationship: 

( ) / / 1
1

ˆ ˆ
k

k k j
t k t t k t t t j

j
y y t DA x DA Bu (4.34) 

Collecting together the formulae for ŷ(t k )/t  when k changes from 1 to N+1
obtains in a block matrix form: 

( 1) /

( 2) / 1
, /

1
( 1) /

ˆ
ˆˆ ˆ

ˆ

t t t

t t t
t N t t

N N N
t N t t N

y uD DB
y uDA DAB DB

Y Ax

y uDA DA B DA B DB

 (4.35) 

State-space GPC Controller 
The performance index to be minimized is defined as follows:  

1 1 1 1
0

N T T
t t j t j e t j t j t j u t j

j
J y r Q y r u Q u  (4.36) 

where: 1t jr  represents a vector of reference (set point) signals, 

0   and   0e uQ Q  are weighting matrices. Denote: 

1

2
,

1

t

t
t N

t N

r
r

R

r

 ,      1
,

t

t
t N

t N

u
u

U

u

, e N eQ diag Q , u N uQ diag Q  (4.37) 

so that Rt ,N  is a block vector of 1N  future reference signals, Ut ,N  is a block 
vector of 1N  future control signals. Then, the performance index, neglecting a 
constant (control independent) term, can be expressed in a static (vector) form: 
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, , , , , ,
ˆ ˆT T

t t N t N e t N t N t N u t NJ Y R Q Y R U Q U  (4.38) 

Thus, by substituting (4.35) and finding the stationary point, the vector of 
optimal control signals is found as: 

1

, , ,
T T

t N N e N u N e t N t NU S Q S Q S Q R F (4.39) 

where the following matrix and vector are defined: 

1

,N

N N

DB
DAB DB

S

DA B DA B DB

(4.40) 

, / /ˆ ˆ           and     t N t t N t t N

N N

D D
DA DA

F Ax Ax

DA DA

(4.41) 

LQGPC Controller 
Notice that the GPC performance index involves a “one shot” optimisation, to 
obtain the control action (vector Ut,N). It is therefore similar to the GMV 
minimisation problem. To minimise a performance index similar to LQG, but 
suitable for predictive formulation, the LQGPC algorithm is introduced (Ordys et
al., 2006). The LQGPC performance index is defined as a sum of the indices in the 
form of (4.38):  

0

1lim
1

f

f
t

tf

J J
T

 (4.42) 

If the vector of N+1 future control signals (4.2.3) is considered as an input to 
the system and the vector of N+1 future outputs (4.35) is treated as an output, then 
the state space Equations (4.2.1) can be rewritten in the form: 

1 , ,t t t N t Nx Ax U V  (4.43) 

, , , ,t N N t N t N N t N t NY Ax S U S V W (4.44) 

where the system matrices are defined as: 

B   ,     G (4.45) 

1

N

N N

DG
DAG DG

S

DA G DA G DG

 (4.46) 
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and:

1
,

t

t
t N

t N

v
v

V

v

  , 

1

2
,

1

t

t
t N

t N

w
w

W

w

(4.47) 

Substituting the output Equation (4.44) into the performance index (4.42) 
obtains: 

, , , , , ,
0

, , , ,

0
, , , , , ,

1lim
1

1lim
1

f

f

f

f

T T
t N t N e t N t N t N u t N

tf

T

N t N t N N t N t N t N e

Ttf N t N t N N t N t N t N t N u t N

J Y R Q Y R U Q U
T

Ax S U S V W R Q

T Ax S U S V W R U Q U

  (4.48) 

Then, performing conditional expectation and neglecting control independent 
terms, the performance index to be minimized (4.48) takes the form: 

, , , , , ,
0

1ˆ ˆ ˆlim
1

f

f

T T
N t N t N t N e N t N t N t N t N u t N

tf

J Ax S U R Q Ax S U R U Q U
T

(4.49) 

It is assumed that the future reference signal values may be evaluated from the 
N first reference signals, as follows: 

Rt 1,N N Rt ,N (4.50) 

where: 

2

3
1,

2

t

t
t N

t N

r
r

R

r
and the matrix N is selected so that the best representation is given of the 
expected future behaviour of the reference signal. For example: 

choice (a)  a
N     (4.51) 

denotes that the reference signal will remain constant after N steps; or: 
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choice (b)   b
N (4.52) 

denotes that the reference signal will be set to zero after N steps. 

Introducing the extended state vector, comprising the state of the system and 
the reference signal, the extended state space equation may be written as follows: 

xt 1

Rt 1,N
t 1

A

N
t Ut ,N t Ut ,N  (4.53) 

The prediction equation then becomes: 

, , ,
ˆ ˆˆt N N t N t N N t N t NY Ax S U A S U  (4.54) 

and the error between the predicted output and the set-point is given by: 

, , , ,
ˆ ˆ ˆt N t N N t N t N N t N t NY R A S U L S U  (4.55) 

Substituting Equation (4.55) to the performance index (4.49): 

, , , ,
0

1ˆ ˆ ˆlim
1

f

f

T T
N t N t N e N t N t N t N u t N

tf

J L S U Q L S U U Q U
T

 (4.56) 

the optimal control solution is given by: 
1

, ˆT T T T
t N u N e N N e N tU Q S Q S H S Q L H  (4.57) 

where H  is a steady state solution of the Ricatti equation: 

1 1

1

1 1

T T T T
j N e N j N e N j

T T T T
u N e N j N e N j

H L Q L H L Q S H

Q S Q S H S Q L H
 (4.58) 

Equations (4.57), and (4.58) may be further simplified. Assuming that matrix 

jH  is divided into four matrix blocks of appropriate dimensions: 

1 2

2 3
j j

j T
j j

H H
H

H H
 (4.59) 

and using definitions of matrices ,  and L as implied in Equations (4.53) and 
(4.54) obtains: 

SN
TQeL SN

TQe N A SN
T  (4.60) 
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1 2T T T
j j jH H H  (4.61) 

1T T
j jH H  (4.62) 

1 2T T T
j j j NH H A H  (4.63) 

T T T T
T N e N N e

N e N
e N e

A Q A A Q
L Q L

Q A Q
 (4.64) 

1 2

2 3

T T
j j NT

j T T T
N j N j N

A H A A H
H

H A H
 (4.65) 

Then, Equation (4.57) becomes: 
11 1 2

, ,ˆT T T T T T
t N u N e N N e N t N N e t NU Q S Q S H S Q A H A x H S Q R

(4.66) 

and Equation (4.58) may be split into two equations: 
11 1 1 1

1 1 1

1
1

T T T T T T
j N e N j N e N j u N e N j

T T
N e N j

H A Q H A A Q S H Q S Q S H

S Q H A
 (4.67) 

12 2 1 1
1 1 1

2
1

T T T T T T T
j N e j N e N j u N e N j

T T
j N N e

H A Q A H A Q S H Q S Q S H

H S Q
 (4.68) 

where x̂t  can be obtained from a standard Kalman filter equation.
The state-space GPC and LQGPC controllers, derived in this section, will be 

used in the subsequent sections to formulate benchmarks enabling a comparison of 
the performance of any controller against these two predictive controllers. 

4.2.3 Calculation of the Performance in Closed-loop System 

Consider the generalised description of an (r x m) multivariable controller defined 
as

11 1

1

( ) ( )
( ) ( )

( ) ( )

m
o o

r rm
o o

c s c s
U s E s

c s c s
 (4.69) 

where 

1( )
( )

( )r

u s
U s

u s
 and 

1( )
( )

( )m

e s
E s

e s



138 Andrzej Ordys, Michael Grimble, Damien Uduehi and Pawel Majecki 

The real rational transfer functions co
ij (s)  are elements of the multivariable 

controller which, without loss of generality, can be expressed as follows:
Reduced order: 

0 1
0

0 1

...
( )

...

p
n n npij

v
d d dv

c c s c s
c s

c c s c s
Lead lag: 

0 1 2 3
0

0 1 2 3

( )( )
( )

( )( )
ij n n n n

d d d d

c c s c c s
c s

c c s c c s
PID:

0 0 1 2( ) /ijc s k k s k s

Then as documented by Pota [1996] a direct minimal order state space equation 
can be obtained for the multivariable controller in the form, 

1
co co

t co t co t co t
co

t co t co t co t

x A x B y g r

u C x D y f r
 (4.70) 

If the vector of N+1 future reference signals rt  is considered as an input to the 
state space Equations (4.70) then the controller can be rewritten in the form  

1 ,

,

co co
t co t co t co t N

co
t co t co t co t N

x A x B y G R

u C x D y F R
 (4.71) 

w

S y s te m :  
1t t t t

t t t

x A x B u G v
y D x w

C o n tro l le r :  
1 ,

,

c o c o
t tc o c o t c o t N

c o
tt c o c o t c o t N

x A x B y G R
u C x D y F R

v
y

u

R

Figure 4.1. Closed loop system state space block diagram  

The structure of the closed-loop system is given in Figure 4.1. The controller is 
described by the equations above and the system by state-space Equations (4.1), or 
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(4.7), or (4.9) and (4.10). A particular equation will be used depending on whether 
the model is extended to eliminate the noise correlation and/or to introduce integral 
control action (as explained in earlier sections). 

Remark: It is possible to use only Equation (4.2.1) for the system description and, 
when designing the controller, whichever of (4.7), or (4.9) and (4.10) is 
appropriate. The result of such an approach would be that the model used for 
control design differs from the system and this fact would have to be taken into 
account when defining the state-space equation of the controller.  

Combining together the equations for the system and for the controller 

,
co

t co t co t co t co t Nu C x D Dx D w F R  (4.72) 

1 ,

1 ,

,

co
t co t co t co t N co t t

co co
t co t co t co t N co t

co
t co t co t co t N co t

t t t

x A BD D x BC x BF R BD w BGv

x B Dx A x G R B w

u D Dx C x F R D w
y D x w

 (4.73) 

obtain:

1
1 ,

1

,

t co co t co t co
t t Nco co

t co co t co t co

t tco co co co
t t t Nco

t t

x A BD D BC x BD BG w BF
R

x B D A x B v G

u xD D C D F
w R

y xD I

 (4.74) 

Note that for predictive controllers,  
1

3
, ,

1

t

t
t N t N

t N

r
r

R R

r

 and for non-predictive controllers 3
,

t

t
t N

t N

r
r

R

r

GPC Controller 
Using Equations (4.39) and (4.41), the control action at time instant t can be 
extracted as the first nu elements from the vector Ut,N :

1

, /

, /

ˆ

ˆ

T T
t N e N u N e t N N t t

R x
GPC t N GPC t t

u S Q S Q S Q R Ax

k R k x
 (4.75) 

where:  
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1

1

R T T
GPC N e N u N e

x T T
GPC N e N u N e N

k S Q S Q S Q

k S Q S Q S Q A

Substituting for x̂t /t KD x̂t /t 1 Kyt  obtains: 

ut kGPC
R Rt ,N kGPC

x KD x̂t /t 1 kGPC
x Kyt  (4.76) 

The state of the controller can be obtained by using the Kalman filter predictor 
equation described in Equation (4.18) 

1/ / 1

/ 1 ,

ˆ ˆ

ˆ
t t t t t t

x x R
GPC t t GPC t GPC t N

x A AKD x AKy Bu

A AKD Bk KD x AK Bk K y Bk R
 (4.77) 

Therefore: 
GPC x
co GPC

GPC x
co GPC
GPC R
co GPC
GPC x
co GPC

GPC x
co GPC
GPC R

co GPC

A A AKD Bk KD

B AK Bk K

G Bk

C k KD

D k K

F k

 (4.78) 

LQGPC Controller 
Taking into account Equation (4.66), the control action at time instant t can be 
extracted as the first nu elements from the vector Ut,N :

11
,

1 2
, , /ˆ ˆ

T T
t N u N e N

T T T T R x
N e N t N N e t N LQGPC t N LQGPC t t

U Q S Q S H

S Q A H A x H S Q R k R k x

(4.79) 

where: 

11 2

11 1

R T T T T
LQGPC u N e N N N e

x T T T T
LQGPC u N e N N e N

k Q S Q S H H S Q

k Q S Q S H S Q A H A

The rest of the derivation will be identical to that for the GPC controller, 
leading to: 
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LQGPC x
co LQGPC

LQGPC x
co LQGPC

LQGPC R
co LQGPC

LQGPC x
co LQGPC

LQGPC x
co LQGPC

LQGPC R
co LQGPC

A A AKD Bk KD

B AK Bk K

G Bk

C k KD

D k K

F k

 (4.80) 

Time Evaluation of the Mean Value and the Variance 
Given a system as described by either (4.1), or (4.7), or (4.9) and (4.10) then for a 
given multivariable controller as defined in Equations (4.73) it is possible to derive 
simplified system equations to evaluate the stochastic characteristics of the closed 
loop system. From Equation (4.76) the system parameters in the extended state 
equation can be defined as follows: 

1
1 1

1

, ,

,   ,   ,

co co co co
sys sys sys

co co co co

t t
t t sys co co sysco

t t

A BD D BC BF BD BG
A B G

B D A G B

x w
P D D C D O

x v
D

 (4.81) 

Then taking the expectation of Equation (4.74) the mean of system states can 
be expressed as: 

1
1 1 ,

1

t
t t sys t sys t Nco

t

x
A B R

x
 (4.82) 

Define the sum of squares of the system states as 1 1 1
T

t t ttrace ,

then using the analyses of the stochastic properties of the GPC/LQGPC algorithm 
as considered by Ordys [1993] and Blachuta and Ordys [1987], and by using 
Equation (4.82), deduce: 

,

1

, , ,

T T T T
sys t t sys sys t N t sys

t T T T T T T
sys t t N sys sys t N t N sys sys t t sys

A A B R A
trace

A R B B R R B G G
 (4.83) 

1 , , , ,
T T T T T T T T

t sys t sys sys t N t sys sys t t N sys sys t N t N sys sys t systrace A A B R A A R B B R R B G G   (4.84) 

Let the state covariance be defined as: 

1 1 1 1 1
T

t t t t t ,

1
T T T T

t sys t t t t sys sys t t sysA A G G  (4.85) 
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1
T T

t sys t sys sys t sysA A G G  (4.86) 

The mean and the variances of the output ( yt ) and input ( ut ) signals can be 
obtained from Equations (4.74) and (4.84) as: 

t t sys ty y D  (4.87) 

t t sys t co tu u P f r  (4.88) 

and

( )
T T T T

t t t t t sys t t t t sys t ty y y y y D D w w  (4.89) 

( )
T

t sys t sys ty D D w  (4.90) 

( )
T T T T T

t t t t t sys t t t t sys co t t cou u u u u P P D w w D  (4.91) 

( )
T T

t sys t sys co t cou P P D w D  (4.92) 

4.2.4 Multivariable Benchmark Definition 

The GPC cost function is a special case of the LQGPC cost function as can be seen 
from the definitions in Equations (4.38) and (4.48). Hence in deriving a predictive 
benchmark index it is more general to use the LQGPC cost function. The 
predictive performance cost function defined in Equation (4.48), can be re-written 
as:

, , , , , ,
0

1lim
1

f

f

T T
t N t N e t N t N t N u t N

tf

J Y R Q Y R U Q U
T

0

1lim ( ) ( )
1

f

f

T

wms wms
tf

J E t U t
T

 (4.93) 

where Ewms (t)  and Uwms (t)  are defined as the weighted mean squares of the 
process output error and input respectively. Hence,  

, , , ,( )
T

wms t N t N e t N t NE t Y R Q Y R  and , ,( ) T
wms t N u t NU t U Q U  (4.94) 

Ideally, predictive benchmarking measures the energy difference between the 
predicted trajectory of the sub-optimal control and the predicted optimal trajectory 
of the LQGPC or GPC control. The predicted trajectory of the sub-optimal 
controller is not available, only the actual trajectory. Instead, the amount of work 
required by the ideal predictive controller (LQGPC/GPC) at each time instance (t)
to go from some state of the process under sub-optimal control to the desired 
terminal state in the interval (t+1,t+N) can be measured. The more sub-optimal the 
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controller, the greater the amount of work required. This benchmark measure is 
then the actual amount of wasted energy in the system in the interval (t+1,t+N).

Figure 4.2. Benchmark calculation flow diagram  

In Figure 4.2,  or   i i i i
opt LQGPC opt GPCK K K K , depending on the benchmarking 

method required. As indicated in the benchmark calculation flow diagram in Figure 
4.2, to calculate the benchmark cost, at each time instance, the state of the system 
under the existing controller Xt

sys  is measured and then used to compute the 
predicted inputs and outputs Ut ,N  and Yt ,N  as follows: 

Ut ,N kopt
R Rt ,N kopt

x Xt
sys  (4.95) 

NRt ,N MXt
sys  (4.96) 

where  ,   R x
opt optN k M k  and 

, , , ,

, , ,      

sys R x sys
t N N t N opt t N opt t N t N t N

t t N N t N t N

Y AX S k R k X S V W

Qx ZR S V W
 (4.97) 

where     and    x R
N N opt N optQ A S k Z S k

System: 
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Equation (4.97) is then used to compute Ewms (t)  and Uwms (t)  as in Equation 
(4.94). Redefining the weighted mean squares of the process output error ( Ewms )
and process input ( wmsU ) as,  

1
2 2

, , , ,

T
T

wms e t N t N t N t N eE trace Q Y R Y R Q  (4.98) 

1
2 2

, ,

T
T

wms u t N t N uU trace Q U U Q  (4.99) 

then

, , , ,

, , , ,

, , , ,

t t N N t N t N t NT
t N t N t N t N T T T T T T T T

t t N t N N t N t N

Q R S V W R
Y R Y R

Q R V S W R

, , , , ,

, , , , , , , , ,

T T T T T T T T T
t t N t t N t t t N t N t N

T T T T T T
t N t N N t N N t N t t N t N t N t N t N

Q Q R Q R Q Q R R R

R R S V S W Q R R R R R
 (4.100) 

1
2

, , , , ,

2
, , , , , , , , ,

T T T T T T T T T
wms e t t N t t N t t t N t N t N

T
T T T T T T

t N t N N t N N t N t t N t N t N t N t N e

E trace Q Q Q R Q R Q Q R R R

R R S V S W Q R R R R R Q
 (4.101) 

where  t

Xt
sys

xt
a

 and , , , ,
T T T T T

t N t N t t N t t NU U M NR M R N     

, , , ,
T T T T T T T

t t N t t t N t N t NM M NR M M R N NR R N  (4.102) 

1
2 2

, , , ,

T
T T T T T T T

wms e t t N t t t N t N t N eU trace Q M M NR M M R N NR R N Q  (4.103) 

The predictive performance cost for any controller can then be expressed as: 

1
, , , , ,2 2

, , , , , , , , ,

1
2

, , , ,

T T T T T T T T T T
t t N t t N t t t N t N t N

i e eT T T T T T
t N t N N t N N t N t t N t N t N t N t N

T
T T T T T T T

e t t N t t t N t N t N e

Q Q R Q R Q Q R R R
J trace Q Q

R R S V S W Q R R R R R

trace Q M M NR M M R N NR R N Q 2

(4.104) 
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where the parameters Q, Z, M, N are functions of the gains (  andx R
opt optk k ) of the 

optimal controller (GPC or LQGPC), and  and  t t  are evaluated using Equations 
(4.83) and (4.84) and hence depend on the actual controller used. Therefore, the 
predictive benchmark index for a given controller cx is comparing the value of Ji
from Equation (4.104) for the optimal and the actual controller, and can be defined 
as:

x

opt

c

J
J

 (4.105) 

The predictive performance cost function in Equation (4.93), can be modified 
to define a dynamic performance index over a finite period of time Tf, for a given 
reference trajectory ( ),  [0, ]fR r t t T :

0

1 ( ) ( )
1

fT

wms wms
tf

J r t E r t U r t
T

 (4.106) 

( ( ))
( ( ))

x

opt
t

c

J r t
J r t

 (4.107) 

Using Equations (4.93) to (4.109) an iterative algorithm for obtaining the 
predictive performance index over a given reference trajectory (R) can be 
expressed as follows. 

Procedure 4.1 MIMO LQGPC Predictive Benchmark 
Step 1: 
Define plant parameters A, B, D, G  and nominal controller parameters 
Aco , Bco , Dco , Gco

Step 2: 
Define the prediction horizon (N) and benchmarking parameters, i.e cost function 
weighting matrices Qe , and Qu  . For benchmarking Qe  can be a diagonal matrix, 
with the elements of the diagonal indicating the relative importance of minimising 
each process output.  
Step 3:  
Derive optimal controller (either GPC or LQGPC) using Equations (4.39) to (4.68) 
Step 4: 
Derive optimal controller parameters: i.e for LQGPC  

Aco
LQGPC , Bco

LQGPC , Cco
LQGPC , Dco

LQGPC , fco
LQGPC , gco

LQGPC , using Equation (4.80) 

Step 5: 
Arrange system matrices: 
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1
1 1

1

,  ,  

,  ,  ,  

co co co co
sys sys sys

co co co co

t t
t t sys co co sysco

t t

A BD D BC BF BD BG
A B G

B D A G B

x w
P D D C D D O

x v

for the nominal controller and optimal controller respectively using Equation 
(4.81) 

Step 6: 
Initialise stochastic parameters: 

State mean vector 0 , covariance matrix ( 0 ) and mean square matrix ( 0 )

Output and state noise covariance matrices wt  and vt

Step 7: 
Build predictive equation noise covariance matrices  

2 2 1

0 0

... ... ...
N N

DB
DAB DB

DA B DA B DB

G , and  

0 0
0
... ... ...
0 0

v
v

V

v

Step 8: 
Initialise output references rt
Step 9: 
Build reference vectors Rt ,N

Step 10: 
For the optimal and nominal controllers repeat benchmark procedure steps [11] to 
[15] for   1   t to T
Step 11: 
Calculate t , t  and mean square matrix t  using Equations (4.82) to (4.86) 

Step 12: 
Calculate output covariance ( ty ) and input covariance ( tu ) using Equations (4.89) 
to (4.92) 
Step 13: 
Calculate weighted mean square of process error  ( Ewms ) and input (Uwms ) using 
Equations (4.101) and (4.103) and then calculate i wms wmsJ E U , where i is ether 
optimal or Nominal
Step 14: 
Calculate the performance index t

Jopt (t)
JNominal (t)
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Step 15: 
Plot : ft T

Procedure ends 

Example 4.2.1 Applying LQGPC Benchmarking 
In this example the MIMO LQGPC benchmark is used to compare the 

performance of two different controllers to determine which of the two meets the 
desired level of performance. The plant used in this example is a model of a pilot-
scale binary distillation column used for methanol-water separation.  

y1(s)
y2 (s)

12.8e s

16.7s 1
18.9e 3s

21s 1
6.6e 7s

10.9s 1
19.4e 3s

14.4s 1

u1(s)
u2 (s)

3.7e 8.1s

14.9s 1
4.9e 3.4 s

13.2s 1

d(s) .

where output y1(s)  is the overhead mole fraction of methanol, y2 (s)  is the bottom 
mole fraction of methanol, u1(s)  is the overhead reflux flow rate, u2 (s)  is the 
bottom steam flow rate. 
The original model has been utilised in several controller performance studies 
[Maurath et al., 1988; Rahul and Cooper, 1997]. Two different controller 
approaches are considered for the plant, the first being a simple multiloop (filtered) 
PID and the second, an adaptation of the multiloop PID control to multivariable 
control with the inclusion of decouplers. The transfer functions for the two designs 
are:

Multiloop (filtered) PID:
2

2
1 1

2
2 2

2

0.7746 0.3755 0.1279 0( ) ( )2
( ) ( )0.1697 0.0658 0.010070

2

s s
u s e ss s
u s e ss s

s s

Multivariable controller:  
2 2

2 2
1 1

2 2
2 2

2 2

0.04213 0.02042 0.00695 0.00763 0.00296 0.000453
( ) ( )2 2
( ) ( )0.00936 0.00454 0.00154 0.00936 0.00357 0.000547

2 2

s s s s
u s e ss s s s
u s e ss s s s

s s s s
The desired control objective for the process was the minimization of the 

output variance and the reference value was assumed constant. The benchmark 
parameters were chosen to reflect this objective with: 
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prediction horizon: N =2 , control horizon: Nu =1 and cost function weighting 

matrices Qe

1 0
0 1

, and Qu

0.5 0
0 0.5

 .  

For use in the benchmarking algorithm the transfer functions for the plant and the 
controllers were converted into state space form. The LQGPC controller gains 
were computed as: 

331 0 1.1 0 40.2 0 5.6 0 215.9 118.6 1.4 0.1
10

8.7 0 21.6 0 9.9 0 54.8 0 118.6 346.8 23.3 0.4
x
LQGPCK

48 5 669 200
10

8 12 65 626
R
LQGPCK

Using the controller gains, the controller parameters ( Aco
LQGPC , Bco

LQGPC ,
Cco

LQGPC , Dco
LQGPC , fco

LQGPC , gco
LQGPC ) were obtained using Equation (4.80). 

Equations (4.81) to (4.92) were iterated over 1000 samples to calculate the mean, 
variance and mean square of the extended state, output ( ty ) and input ( tu ). From 
these the integrated MIMO and individual loop performance indices were then 
computed using Equations (4.101) and (4.103) .  

The result of the benchmarking exercise as shown in Table 4.1, indicates that the 
multivariable design with decouplers offers no additional benefits over the 
multiloop design in the steady state. The interesting aspect of the multiloop 
controller is its performance in Loop II, with an Individual Loop SISO 
Performance Index greater than 1. This suggest better performance than LQGPC 
control in the loop, however when the performance in Loop I (58% of the 
performance of a LQGPC controller) is also considered, the results suggest that the 
controller is too tightly tuned, i.e. the effect of a tight control in Loop I is a 
deterioration in the performance in Loop II. Comparing the MIMO and SISO 
performance indicators for both the multiloop and multivariable controllers 
recorded in Table 4.1, it can be observed that if interaction exist between control 
loops, then optimal performance in each individual loop does not translate into the 
optimal global system performance. This is a key reason why multivariable 
benchmarking methods are needed. 

Table 4.1. Pilot Scale Column benchmarking result 

Controller Loop 
Global MIMO 
Performance 
Index

   Individual 
Loop (SISO)
Performance      
      Index 

Output
Variance 

Input
Variance 

I 0.58 1.21 1.1Multiloop II 0.54 1.2 1.02 0.003 
I 0.52 2 0.045Multivariable II 0.55 0.36 2.8 0.0007 
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4.3 Introduction to Restricted Structure Controller 
Benchmarking
The benchmarking techniques considered so far have assessed the performance of 
existing controllers against that of optimal full-order controllers. The order of most 
optimal controllers is related to the order of the plant as well as the cost 
weightings, and this is often high, relative to classical designs such as PID 
controllers. If a benchmark figure of merit is computed for a controller of much 
higher order than can actually be used on the plant, the achievable control 
performance is likely to be overestimated. In other words, if the actual control 
performance falls short of the benchmark, it is not clear whether this is due to poor 
controller tuning, or to the fact that matching the benchmark with the low-order 
controller structure is simply not feasible.  

Recently, a method of restricted structure optimal control benchmarking has 
been introduced [Grimble, 2000], in which the controller structure may be pre-
specified. Thus, for example, if a PID structure is required, the algorithm computes 
the best PID coefficients to minimize an objective function, where the dynamic 
weightings are chosen to reflect the desired economic and performance 
requirements. The benchmark in this case is more valuable, since an engineer is 
able to tune the actual system on the plant to achieve the benchmark cost values. 
Restricted structure optimal control benchmarking therefore provides figures of 
merit which an engineer on the plant may in fact achieve. Moreover, the low-order 
controller based on the Generalized Minimum Variance or LQG benchmarks will 
have good low frequency gain, good roll off at high frequencies and will also limit 
the variances, which are related to economic performance. 

To obtain the restricted structure benchmarking solution, an optimal control 
problem is defined and a theorem is utilized from [Grimble 2000], which reveals 
that a simple cost minimization problem can be established and controller 
parameters directly optimized to achieve the low-order optimal solution. The actual 
optimization involves a transformation into the frequency domain and numerical 
optimization of the integral cost term. The results are in a convenient form where 
control activity and tracking accuracy can be assessed, and at the same time full 
order solutions compared with the restricted structure solutions. 

4.3.1 Restricted-structure Optimal Control 

The first step in the benchmarking procedure is to compute the optimal full-order 
controller. This result provides the simplified criterion for the subsequent 
numerical optimization, and can also be used to assess the existing controller 
against the full-order as well as reduced-order benchmark. The requirement is the 
knowledge of the plant model linearized around the operating point. It is also 
necessary to define the objective function which could be of the GMV or LQG 
type. In this section, the restricted-structure algorithm for the case of LQG control 
is presented. 

The system shown in Figure 4.3 is assumed to be linear, continuous-time and 
single-input, single-output. The external zero-mean unity-variance white-noise 
sources (s), (s)  are assumed to be mutually independent and drive colouring 
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filters which represent the reference Wr(s) and disturbance Wd(s) subsystems. The 
system equations become: 

y(s) W (s)u(s) d(s)  - system output (4.108) 

e(s) r(s) y(s) - control error (4.109) 

r(s) Wr (s) (s)  - reference generator (4.110) 

d(s) Wd (s) (s) - disturbance model (4.111) 

u(s) C0 (s)e(s) - control signal (4.112) 

The system transfer functions are all assumed to be functions of the Laplace-
transform variable in the complex-frequency domain, although it is straightforward 
to provide results for the discrete-time case [Grimble, 2002a]. For notational 
simplicity the arguments in the plant W(s) and the other models are often omitted. 

The system transfer functions are defined as: 

( )( )
( )

B sW s
A s

 - plant transfer function (4.113) 

( )
( )

( )
d

d
C s

W s
A s

 - reference transfer function (4.114) 

( )
( )

( )
r

r
E s

W s
A s

 - disturbance transfer function (4.115) 

Figure 4.3. Stochastic linear continuous-time system description 

The various polynomials are not necessarily coprime but the plant transfer function 
is assumed to be free of unstable hidden modes. The spectrum for the signal 
r(t) d(t)  is denoted by ff (s)  and a generalised spectral factor Yf may be defined 
from this spectrum, using 

*
f f ff rr ddY Y  (4.116) 

Wr (s) C0 (s)

Error

W(s)

Input

Vd(s)

DisturbanceSet point 

r(t) e(t) u(t)
d(t)

y(t)
Output

)(t

)(t
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In polynomial form Yf A 1Df . The disturbance model is assumed to be such 
that Df is strictly Hurwitz and satisfies 

Df Df
* ErEr

* CdCd
*  (4.117) 

These results enable the signal f = r - d to be written in the equivalent form: 
f (t) Yf (t) A 1Df (t) , where ( )s  represents the transform of a zero mean white 

noise signal of unity variance. 

Optimal LQG Controller 
The results collected in this section come from [Grimble, 2000]. The optimal 
controller is defined to minimise the following LQG cost function: 

where the dynamic weighting elements Qc

Qn

Aq
*Aq

 (positive-semi-definite) and 

Rc

Rn

Ar
*Ar

 (positive definite) act on the spectra of the error and control signals. 

The optimal controller of restricted structure, to minimise the cost function 
(4.118), can be found by minimising the simplified criterion: 

where, 

T0

H 0AqC0n G0ArC0d

AqAr (AC0d BC0n )
 (4.120) 

and G0  and H 0  are the solutions of a set of two coupled Diophantine equations: 

* * *
0 0

* * *
0 0

c q r n f

c r q n f

D G F AA B A Q D

D H F BA A A R D
 (4.121) 

with F0  of minimum degree. 
These two equations are equivalent to the following implied equation: 

0 0q r c fAA H BA G D D  (4.122) 

The polynomial Dc in the above equations is the stable solution of the following 
spectral factorisation problem: 

* * * * *
c c r n r q n qD D B A Q A B A A R A A  (4.123) 

1
( ) ( ) ( ) ( )

2 c ee c uu

D

J Q s s R s s ds
j ∫�  (4.118) 

*
0 0 0 0 0

1 1

2 2D

J T T ds T j T j d
j ∫ ∫�

 (4.119) 
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Parametric Optimization Problem 
To show how the parametric optimization is set up, assume that the existing 
controller is a PID controller with a filtered derivative term: 

C0 k0
k1

s

k2s

1 s
 (4.124) 

The restricted-structure controller design problem then amounts to finding such 
values of k0, k1 and k2 that minimise (4.119). Since the parameters appear both in 
the numerator and denominator of (4.120), this is a nonlinear optimization problem 
and hence has to be solved iteratively. The assumption is made here that a 
stabilising control law exists for the assumed controller structure. 

To set up the optimization problem, rewrite (4.120) as 

T0
C0nL1 C0d L2

C0nL3 C0d L4

C0nLn1 C0d Ln2  (4.125) 

where 

L1 H0Aq , L2 G0Ar , L3 AqAr B , L4 AqAr A

Ln1(s)
L1

C0nL3 C0d L4

Ln2 (s)
L2

C0nL3 C0d L4

 (4.126) 

and the controller numerator and denominator in 1nL  and 2nL  are assumed known 
(carried over from the previous iteration). 

Evaluating the complex function 0( )T j , the real and imaginary part of 0T  can 
be written as 0 0 0

r iT T jT . By separating the optimization parameters, the 
following expression is obtained: 

0 0 0 1 0 1 0 1 0 1 1 1 1 1 1 1 1 1 1

2 2 1 2 1 2 1 2 1 0 2 0 2 0 2 0 2

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

r r i i i r r i r r i i i r r i
n n n n n n n n

r r i i i r r i r r i i r i i r
n n n n d n d n d n d n

T k L L j L L k L L j L L

k L L j L L C L C L j C L C L
 (4.127) 

or

0 0 0 0 1 1 1 2 2 2
r i r i r i r iT k f j f k f j f k f j f g j g  (4.128) 

where the definitions of ( )if j  and ( )g j  terms are obvious from (4.127). 
For numerical optimization, the cost function (4.119) needs to be approximated 

with a finite summation: 

0 00 0 0
1

1 ( ) ( )
2

N

l l
l

J J T j T j  (4.129) 

where N is the number of frequency points. Evaluating the terms in square brackets 
in (4.127) at each frequency point, separately for the real and imaginary parts, the 
above equation can be represented in the following matrix form:  
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0 1 1 1 2 1 1

0
0 0 1 2

1
0 0 1 1 1 2 1 1

2

0 1 2

( ) ( ) ( ) ( )

( ) ( ) ( ) ( )
( ) ( ) ( ) ( )

( ) ( ) ( ) ( )

r r r r

r r r r r
N N N N

i i i i i

i i i i
N N N N

f f f g

k
T f f f g

k Fx g
T f f f g

k

f f f g

 (4.130) 

where 0 1 2[ , , ]Tx k k k .
The optimisation can be performed by minimising the sum of squares of 00J  at 

each frequency point as discussed in [Yukimoto et al., 1998]. The minimisation 
cost term becomes: 

00 ( ) ( )TJ Fx g Fx g  (4.131) 

from which the optimal parameters for the current iteration can be obtained: 
1

0 1 2[ , , ] ( )T T Tk k k F F F g  (4.132) 

The procedure requires the vector of initial optimization parameters to be 
provided, and is repeated until a specified stopping criterion is satisfied. 

4.3.2 Restricted Structure Controller Benchmarking 

Once the optimal RS controller has been determined, its performance can be 
compared with that of the actual controller. The value of the cost function for both 
the optimal RS controller 0

RSJ  and the actual controller 0
ActJ  can be calculated 

substituting the controller transfer functions into (4.119). The algorithm presented 
in [Åström, 1979] can be used, or alternatively a numerical integration can be 
performed. 

Finally, the controller performance index can be calculated as 

0

0

RS

Act

J
J

 (4.133) 

The performance index  lies in the range [0,1] , where ‘0’ corresponds to very 
poor control and ‘1’ to the optimal RS control. In the second case it is not possible 
to improve the controller tuning (in terms of the specified cost criterion). The point 
is that, unlike in the MV and GMV benchmarking, the ‘1’ can actually be achieved 
by the existing controller. Moreover, the optimal tuning parameters are readily 
available as a ‘by-product’ of the benchmarking algorithm. The obvious drawback, 
on the other hand, is the need for model information. 

The procedure for RS-LQG benchmarking will now be presented, assuming the 
filtered PID as the existing controller structure. It is assumed that the system model 
has been identified or is otherwise available. 



154 Andrzej Ordys, Michael Grimble, Damien Uduehi and Pawel Majecki 

Procedure 4.2  RS-LQG benchmarking 
Step 1: Compute the spectral factors (4.117) and (4.123), and solve the coupled 
Diophantine Equations (4.121) 

Step 2: Select the vector of initial optimization parameters 0 0 0
0 0 1 2[ , , ]Tx k k k , the 

frequency range, derivative filter time constant , and the stopping criterion 

Step 3: Define: 

0 (1 s )s , 1 (1 s ) , 2 s2 , C0d (s) (1 s )s  (4.134) 

Step 4: Set 0x x

Step 5: Define 

C0n (s) 0 (s)k0 1(s)k1 2 (s)k2  (4.135) 

Step 6: Calculate the transfers defined in (4.126), (4.127), (4.134) and (4.135) 
for all chosen frequency points. 

Step 7: Collect the above values in the matrix-vector form: 

0 1 1 1 2 1

0 1 2

0 1 1 1 2 1

0 1 2

( ) ( ) ( )

( ) ( ) ( )
( ) ( ) ( )

( ) ( ) ( )

r r r

r r r
N N N

i i i

i i i
N N N

f f f

f f f
F

f f f

f f f

,

1

1

( )

( )
( )

( )

r

r
N

r

r
N

g

g
g

g

g

Step 8: Solve the least-squares problem for the controller parameters: 
1

0 1 2[ , , ] ( )T T Tx k k k F F F g

Step 9: If stopping criterion not satisfied, go to Step 5.

Step 10: Compute the optimal PID controller 

Step 11: Compute the benchmark values for both the existing and the optimal 
PID.

Step 12: Compute the controller performance index (4.133) 

Procedure End 

An alternative formulation of the controller performance index is to define  

min
2

min 0

J
J J

 (4.136) 
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where minJ  is the minimum achievable cost, corresponding to the optimal LQG 
controller. This formulation involves the additional calculation of minJ  but allows 
both values to be compared with the absolute optimum. 

4.4 MIMO Restricted Structure Benchmarking 
Restricted-structure controller design and benchmarking of multivariable systems 
are based on similar ideas as those presented in the previous section for the scalar 
case, with the exception that it is also possible to assess the structure of the 
controller as well as its tuning. In the case of an r m multivariable plant, the 
controller transfer-function matrix is of size m r and all elements of this matrix 
can have a specified structure. Of course, it is possible to further restrict this 
structure for some specified elements by forcing one, two, or even all of the 
parameters ki to be zero – that last case simply means that no feedback exists 
between the specified output-input pair. By computing the benchmark figures 
corresponding to various configurations it is possible to determine the potential 
benefits resulting from the introduction of additional loops to the system. If this 
turns out to be greater than the cost of installation, wiring, maintenance etc., the 
optimal tuning parameters are then available. On the other hand, the procedure may 
certainly be useful in optimal tuning of existing controllers. 

The results presented in this section follow the procedure for the RS-LQG 
benchmarking, which has been used in [Grimble, 2001b] and [Greenwood and 
Johnson, 2003]. In constrast with the results of Section 4.3, the discrete-time 
system description will be used. The notation that involves the tensor product of 
matrices comes from [Maciejowski, 1989]. 

4.4.1 Multivariable RS-LQG Optimal Control 

By analogy with the scalar RS-LQG controller, the part of the cost function to be 
minimized by the restricted-structure controller is defined as 

where 
1 1 1 1 1

2 0 3 0 0 0( )( )o q d r n d n fT GD H C HD H C AC BC D  (4.138) 

and the polynomial matrices G, H, D2, D3,and Df are defined by the following 
equations: 

* * *
f f r r d dD D E E C C  (4.139) 

1 1 1
1 1q rA A BA B A  (4.140) 

*
0 0 0

1

2 D

dz
J trace T T

j z∫�  (4.137) 
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1 1
2 2f qD AA A D  (4.141) 

1 1
2 3f rD BA B D  (4.142) 

* * *
0 0 2 2c q r nD G F A A B A Q D  (4.143) 

* * *
0 0 2 3c r q nD H F B A A A R D  (4.144) 

* * * * *
c c r n r q n qD D B A Q A B A A R A A  (4.145) 

The details of the derivation of the optimal controller are omitted but the interested 
reader is referred to [Grimble, 1987]. 

The optimal full-order controller sets (4.137) to zero – however, when the 
controller structure is restricted, the minimum value of (4.137) will generally be 
nonzero. As already mentioned, the controllers are assumed to have a filtered PID 
structure and the multivariable controller can thus be represented in matrix form as 

C0 K0 K1
1

1 z 1 K2
(1 z 1 )
1 d z

1  (4.146) 

where 

11 12 1

11 22

1

i i i
r

i i

i

i i
m mr

k k k
k k

K

k k

i = 0,1,2

The controller can also be represented in the equivalent right matrix fraction 
form as C0 C0nC0d

1 , where

C0d (z 1 ) (1 z 1 )(1 d z
1 ) Im  (4.147) 

and

C0n (z 1 ) 0 (z 1 )K0 1(z 1 )K1 2 (z 1 )K2  (4.148) 

with

0 (z 1 ) (1 z 1 )(1 d z
1 ) , 1(z 1 ) 1 d z

1 , 2 (z 1 ) (1 z 1 )2

A parametric optimization algorithm is used to minimize the cost function 
(4.137) with respect to the restricted-structure controller parameters; then (4.146) 
gives the formula for the optimal restricted-structure controller. Backsubstituting 
into the cost function and comparing with the value obtained for the existing 
controller results in the controller performance index. 
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A useful way of checking if the algorithm works correctly is to calculate the 
values of the cost function for controllers of increasingly restricted structure (i.e. 
for which more and more parameters, or controller elements, are forced to be zero) 
– obviously, the corresponding cost values should increase. 

There now follows a solution to the optimization problem. 

4.4.2 Solution of the Parametric Optimization Problem 

The algorithm is a direct generalization from the SISO case and involves 
representing the integral (4.137) in the frequency form: 

Min
C0

trace{To (e j )To (e j )}d
0

2

 (4.149) 

where all the polynomial matrices are functions of the complex frequency 
argument e j .

This is a nonlinear optimization problem because the controller parameters 
appear both in the “numerator” and “denominator” matrices in expression (4.138), 
and therefore an iterative method of solution is utilized. The basic idea is the same 
as in the SISO case: assuming the “denominator” matrix 0 0( )d nAC BC  is known 
(calculated in the previous iteration), a minimization is performed with respect to 
the parameters that appear linearly in the “numerator” matrix. This step is repeated 
a number of times, resulting in the successive approximation algorithm. The 
stopping criterion depends on the achieved convergence or on the number of 
performed iterations. The basic steps of the algorithm are presented in Figure 4.4.  

yes 

Start: initialize C0

Calculate “denominator” of To

Perform optimization assuming 
constant ‘denominator’

Solution converged
OR 

Maximum No. of 
iterations reached? 

Return C0 and stop

no 

Figure 4.4. Successive approximation algorithm 

Perform optimisation assuming 
constant ’denominator’ 
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The actual optimization algorithm (the shaded frame in Figure 4.4) will now be 
described. This problem is very similar to Edmunds’ algorithm described e.g. in 
[Maciejowski, 1989] and in what follows the notation used there is adopted. 

Begin by rewriting (4.138) as 

0o o n oT Y A C B  (4.150) 

where: 
1 1 1

2 0 0 0( )q d d n fY GD H C AC BC D  (4.151) 

1 1
3o rA HD H  (4.152) 

Bo (AC0d BC0n ) 1 Df  (4.153) 

Since the least squares algorithm is to be applied, it is necessary to collect all 
the controller parameters in one column vector. For that purpose define the 
columns of matrices To, Y and Con as: 

0 1 rT t t , 1 rY y y , 0 1n rC n n

and introduce the notation  for the Kronecker or tensor product of two matrices: 
if P has p rows and q columns, and Q has r rows and s columns, then P Q is a 
pr qs matrix defined as: 

11 12 1

21 22 2

1 2

q

q

p p pq

p Q p Q p Q
p Q p Q p Q

P Q

p Q p Q p Q

By stacking the columns on top of one another, obtain: 

1 1 1

2 2 2[ ( ) ( )]T
o

r r r

t y n
t y n

B z A z

t y n

 (4.154) 

Next, notice that the last vector on the RHS of (4.154) can be represented as 
0 1 2

1 0 11 1 11 2 11
0 1 2

2 10 21 1 21 2 21

0 1 2
0 1 2

( )

r mr mr mr

n k k k
n k k k

z v

n k k k

 (4.155) 

where 1( )z  is the matrix with mr rows and 3mr columns: 
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0 1 2

0 1 21

0 1 2

0

( )
0

z  (4.156) 

and v is a column vector containing all the controller parameters: 
0 1 2
11 11[ ]T

mrv k k k

Finally, defining 

1[ ]T T T
ry y , 1[ ]T T T

rt t

X [B0
T (z) A0 (z)] (z 1 )

gives

Xv  (4.157) 

which is in the standard form for the least squares calculation: is a known vector, 
X is a known matrix, v is a vector of unknown parameters, and  is a vector of 
“errors”, the variance of which is to be minimized. This error does of course relate 
to the cost to be minimized with the restriction on the controller structure. 

The next step is to calculate the integral (4.137). This is achieved by dividing 
the frequency range into a number of frequency points and approximating the 
integral with a finite summation: 

trace{To (e j )To (e j )}d
0

2
T (e j i ) (e j i )

i 1

N

 (4.158) 

The problem thus amounts to minimizing the sum of squares of (4.158) at each 
of the specified frequency points. Assembling the data from all these points, 
obtain:

( ) ( ) ( )

( ) ( ) ( )

i s i s i s

N s N s N s

j T j T j T

j T j T j T

e X e e
v

e X e e
 (4.159) 

The terms in (4.159) are split into their real and imaginary parts: 

Re j Im X XRe jXIm Re j Im

to create a new matrix equation: 
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1 1 1

Re 1 Re 1 Re 1

Re Re Re

Im 1 Im 1 Im 1

Im Im Im

( ) ( ) ( )

( ) ( ) ( )
( ) ( ) ( )

( ) ( ) ( )

N N N

N N N

X

X

X
v

X

X

 (4.160) 

The final least-squares solution is then 

vopt (X1
T X1 ) 1 X1

T
1  (4.161) 

Remarks:
The solution (4.161) assumes that the controller has a full structure with all the 
elements of the matrix being PID controllers. However, restricting the structure 
(forcing some of the parameters to be zero) can be achieved simply by omitting the 
corresponding columns in (4.159). 

The alternative solution is to represent (4.137) as a quadratic form: 

Jo vT P( )v 2Q( )v C  (4.162) 

where the matrices P and Q are frequency dependent and are approximately 
calculated for the specified frequency range. The solution follows from minimizing 
the gradient of (4.162) as 

vopt [P( )] 1Q( )  (4.163) 

This approach has been used in [Greenwood and Johnson, 2003] to calculate 
the multivariable restricted-structure LQG controller. 

4.4.3 Benchmark Cost Calculation and Controller Performance Index 

The previous section described the algorithm for computing the optimal restricted-
structure controller, which can be considered a useful result in itself. However, in 
order to benchmark the existing controller, there are a few steps left: 

(a) Calculate the minimum value of Jo (corresponding to the optimal RS 
controller): 

(b) Calculate the value of Jo for the existing controller structure: 

(c) Calculate the Controller Performance Index: 

*
0

| | 1

1
{ }

2
RS

RS RS

z

dz
J trace T T

j z∫�  (4.164) 

*
0

| | 1

1
{ }

2
act

act act

z

dz
J trace T T

j z∫�  (4.165) 
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0

0

RS

act

J
J

 (4.166) 

The Restricted-Structure LQG benchmarking algorithm can now be 
summarized. The required information for this algorithm is the knowledge of the 
full system model (polynomials matrices A, B, E and Cd). 

Procedure 4.3  RS-LQG benchmarking: MIMO case 
Step 1:  Compute the spectral factors (4.139) and (4.145), and solve the coupled  

Diophantine Equations (4.143) and (4.144). 

Step 2: Select optimization parameters: initial point, frequency range, stopping  
criterion

Step 3: Set K K0

Step 4: Calculate the transfers defined in (4.151), (4.152) and (4.153) for all 
chosen
frequency points. 

Step 5: Collect the above values in the matrices as in (4.160) 

Step 6: Solve the least-squares problem for the controller parameters as in  
(4.161) 

Step 7: Set K Ki . If stopping criterion not satisfied, go to Step 4.

Step 8: Compute the optimal PID controller 

Step 9:  Compute the benchmark values for both the existing and the optimal  
PID.

Step 10:  Calculate the controller performance index (4.166) 

Procedure End 

4.4.4 Numerical Example 

The application of restricted-structure controller benchmarking to system structure 
assessment will now be illustrated. 

The system description is as in Example 3.5. The low-order controllers are 
assumed to be of the filtered PID structure with the derivative filter “time constant” 

0.5d . In order to compare “like with like”, the existing controller will also be of 
the above type. It will be a multi-loop PID controller tuned using Ziegler-Nichols 
rules separately for two loops. This controller has been assessed against the full-
order GMV controller, the optimal full-structure PID, optimal diagonal PID and 
two optimal triangular PID controllers. The values of the restricted structure 
optimal cost term 0

RSJ , defined in Equation (4.164), have been calculated for all 
these different configurations and compared with the value obtained for the 
existing controller, defined in Equation (4.165).Then, the CPIs ( ) have been 
obtained from Equation (4.166). The results are collected in Table 4.2. 
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Based on these results it is possible to tune the existing PID controllers 
”optimally” (in terms of the specified cost function) or predict how additional 
controllers would affect the performance of the system. This can be used as an 
indication of the profitability of the possible investment. In this example, it is clear 
that the upper triangular structure, i.e. introducing feedback between output 1 and 
input 2 (rather than between output 2 and input 1) would bring greater 
improvement. This simple example illustrates the potential of the technique in 
analyzing structure, pairing the input-output variables and as a tuning guidance. 

Table 4.2. Structure assessment results 

Controller Multi-loop 
PID RS full RS diagonal 

#1
RS diagonal 

#2
RS upper 
triangular

RS lower 
triangular

J0 2.803 0.015 0.086 0.502 0.036 0.066 

0.5% 100% 17% 3% 42% 23% 

4.5 Weighting Selection for Benchmarking Algorithms 
The selection of a cost function for benchmarking and performance assessment is 
always problematic. It is normally an iterative process and may require a 
simulation model being available. The form of the error weighting and the control 
weighting are probably defined beforehand but the actual size of the cost function 
weightings will depend upon the speed of response required from the system and 
other considerations. 

In general, the more information that is available about the control system to be 
assessed, the easier it becomes to provide and interpret the weighting functions. In 
this section, the choice of weightings for the three following cases is discussed: 

no prior information available 
selection based on the existing stabilizing controller 
approximate process model available 

The cost function weighting selection methods are presented for both GMV and 
LQG control and benchmarking. It may easily be shown that with reasonable 
choices of dynamic cost function weightings, a GMV controller gives similar 
responses to those of an LQG controller. Thus, a weighting selection method that 
works for GMV designs will also apply to LQG solutions [Grimble, 1981; 1988].  

4.5.1 General Guidelines (No a priori Information) 

In the rather rare case when no information is available about the control system, 
only very general guidelines for weighting choice can be given. Moreover, it is 
also in the nature of control design itself that the selection of cost weighting 
functions usually involves engineering judgement rather than precise rules. Hence 
it is difficult to state rules which ensure a given behaviour is obtained, since in 
most cases a number of criteria must be satisfied at the same time and trade-offs 
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must be made. The following guidelines will however provide a basis for selecting 
and changing cost function weightings for GMV and LQG problems. 

RULE 1 The weighting choice should be consistent with the existing 
controller structure – in practice this means that if the existing controller is of 
the PID type, the error weighting should include an integrator (see also RULE 
2). The resulting optimal benchmark controller would then also contain integral 
action.

RULE 2 The common requirement is that the error weighting Pc should 
normally include an integral term 

11
cn

c
P

P
z

Pcn may be constant or they may have the form 1(1 )z  where 0 1  is a 
tuning parameter (the larger , the sooner integral action is “turned off”) 

The general effect of introducing integral error weighting is to introduce high 
gain into the controller at low frequencies. This result is also valid for more general 
disturbance models. If, say, a system has dominantly sinusoidal disturbances of 
frequency 0 , then the weighting can include a lightly damped second order 
system with natural frequency 0 . In other words, the error weighting should have 
a high gain in the frequency range where the disturbances dominate or good 
tracking accuracy is required.

RULE 3 The control weighting Fc can be chosen as a constant or as a lead 
term:

cF  or 1(1 )cF z

where  and  can be considered tuning parameters. In the case of the GMV 
design,  should normally be negative. 

Introducing a high gain at high frequencies on the control weighting term 
ensures the controller rolls-off at high frequencies and does not amplify the 
measurement noise. Controller roll-off at high frequencies occurs naturally in LQG 
or H2 designs due to the use of a measurement noise model. 

If the system is to be made faster then the magnitude of the control weighting 
should be reduced. One method of getting into the vicinity of a good solution is to 
try small control weightings and then a much larger control weighting and 
interpolate between the two to obtain the type of response required. For example, if 
the small control weighting gives a one-second response and the large control 
weighting gives a 50-second response then something in between should give an 
intermediate value for the dominant time constant. Such a procedure does of course 
require iteration and a simulation model, and on some systems too low control 
weightings might lead to very harsh actuator movements. Nevertheless, cost-
weighting selection can be achieved by such an iterative process.  
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4.5.2 Selection Based on the Existing Controller Structure 

If a system is already controlled by a PID controller, or some other well defined 
classical control structure, then a starting choice of GMV cost function weighting 
is to choose the ratio of the error weighting divided by the control weighting equal 
to the aforementioned controller. There are several assumptions to make this result 
valid but it is a starting point for design. Moreover, it has realistic frequency 
response characteristics for weightings inherent in the approach. For example, a 
PID controller clearly has high gain at low frequency and if it includes a filter then 
it will have low gain at high frequencies. This is exactly the type of response 
needed for the ratio between the error and control weightings. 

The GMV procedure is therefore to use the transfer of the existing controller to 
define the cost function weightings. An indirect benefit of this approach is that it is 
always difficult to sort out the type of scaling required for defining the cost 
weightings. Clearly, a system which has different physical parameters will require 
different cost function weightings, even though the underlying process is the same. 
By utilising the existing controller structure to define the cost weightings this 
scaling problem is avoided. Moreover, the type of transient response characteristics 
obtained for the unmodified optimal control solution will probably be of the same 
order as those for the classical design. This therefore provides a starting point for 
weighting selection [Grimble and Johnson, 1988, Grimble, 1994 and 2001a]. 

As a justification for the above discussion, it was shown in [Grimble, 2005] that 
the GMV controller may be implemented in a Smith Predictor structure. If the 
system is in the state space model form, the structure is as shown in Figure 4.5, 
which is intuitively reasonable and easy to explain. Note from the control signal u
to the feedback signal p that the transfer is null when the model Wk

kz  matches 
the plant model. It follows that the control action, due to reference signal r
changes, is not due to feedback but involves the open-loop stable compensator and 
the inner feedback loop. This inner-loop has the ratio of the error to control 
weightings Fck

1Pc  acting like an inner-loop controller, with return difference 
operator: I Fck

1PcWk . Thus, if the plant already has a PID controller that 
stabilises the delay free plant model, the weightings can be chosen equal to the PID 
controller. The choice of the weightings to be equal to a PID control law is only a 
starting point for design, since stability is easier to achieve. However, the control 
weighting will normally require an additional lead term (or alternatively a high 
frequency lag term may be added to the error cP  weighting). The high frequency 
characteristics of the optimal controller will then have a more realistic roll off. This 
may not be necessary if the PID solution already has a low pass filter for noise 
attenuation.
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Figure 4.5. GMV controller in the Smith predictor form 

The method described above provides a very fast way of generating the desired 
cost weighting functions. Once the existing controller structure is known then the 
required weightings follow almost immediately. It is true that some adjustment 
may be necessary after this initial selection, since it is generally the case that the 
magnitude of the control weighting function needs to be reduced to speed up the 
system. In this way, the initial design will normally be close to the existing 
classical controller but the design can be much improved by reducing the value of 
the control weighting term. Since the initial design will probably give reasonable 
responses this procedure reduces the danger of any experiments on the plant.  

4.5.3 Process Model Available 

The full utilization of the dynamic weightings is only possible when full 
knowledge of the process model linearized around the working point is available. 
The model does not need to be very accurate – in fact, a simple first or second 
order approximation is often quite sufficient. 

The following paragraphs are concerned with the selection of the LQG 
weightings in the continuous-time case, as in (4.118). However, as noted before, a 
similar procedure applies also to the selection of GMV weightings, with the 
additional discretisation step involved. 

The general rules given in Section 4.5.1 suggest a possible parameterization of 
the dynamic cost weightings, of the form: 

Qc Hq
*Hq    and    Rc Hr

*Hr

where 

Hq 1 q /s     and     Hr (1 s/ r )  (4.167) 

Clearly Hq (s q ) / s  represents integral action, which is cut off at the 
frequency q . If q 0  the minimum variance (constant) term dominates. If c

is the desired unity gain crossover frequency for the system, q can be chosen as 
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q c /10 to initiate a design. The resulting Hq has unity gain in the mid to high 
frequencies and the control weighting must be chosen relative to this value. 

The weighting Hr is a lead term and r  should be selected to roll-off the 
controller, where measurement noise dominates. A starting value for a benchmark 
design is r 10 c . The value of  is chosen to determine the speed of response of 
the system. The intersection point for the frequency response magnitude plots of 
Hq(s)W(s) and Hr(s) will be denoted by 0  and this frequency is often close to the 
unity gain crossover frequency for the system. Let g  represent the corner 
frequency for the dominant time constant in the plant model W. Then 0 c  can 
be chosen to be 0 3 g  for a process plant and 0 10 g  for a machine control 
system. 

To determine , the point at which the plots of Hq(s)W(s) and Hr(s) intersect is 
required. That is, 

| Hq ( j 0 ) | . |W ( j 0 ) | | Hr ( j 0 ) |  (4.168) 

At a particular frequency 0 write:

Hq ( j 0 )W ( j 0 ) Hw
r jHw

i  (4.169) 

and

Hr ( j 0 ) (Hr
r jHr

i )  (4.170) 

Then  can be found as the point where 
2 ((Hr

r )2 (Hr
i )2 ) (Hw

r )2 (Hw
i )2  (4.171) 

To summarise the design choices: 
Typically 3 g 0 10 g and c 0

q 0 /10  and r 10 0  (4.172) 

(Hw
r )2 (Hw

i )2

(Hr
r )2 (Hr

i )2  evaluated at 0 . (4.173) 

Only three parameters are needed to fully determine the simple weightings 
given in (4.167): 

Cut-off frequency q [rad/s] 
Cut-off frequency r [rad/s] 
Control weighting gain 

The first two can be determined given only the dominant process time constant. 
To find parameter , however, the knowledge of the plant model W is required. If 
no such accurate model is available, then there are two possible options to 
consider:
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plant model W is approximated with first order dynamics using the dominant 
time constant and the gain. 

is considered a tuning parameter that determines the relative importance of 
the variance of the error signal and control activity – hence, changing this 
parameter will modify the speed of response of the system. 

Figure 4.6. Error and Control Weighting Frequency Responses (two control weighting 
choices all with common intersection point at the frequency 0 )

A procedure will now be given for the weighting selection, which assumes that 
a first-order lag approximation of the process model (i.e. the process gain and the 
dominant time constant) is available. 

Procedure 4.3 LQG weighting selection based on the 1st order plant model 
Step 1:  Determine the process gain K, dominant time constant and choose the 

scaling factor  which is a number from 3 to 10 – higher numbers 
indicate faster desired response. For example,  = 3 may correspond to 
a process plant, and  = 10 to a machine control system. 

Step 2:  Compute the plant corner frequency g 2 /  [rad/s] 

Step 3:  Compute c g

Step 4: Compute q c /10  and r 10 c

Step 5: Compute r

K c

( c
2

q
2 )( c

2 2 1)
( c

2
r
2 )

Step 6: Calculate the weightings as in (4.167) 

Procedure End 
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4.6 Summary
The predictive benchmark provides a means of obtaining a metric that could judge 
the performance of predictive controllers as well as compare the performance of 
non-predictive controllers against the generalised predictive control standard. The 
LQGPC benchmarking index is an improvement on the MV benchmarking index 
because due to the formulation of the control problem, it does not have the same 
problem with non-minimum phase processes as the MV control law and just like 
the GMV index it introduces a penalty on the control action used. The predictive 
optimisation function includes a cost term on control action and can be readily 
modified to include constraint and provides the possibility of using the 
LQGPC/GPC performance index to benchmark systems with constraints.  

Also the GPC benchmarking index does not rely on exact knowledge of the 
process time delay as does the MV algorithm and for the MIMO case avoids the 
need to obtain or manipulate interactor matrices. There are however some practical 
limitations with using the GPC benchmarking index, which assumes a priori
knowledge of the system description and the calculation of the performance cost 
can be complex and computationally intensive.  

The Chapter also introduced the concept of restricted structure performance 
assessment and using the RS-LQG benchmark index to compare the performance 
of PID controllers against the performance of an optimally tuned PID controller. 
Considering that the size of most optimal controllers is equal to the order of the 
plant and the cost weightings, then any benchmark using the MV, GMV or 
LQGPC controllers as a reference will be using controllers which are often of high 
order, relative to classical designs such as PID controller. If a benchmark figure of 
merit is computed for a controller of much higher order than can actually be used 
on the plant it is not a very effective measure. The restricted structure 
benchmarking index offers the ability of comparing “like for like” and also returns 
the control parameters required to achieve the desired performance. 

The MV and GMV benchmarking indices all rely on output/input variance as being 
the key performance indicator (KPI) for processes. While this might be certainly 
true for continuous processes, where steady state performance is of more interest. 
For batch type processes however output/input variances are not necessarily the 
key KPI, since the dynamic performance of the process is often more important 
than its steady state performance. The model driven performance cost of the 
LQGPC and RS-LQG benchmarking index, offer the ability to consider the 
dynamic performance of controllers and hence are applicable to some batch type 
processes making them very versatile and adaptable. 



5

Divided Wall Distillation Column Simulation Study 

Damien Uduehi (1), Hao Xia (2), Marco Boll (3), Marcus Nohr(3), Andrzej Ordys (4)

and Sandro Corsi (5)

(1) Strategy and Planning Coordinator (West Africa), BG Group, Reading, UK, 
(2) Research Fellow, Department of Electronic and Electrical Engineering, University of 
Strathclyde, Glasgow, UK, 
(3) BASF Aktiengesellschaft, Ludwigshafen, Germany, 
(4) Professor of Automotive Engineering, Faculty of Engineering, Kingston University, 
London, UK, 
(5)  Manager, CESI SpA, B.U. Transmission & Distribution, Milan, Italy.  

5.1 System Description 
In this case study, the controller performance of a divided wall distillation column 
(Figure 5.1) is investigated. Considering a mixture of three components A, B and 
C, where A is the lightest boiling and C the heaviest boiling; in a conventional 
direct sequence arrangement, the separation of these components uses two cascade 
distillation columns: in the first column A would be separated from B and C, while 
in the second one, B would be separated from C. With the divided wall column 
technology, the two columns are compacted into one shell in which the middle part 
of the column is divided vertically by an internal wall. This technology generally 
leads to equipment cost reduction and significant energy savings.  

From a thermodynamic point of view, a divided wall column can be substituted 
by a system of four columns (Figure 5.2), coupled by vapour and liquid flows. 
Each column in this structure represents one of the four compartments of the 
divided wall column (Figure 5.2). The part above the dividing wall corresponds to 
the upper column (C1) and the part below to the bottom column (C4). The feed 
side of the dividing wall corresponds to the pre-column (C2), and the reduction 
side to the main column (C3). This structure was also used for the simulation 
model. 
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Figure 5.2. Divided wall column distillation process 

The ultimate control objective of the divided wall column is the purity of all 
three components. As there are no online measurements of purity in the plant, three 
temperatures are controlled as substitutes: the temperatures in the pre-column C2 
(Y1), in the main column C3 (Y2) and in the bottom column C4 (Y3). Y3 should be 
controlled in the interval between B and C boiling temperatures, whereas Y1 and 
Y2 should be maintained in the interval between A and B boiling temperatures. The 
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temperatures Y1 and Y2 of the pre- and main columns are both influenced by the 
split ratio U1 and the reflux ratio U5: the reflux ratio U5 has the same influence on 
both temperatures with slow dynamics, whereas the split ratio U1 moves both 
temperatures rather fast and in different directions. Therefore, since the 
temperature Y2 in the main column is more important for the product purity than 
the temperature Y1 in the pre-column, the temperature in the main column Y2 is 
controlled with the faster manipulated variable, the split ratio U1. The temperature 
in the pre-column Y1 is therefore controlled with the slower manipulated variable, 
the reflux ratio U5. The temperature Y3 in the bottom column is mainly dependent 
on the flow U2 of component B, which has almost no influence on the other 
controlled variables. Two other variables are also under control: the level Y5 in the 
bottom column and the pressure Y4 inside the plant. 

These input/output variables are summarized in Table 5.1 and the control loop 
pairings are given in Table 5.2. 

Table 5.1. BASF process input/output variables 

Inputs Outputs 

U1 : Liquid split ratio between columns 
C2 and C3 Y1 : Temperature in C2, TC2 

U2 : Flow of component B Y2 : Temperature in C3, TC3 

U3 : Heating energy for component C Y3 : Temperature in C4, TC4 

U4 : Cooling energy in the condenser Y4 : Pressure in C1, PC1 

U5 : Reflux ratio of component A Y5 : Level in the column sump, LC4 

U6 : Flow of component C 

Table 5.2. The control loop pairing 

Loop
number 

Loop description Measurement Manipulated 
variable 

I Temperature control pre-column Y1 U5

II Temperature control main column  Y2 U1

III Temperature control bottom column Y3 U2

IV Column pressure control Y4 U4

V Sump level control Y5 U6

5.1.1 Divided Wall Column Simulator 

The study was carried out on a plant model which was developed by BASF and 
validated against real plant data. The model has approximately 400 states, and a 
sample time of 60 seconds. The simulator uses the themodynamic substitute shown 
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in Figure 5.2 with a total of 90 trays for the four columns. The model was 
developed to describe the divided wall distillation column process around its 
nominal condition, so no precautions were taken to handle abnormal 
thermodynamic situations like a vanishing liquid phase on one of the trays. This 
results in a limited range of operating conditions for the simulation model. In the 
simulator, besides the main variables introduced before, there are several other 
input variables as listed below. These variables are used as process disturbances 
and/or variables for modifying operating conditions:  

Feed flow 
Feed composition 
Temperature sensor noises 
Pressure sensor noise 
Heating energy for component C 
Energy lost to the environment 

Table 5.3 shows the standard operating conditions of the BASF plant. The 
concentrations of components A, B and C in the feed stream are given as molar 
concentrations. Furthermore, to prevent the simulator from abnormality, the output 
temperatures must respect the constraints defined in Table 5.4. 

Table 5.3. Standard operating conditions for BASF plant 

Controlled 
Variable Value Manipulated

Variable Value Other variables Value 

Temperature TC2 126 °C Split ratio 1.242 Concentration A 0.136 
Temperature TC3 126 °C Flow of B 1437.81 g/h Concentration B 0.717 
Temperature TC4 143 °C Cooling energy 3137 W Concentration C 0.147 
Pressure C1 90000 Pa Reflux ratio 18.6 Feed Flow 2000 g/h 
Level 0.5 (norm.) Flow of C 291.47 g/h Heating energy 2800 W 
    Heat Loss 0 W 

Table 5.4. Temperature constraints 

For temperature TC4 = 145°C 
 Min. Max 
Temperature TC2 120°C 127°C 
Temperature TC3 120°C 127°C 
For temperature TC4 = 143°C 
Temperature TC2 120°C 132°C 
Temperature  TC3 120°C 132°C 
For temperature TC2 = TC3 = 126°C 
Temperature TC4 141.5°C 150°C 
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Therefore, for a stable simulation the set points should be set at: 

TC2= 126°C 
TC3= 126°C 
TC4= 143°C 

The process has an integrating behaviour: this means that in open loop, the 
simulation could eventually run into an unstable situation. Hence the following 
precautions, recommended by BASF engineers, have been observed when running 
simulations: 

For process identification, open loop tests were performed but only small 
perturbations were used, as big steps in the inputs could trip the 
simulation. 
The temperature profile of the process is non-linear hence only variations 
of 5 C  around the set points should be used for step test. The only 
exception was the bottom column, which is, for stability, situated 
eccentrically in the almost linear part of the temperature profile: it is 
possible to get only 1.5 C  but 7 C  step tests. 
It is recommended to maintain the MVs (Manipulated Variables) under 
soft constraints as reported in Table 5.5. 
For concentration, values ±10% deviations are recommended. 
The heat loss is given as watt per Tray, so a value of 1W  represents an 
overall loss of about 90W. It seems that 12W/Tray is the maximum loss 
which is possible, and for no more than a very short time. 

Table 5.5. Ranges for manipulated variable 

Manipulated Variable Min Max

Split ratio 0.5 2

Flow of component B 0 2500

Flow of component C 0 1000

Heating energy 2400 3500 

Reflux ratio 5 25

5.2 SISO Benchmarking Profile 
For the purpose of SISO benchmarking analysis, it is necessary to define the 
input/output pairing for each SISO control loop. In this study, only the currently 
applied pairings (see Table 5.2) between MVs (Manipulated Variables) and CVs 
(Controlled Variables) on the modelled BASF plant are considered. The heating 
energy is not used for SISO control. 

BASF is especially interested in the steady state stochastic performance of the 
divided wall column. Therefore, each SISO loop will be analysed for different 
values of: 
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feed flow rate 
feed composition (A, B and C) 
temperature sensor noises for Y1, Y2 and Y3
pressure sensor noise for Y4
energy lost to the environment 

For SISO benchmarking, the loops will be benchmarked one at a time, and 
performance will be assessed with no consideration of how the performance of one 
loop affects the other. Three different benchmarking algorithms are used: 

MV: Minimum variance benchmarking index 
GMV: Generalised minimum variance benchmarking index 
RS-LQG: Restricted structure Linear Quadratic Gaussian benchmarking 
index. 

5.3 MV and GMV Benchmarking

5.3.1 MV and GMV Benchmarking Test Set-up 

To assess the performance of the PID controllers used on the divided wall column, 
MV and GMV benchmark test were conducted for 8 different operating conditions 
(Table 5.6). For each operating condition, a simulation was run and plant 
input/output/set-point data were collected. The data sets were then used to estimate 
the benchmark index with a tolerance of 0.01%. 

Table 5.6. MV and GMV benchmarking tests 

Case 1 Case 2 Case 3 Case 4 Case 5 

Temperature TC2 126 °C 126 °C 126 °C 126 °C 126 °C 

Temperature TC3 126 °C 126 °C 126 °C 126 °C 126 °C 

Temperature TC4 143 °C 143 °C 143 °C 143 °C 143 °C 

Pressure C1 90000 Pa 90000 Pa 90000 Pa 90000 Pa 90000 Pa 

Level Column Sump 0.5 cm 0.5 cm 0.5 cm 0.5 cm 0.5 cm 

Concentration A 0.136 0.136 0.136 0.136 0.272 

Concentration B 0.717 0.717 0.717 0.717 0.434 

Concentration C 0.147 0.147 0.147 0.147 0.294 

Loop Sensor Noise Variance 0.0001 0.001 0.001 0.0001 0.0001 

Heat Loss 0 0 1 1 0 

Feed Flow 2000 g 2000 g 2000 g 2000 g 2000 g 
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Table 5.6. Continued 

Case 6 Case 7 Case 8 

Temperature TC2 126 °C 126 °C 126 °C 

Temperature TC3 126 °C 126 °C 126 °C 

Temperature TC4 143 °C 143 °C 143 °C 

Pressure C1 90000 Pa 90000 Pa 90000 Pa 

Level Column Sump 0.5 cm 0.5 cm 0.5 cm 

Concentration A 0.272 0.136 0.272 

Concentration B 0.434 0.717 0.434 

Concentration C 0.294 0.147 0.294 

Loop Sensor Noise Variance 0.0001 0.0001 0.0001 

Heat Loss .2 0 .2 

Feed Flow 2000 g 1500 g 2200 g 

To obtain good performance in the MV and GMV benchmark estimation, the 
general user parameters used for both algorithms were set as follows: 

One benchmark value calculated per data set 
Length of auto-regressive model: m = 10 
Data set length = 1000 
Ts = 1 min. (Note that the BASF model has a sample time of 60 seconds; so that 

1 time instance in the model is equivalent to 60 seconds in the real plant). 

5.3.2 Key Factors of MV and GMV Benchmarking  

There are several key factors affecting the acceptability of the results of the 
benchmarking exercise:  

Dead Times 
To use the MV or GMV benchmark algorithm, knowledge of actual loop dead 
times is essential. In fact, the theory of MV and GMV benchmarking assumes that 
information on the process dead times is available. If the actual loop dead times are 
not used then the results returned by the algorithm would be biased. The sign of 
this bias would depend on whether the dead time used in the calculation of the 
benchmark index was greater or less than the actual loop dead time. Moreover, if 
the wrong loop dead times are used, the index value cannot be interpreted as 
MV/GMV benchmark but should be regarded as a sort of user defined performance 
index [Desborough and Harris, 1992] 

Therefore, estimating the MV and GMV benchmark index for process loops 
without any knowledge of the loop delay is a real problem and it is not practical to 
use normal operating data for MV/GMV benchmarking without first having 
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knowledge of the loop delay or trying to estimate it from the data. As suggested by 
both Thornhill et al. [1999] and [Desborough and Harris, 1992], the performance 
index can be treated as a function of dead time by plotting the value of the 
benchmark index over the range of the minimum and maximum estimated dead 
time. Then, analysing the patterns of these curves, it might be possible to obtain a 
reasonable guess of a suitable estimate of dead time for use in benchmarking. This 
has been performed for the MV benchmarking trial. The benchmark indices were 
computed for all loops over dead time ranging from 1 to 20 sample intervals. 

For Loops I, II, III and IV the value of the benchmark index did not change 
significantly as the dead time increased. The value of changes in the benchmark 
index were less than the value of the standard deviation of the computed 
benchmark index, hence such change can be assumed to be stochastic and 
generated by the noise. The conclusion drawn was that it is highly probable that the 
dead times for these loops is either 1 or 2 sample intervals. Unfortunately, for Loop 
V no practical conclusion could be reached from such a test. However, it may be 
possible to overcome this obstacle with a physical analysis of process: as Loop V is 
a level control loop, it should be an integrator of global mass balance errors; so it 
can be assumed that for Loop V as well, dead time may be either 1 or 2 sample 
intervals.

Error and Control Weightings for GMV 
The GMV benchmark algorithm needs a set of dynamic error and control weights 
to compute the performance index. These weights act as design parameters that 
specify the type of optimal controller required. Because of this it is difficult to 
compare the performance results returned for the same process control loop when 
two different set of weightings are used. Hence to efficiently use the GMV 
benchmark index as a performance assessment tool, the user is required to know 
and specify the optimal performance requirements for the control loop under 
assessment. In practice, knowledge of the performance specifications for process 
loops may be readily available from process control engineers or relevant 
documentation; these specifications are usually in terms of gain margins, phase 
margins, bandwidth, overshoot, rise time, etc. However, it must be clear that 
translating these specifications into frequency dependent dynamic error and control 
weighting functions may not be straightforward, and also that there might be sets 
of weightings for which no stable control solution is possible. 

To obtain adequate weights, a more detailed knowledge of the plant dynamics 
is required. The weight selection procedure [Grimble, 2000b], summarized in 
Chapter 4, provides guidelines for the selection of weights once an estimate of the 
desired dominant closed-loop time constant (T) of the process is obtained. Let Pc
and Fc denote the desired weights, then: 
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with p c / 10 , c f 10 c  and c 0

Where c  denotes the desired unity-gain crossover frequency, g  represents 
corner frequency, for the dominant plant time constant and 0  is the frequency 
point at which intersection of Pc and Fc occurs, i.e. 0 will determine the point at 
which the control weighting has more influence than the error weighting term. 
Frequency 0 should typically be ten times greater than g for a machine control 
system and less for a process plant.  

Two methods are possible to assess the time constants for use in weighting 
selection:

They are fixed by process control engineers as being the time constants 
that give the desired closed loop response pattern 
They are determined from the open loop time constants: then each 
desired closed loop time constant is taken j times lower than the open 
loop time constant, with  j in the interval from 3 to 10. 

The first method has been adopted for this study; the open loop time constants 
calculated for the five process loops are shown in Table 5.7 as well as the 
computed error and control weightings. 

Table 5.7. Time constants and error and control weightings for GMV benchmarking 
performance of BASF plant 

T Pc Fc

Loop I 100 sec. 1.002 0.9985z 1

1 z 1

0.07667 0.05667z 1

1 z 1

0.01

Loop II 80 sec. 1.002 0.9981z 1

1 z 1

0.0633 0.04333z 1

1 z 1

0.01

Loop III 15 sec. 1.01 0.99z 1

1 z 1

0.02
1 z 1

0.01

Loop IV 400 sec. 1 z 1

1 z 1

0.2767 0.2567z 1

1 z 1

0.01

Loop V 500 sec. 1 z 1

1 z 1

0.3433 0.3233z 1

1 z 1

0.01
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Operating Conditions 
If the system is assumed to be linear and time invariant, the benchmark algorithm 
which is based on linear system theory is invariant to operating points. However it 
is understood that many processes contain some elements of nonlinearity, even if 
they are assumed to be linear around their operating point. Hence the benchmark 
index produced by the benchmark algorithm will only be applicable in regions 
around the operating point at which it was computed. If the process operating point 
is changed, a new set of benchmarks must be computed at the new operating point. 

5.3.3 Benchmarking Results and Interpretation 

For the MV and GMV benchmarking test, the operating point of BASF plant was 
changed eight times corresponding to the eight cases of Table 5.6. The loop time 
delay was estimated from an open loop step test and at each operating point, 
process operating data was collected for each loop and benchmarked with both MV 
and GMV algorithms. For the GMV test, it was assumed that the control 
performance objectives could be approximated by using the control and error 
weightings computed in Table 5.7 with the Grimble [2000b] guidelines and a 
scalar term ( ) in the control weighting equal to 0.01. 

For both MV and GMV benchmarking, the test results are shown in Tables 5.8 
and 5.9. These results showed a variation in the performance of the controllers as 
the operating conditions were changed. This trend is more significant in some 
control loops than in other, and also seems to be more characteristic for GMV 
benchmarks. After an analysis of benchmark index sensitivity to parameters and 
operating conditions as presented in Sections 0, a decision was made to assess the 
performance of the existing loop controllers at the nominal operating conditions 
(Case 1). The results of that assessment are discussed in Sections 0 and 0.  

MV and GMV Benchmark Sensitivity to Operating Condition 
For the MV benchmarking tests (Table 5.8), Loops III and V have both an index of 
above 0.97 in all operating conditions. This suggests that compared to the MV 
controller, these two loop controllers are optimal in all the above conditions. The 
performance of the process controllers for Loops I and IV seem to be sensitive to 
the operating conditions. In Loop I, for two variations of the operating point the 
performance of the loop controller was degraded considerably from an average of 
0.97 to 0.8. For Loop IV, there were significant variations from the average loop 
performance of 0.15 to 0.07 and 0.3. Loop II shows only one case of performance 
variation to changes in the operating conditions, with a degradation of performance 
from an average of 0.97 to 0.39 (Case 4). 

For the GMV benchmark (Table 5.9), only the performance of the controller in 
Loop II can be regarded as being optimal in all operating conditions, with a 
benchmark index of above 0.92 in all cases. The performance of the controllers in 
Loops I, III, IV and V show significant variations in the value of the benchmark 
index as the operating point of the process was changed. Unlike in the MV test, the 
values of the performance index returned for Loop I seems to change with each 
operating condition varying from a low of 0.27 (Case 7) to a high of 0.87 (Case 3). 
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This suggests that the characteristics of the process in loop I are significantly 
different in each of these operating regions.  

Although the values of the benchmark index change significantly with the 
operating point for Loops III, IV and V, the performances recorded in all cases are 
so poor that such changes do not make any difference to the interpretation of the 
benchmark index. 

The sensitivity of index to operating conditions indicates inherent non-
linearities in the process, with the result that the optimal controller in one operating 
conditions may not be optimal when the operating conditions are changed. This 
suggests that: 

The benchmark index gives an idea of controller performance around 
the current operating conditions. For this reason, the benchmark analysis 
should be applied in operating conditions representative of normal plant 
conditions.

If the normal plant functioning requires frequent or quite frequent 
changes of operating conditions, it is important to repeat the benchmark 
analysis at different characteristic operating conditions in order to have a 
realistic assessment of controller performance. 

Table 5.8. MV benchmark table 

Lo
op
No. 

Case 1 2 3 4 5 6 7 8 

Index 1 1 .99 .80 .99 .99 .98 .99 I

Stdev .0145 .0145 .0145 .075 .016 .017 .02 .017 

Index 1 .99 .99 .39 .97 .96 .99 .94 II

Stdev .013 .013 .013 .092 .025 .03 .016 .035 

Index .96 .97 .99 .99 1 1 .98 1 III

Stdev .018 .018 .018 .022 .012 .013 .015 .013 

Index .15 .15 .2 .07 .15 .16 .3 .15 IV

Stdev .015 .015 .035 .023 .02 .02 .037 .02 

Index 1 1 .99 .99 .98 1 1 1 V

Stdev .0124 .0124 .0124 .016 .032 .012 .0129 .012 
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Table 5.9. GMV benchmark table 

Loop
No

Case 1 2 3 4 5 6 7 8 

Index 0.41 0.86 0.87 0.431 0.76 0.76 0.27 0.80 I

Stdev 0.10 0.049 0.044 0.10 0.077 0.076 0.085 0.067 

Index 0.97 0.97 0.98 0.97 0.94 0.94 0.98 0.92 II

Stdev 0.016 0.016 0.017 0.017 0.029 0.029 0.015 0.033 

Index 0.004 0.045 0.052 0.005 0.014 0.014 0.009 0.012 III

Stdev 0.002 0.018 0.02 0.002 0.006 0.006 0.004 0.005 

Index 0.055 0.055 0.07 0.051 0.038 0.039 0.092 0.032 IV

Stdev 0.009 0.009 0.011 0.011 0.005 0.005 0.012 0.005 

Index
x10-5

1.16 1.65 1.35 0.967 0.669 0.669 1.18 0.613 V

Stdev
x10-6

4.9 6.9 5.86 4.22 2.93 2.93 5.14 2.69 

Existing Controller Performance 
For the MV test it can be observed from Table 5.8 and Table 5.9 that loop 
controllers I, II, III and V are all operating at minimum variance performance 
levels with benchmark indices of 1, 1, 0.96 and 1 respectively. Loop IV however is 
very poorly tuned with a benchmark index of 0.15. For the GMV test it can be 
observed that Loops III, IV and V are all very badly tuned with benchmark indices 
of 0.004, 0.055 and 1.16x10-6. Loop I is badly tuned having a benchmark index of 
0.41, while Loop II is optimally tuned with respect to the GMV controller, with a 
benchmark index of 0.97. The need to retune the controller will depend on the 
requirements of the process operators. The pertinent question is what level of 
output variance is required and how much controller action is acceptable in 
achieving it.

In the case of Loop II, for nominal operating conditions no retune is required 
since it passes both the MV and GMV benchmark. Loops 1, 3 and 5 are all 
operating at minimum variance control level, but operate very poorly when 
compared to corresponding GMV controllers. This implies that the process output 
variance is as low as possible but that the control activity used in achieving this is 
quite high. If the process operator accepts that the variability in the control action 
can be high, i.e. if the objective is to have the minimum variance of the controlled 
variables, then they can be satisfied by the current controller tunings. However, if 
the operator considers the variability in the control action to be too high and is 
satisfied with the error and control weighting selections for the GMV 
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benchmarking, then the controllers of Loops I, III and V should be re-tuned. For 
Loop IV, in either case MV or GMV, the loop is performing badly and if the 
operator is not satisfied with current loop performance levels, then the controller 
could be re-tuned to try to improve performance. 

Controller Retuning Opportunity 
For loops where performance improvement is required, the MV and GMV 
benchmarks only indicate the current level of performance and scope for 
improvement. However because the structure and order of the existing process loop 
controller is not taken into account, there is no way of knowing whether a 
controller of the pre-existing structure can actually achieve the same level of 
performance as MV or GMV controllers. Furthermore, there is also no indication 
of what performance levels can actually be achieved by the existing controller. 
Thus if, after being re-tuned and benchmarked, the loops always return a low 
performance score, it will still be unclear whether the lack of performance is due to 
sub-optimal tuning or limitations in the controller structure. Moreover the MV and 
GMV benchmark algorithms do not provide the controller parameters required to 
achieve the optimum performance. 

5.4 RS-LQG Benchmarking

5.4.1 RS-LQG Benchmarking Test Set-up 

For the RS-LQG performance assessment of the PID controllers used on the 
divided wall column, the benchmark tests were performed around the standard 
operating condition. Two benchmark tests were conducted; one test assumes a zero 
reference condition, which implies a benchmark of the steady state performance of 
the process, while the other test assumes that the process was driven by a changing 
reference in presence of a disturbance. This benchmark condition corresponds to 
trying to benchmark the dynamic performance of the process controllers.  

According to recommendations of BASF, perturbations of 1°C were used as 
temperature set point step changes, whereas for level and pressure loops steps of 
0.2 (norm) and 500 Pa were performed on set points.  

In all scenarios the RS-LQG controller was chosen to be a PI controller, as all 
the existing controllers in the process were PI or P only. The operating conditions 
for the two benchmark tests are reported in Table 5.10. 

5.4.2 Key Factors of RS-LQG Benchmarking  

Transfer Function Model Description 
To compute the performance index, the RS-LQG benchmark algorithm needs the 
polynomial transfer function description of the process, disturbance and reference. 
The process description should be a set of SISO transfer functions, one for each of 
MV/CV pairing corresponding to a control loop to benchmark. If a model of the 
process does not already exist then it would have to be identified by using an 
appropriate system identification method.  
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Table 5.10. Operating conditions and set points 

Steady state test Dynamic test 

Temperature TC2 126 °C  126 °C  127 °C  

Temperature TC3 126 °C 126 °C  127 °C 

Temperature TC4 143 °C 143 °C  144 °C 

Pressure C1 90000 Pa 90000 Pa  90500 Pa  

Level Sump 0.5 norm 0.5 norm   0.7 norm 

Concentration A 0.136 0.136

Concentration B 0.717 0.717

Concentration C 0.147 0.147

Loop Sensor Noise 
Variance 

0.0001 0.0001 

Heat Loss 0 W 0 W 

Feed Flow 2000 g/min 2000 g/min 

In general the best identification results may be obtained by identifying the 
process using an open loop test. However the process can still be identified 
adequately in the closed loop, if a dither signal is applied to the input of the process 
under feedback control. If only normal closed loop plant operating data are 
available, model identification is still possible, but in some cases the accuracy of 
the model obtained might be impaired. The first two methods should result in 
models that can be used for both dynamic and steady state controller design and 
benchmarking; the latter might only be suitable for steady state benchmarking 
and/or design. 

If plant identification is required, then it is also necessary to identify a 
stochastic disturbance model for the noise. Generally this noise model can be 
described using the structure of a white noise driving colouring filters. Once the 
disturbance model is chosen, in most cases, the reference model can be assumed to 
be the same as the disturbance model; if however it is desired that the reference 
model contains some special characteristic, then it must be defined explicitly with 
a dedicated reference transfer function. 

For the divided wall column simulation case study, SISO system identification 
was performed at nominal operating conditions. The process was put into manual 
at its nominal steady state operating point and a dither signal of appropriate 
variance and intensity applied to each input alternatively. The process input and 
output data were collected and a least squares identification method used to obtain 
the loop transfer functions. For each loop, the time delay was assumed to be 1 
sample interval except for the third loop (Loop of bottom column temperature Y3)
for which the time delay was assumed to be 2 sample intervals. The identified 
transfer functions did not include any information on the interaction between loops. 
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The disturbance was assumed to be white noise driving a low pass filter with low 
intensity dc gains.  

Higher order models were used to try to improve accuracy and to account for 
any mistake in time delay estimation. As already noted, this process identification, 
can be used for both dynamic and steady-state controller benchmarking. The 
identified models are listed in Table 5.11. 

Table 5.11. Plant models for RS-LQG benchmarking 

Loop
Plant  0

0

B
A

I -1 -2
1

-1 -2 -3 -4

-0.02119 -  0.02668   0.02611 
1 -  0.6959  -  0.3301  -  0.1108   0.1358 

z zz
z z z z

II -1 -2
1

-1 -2 -3 -4

-3.493 -  0.4471   0.7616 
1 -  0.7787  -  0.08244   0.1467  -  0.06603 

z zz
z z z z

III -1 -2 -3
2

-1 -2 -3 -4 -5

0.003369  0.001255  -  0.000486  -  0.002708 
1 -  0.5871  -  0.4113  -  0.1559   0.05964   0.09504 

z z zz
z z z z z

IV -1 -2
1

-1 -2 -3 -4

-11630  4510   5301 
1 -  0.6757  -  0.4152   0.0947   0.0009064 

z zz
z z z z

V -1 -2
1

-1 -2 -3 -4

-8.541 - 007  2.814 - 007   5.672 - 007 
1 -  1.33  -  0.3339   0.6645  -  0.0005495

e e z e zz
z z z z

Error and Control Weightings 
Like the GMV algorithm, the RS-LQG benchmark algorithm requires a set of 
dynamic error and control weights to compute the performance index. These 
weights act as design parameters that specify the type of optimal controller 
required. Because of this it is difficult to compare the performance results returned 
for the same process control loop when two different sets of weightings are used. 
Hence to efficiently use the RS-LQG benchmark index as a performance 
assessment tool, the user is required to know and specify the optimal performance 
requirements for the control loop under assessment.  

Unlike the GMV theory, the RS-LQG theory returns a stable control for all 
weighting choices. However, the choice of weightings must be consistent with the 
choice of controller. Once the consistency of the weightings with the controller 
requirements, for dynamic performance tests, has been verified, the guidelines of 
[Grimble 2002b] have been used to calculate the weights. For the five process 
loops, the desired closed loop time constants of Table 5.13 were used in calculating 
the error weightings; the control weighting was chosen only to be a scalar penalty 
term. The scalar control weighting should correspond to design or performance 
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specifications. Although a nominal value of 10% (0.1) is usually chosen, it can be 
varied to reach a desired closed loop response speed.  

Table 5.12. Noise and original PID models for RS-LQG benchmarking 

Loop Original PID Noise d

d

C
A

I -1

-1

-0.728  0.7 
1 -   

z
z -1

.05
1 -  .3  z

II -1

-1

-0.011  0.01 
1 -   

z
z -1

.05
1 -  .4  z

III -1

-1

37.77 -  37.12 
1 -   

z
z -1

.05
1 -  .5  z

IV -1

-1

-2.004 - 6  2 - 6 
1 -   

e e z
z -1

.005
1 -  .4  z

V -2000
-1

.005
1 -  .5  z

Table 5.13. Time constants used to compute error weightings for RS-LQG benchmarking 
performance of BASF plant 

Loop I  30sec 

Loop II  30sec 

Loop III  30sec 

Loop IV 100sec 

Loop V 100sec 

For the steady state performance test, the error and control weightings were 
chosen to be minimum variance weightings: the error weighting was set equal to 
unity and the control weighting set equal to zero. The resulting transfer functions 
of these weightings are shown in Table 5.14. 

5.4.3 Loop Performance Analysis 

Dynamic Performance Test 
In assessing the performance of the process loop controllers, the loop transfer 
functions were identified and used in the RS-LQG algorithm along with the 
error/control weightings and disturbance and reference models. The RS-LQG 
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algorithm returned the set of benchmark indices and optimal PI parameters as 
documented in Table 5.15. It can be observed that controller performance for 
Loops I and II were 0.218 and 0.244 respectively: both controllers are performing 
at approximately 75% less than their optimal ability.  

Table 5.14. Weighting selection for RS-LQG benchmarking 

 Dynamic Performance weighting 
selection 

Static Performance weighting 
selection 

Loop Qc Rc Qc Rc 

I -1

-1

1.005 -  0.995 
1 -   

z
z

0.2 1 0

II -1

-1

1.005 -  0.995 
1 -   

z
z

0.2 1 0

III -1

-1

1.005 -  0.995 
1 -   

z
z

0.02 1 0

IV -1

-1

1.002 -  0.9985 
1 -   

z
z

0.1 1 0

V -1

-1

1.002 -  0.9985 
1 -   

z
z

0.09 1 0

Table 5.15. RS-LQG controller and CPI obtained 

No Optimal (RS) PID CPI No Optimal (RS) PID CPI

I 1

1

6.162 6.108
1

z
z

0.218 IV -5 -6 -1

-1
-9.433 10   8.784 10  

1 -  
z

z

0.006

II -1

-1

-0.2959  0.2905 
1 -   

z
z

0.244 V 6 6 -1

-1

-1.155 10   1.155 10  
1 -  

z
z

1.19
10-8

III -1

-1

75.16 - 74.5 z
1 - z  

0.832   

The controller performance for Loop III was 0.832, which indicates a 17% drop 
from its optimal performance. For Loops IV and V, the controller performances 
were 0.006 and 1.19 10-8 respectively: both controllers are performing at 
approximately 99.9% less than their optimal ability. So, excepting Loop III 
controller, it seems that, if the error and control weighting choices are consistent 
with the plant objectives, all the existing controllers are very poorly tuned. 
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To understand this result, the process was simulated with the existing loop 
controllers, and step changes were initiated with all the loops closed. The changes 
in loop set points were inserted in a staggered manner with intervals of 200 
samples between the present loop and the preceding one. The process controllers 
were then re-tuned to the optimal settings returned by the RS-LQG algorithm and 
the simulations were repeated. The integral square error (ISE), the integral square 
control action (ISU) and the steady state variance were calculated for all loops and 
for the two controller settings. The results are documented in Table 5.16. 

Table 5.16. RS-LQG controller dynamics test result 

Loop Controller 
(PID)

Steady State 
Variance ISE = 

2200
2

k
1

r k
k

y  ISU= 
2 2 0 0

2

1
k

k
u

Original 0.0030 70.81 812172.83I

Retuned 0.0067 20.12 813286.39

Original 0.0027 100.58 3723.37II

Retuned 0.0037 10.92 3723.72

Original 0.0033 27.09 4866223201.63III

Retuned 0.0046 17.68 4866226956.09

Original 0.86 60272821.82 23152.50 IV

Retuned 1.060 268881.43 23148.91 

Original 3.364 10-5 11.81 118360801.12 V

Retuned 3.253 10-5 0.117 157310194201.42 

Because the ISE and ISU values are “real” plant data, they also contain 
components related to interactions between the different control loops so that they 
cannot be linked to the benchmark indices obtained from the RS-LQG algorithm; 
there is no direct relationship between these values and the RS-LQG benchmark. 
They serve only as a crude indication of performance of controllers, and verify the 
trend of the benchmark index. 

Considering the ISE for all process loops, it can be concluded that the dynamic 
performance of the optimal (RS) controllers is better than that of the existing 
controllers. Much lower ISE indicates that the set points are effectively better 
tracked with the optimal RS controllers. However, as indicated by the ISU values, 
some of the loop controllers use more control action in achieving these low values 
of the ISE than the existing controllers. 

It must be also observed that the RS-LQG algorithm does not take into account 
any constraints on input/output variables. This limitation can lead to results with 
poor physical sense; the Loop V re-tuned (RS) controller certainly improves level 
control but doing so, needs to have a negative flow for component C, that is not 
possible on real plant. Moreover performing such large changes on input variable, 
may invalidate the assumption that the process is described by a linear/linearised 
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model. It means that if implemented on real plant, this controller will not act as the 
simulation results suggest, but will be limited by the physical constraints of the real 
plant.

Steady State Performance Test 
For the steady state performance test of the process loop controllers, the reference 
model was assumed to be zero (i.e. no reference model) and the same transfer 
function models were used as in the dynamic case. The error and control 
weightings were chosen to be minimum variance weightings: the error weighting 
was equal to unity and the control weighting equal to zero. The RS-LQG algorithm 
returned the set of benchmark indices and optimal PI parameters documented in 
Table 5.17. 

Table 5.17. RS-LQG controller and CPI obtained 

Loop Retuned (RS) PID CPI Loop Retuned (RS) PID CPI

I P = -0.11025 and I 0 0.964 IV -5P = -3.0865 10  and I 0 0.87

II P = -0.08546 and I 0 0.899 V P = -4.7801 and I 0 1.00

III P = 0.091257 and I 0 0.957   

It can be observed that controller performance for Loops I, III and V were 0.96, 
0.95 and 1 respectively. This would indicate that these controllers were performing 
at the limits of their optimal ability. The controller performance for Loops II and 
IV, were 0.89 and 0.87 respectively, which indicates that both controllers were 
performing rather well, approximately 11 % less than their optimal performance. In 
this case, because all the weightings were those of minimum variance, the optimal 
performance of all control loops corresponded to the minimum variance of the 
controlled variables. 

Similar to the dynamic benchmarking study, the process was simulated with the 
existing loop controllers, and step changes were initiated with all loops closed. The 
changes in loop set points were inserted in a staggered manner with intervals of 
200 samples interval between the present loop and the preceding one. The process 
controllers were then re-tuned to the optimal settings returned by the RS-LQG 
algorithm and the process was repeated. The integral square error (ISE), the 
integral square control action (ISU) and the steady state variance were again 
calculated for all loops and for the two controllers’ settings. The results are 
documented in Table 5.18. 
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Table 5.18. RS-LQG controller static test result 

Loop
No. 

Controller 
(PID)

Steady State 
Variance 

Actual 
CPI ISE = 

2200
2

k
1

r k
k

y
ISU
2200

2

1
k

k
u

Original 0.0030 70.81 812172.83I

Retuned 0.0032 

1.06

308.00 758718.44 

Original 0.0027 100.58 3723.37II

Retuned 0.0024 

0.96

20.29 3402.40 

Original 0.0033 27.09 4866223201.6
3

III

Retuned 0.0032 

0.88

651.31 4548350478.0
5

Original 0.86 60272821.82 23152.50 IV

Retuned 0.0035 

0.004

3817893.84 21645.11 

Original 3.413 10-5 11.81 118360801.12 V

Retuned 3.414 10-5

1

12.42 106260375.74 

As documented in Table 5.18 the existing controller for Loops I and III has a 
better ISE values than the re-tuned controllers (from the benchmark index both 
these controllers are performing at approximately 3% less than the optimal RS-
LQG control performance). However the original controller uses more control 
action in achieving these low values of the ISE than the retuned controllers. This 
may be equivalent to an over aggressive opening and closing of the valve and may 
result in more utilization of energy and hence high operating cost. The ISE and 
ISU for Loop V is almost identical for both the existing and re-tuned controller, 
with the existing controller being marginally better (from the benchmark index the 
controller in Loop V is performing at its optimal ability). In Loops II and IV for 
which the existing controllers are performing at approximately 89% of the optimal 
RS-LQG control performance, the re-tuned controllers for those loops have a better 
ISE value. From the benchmark analysis, it should be said that even if the existing 
controllers were already performing well, the re-tuning with optimal parameters 
has further improved control performance. It may be however necessary to analyse 
in detail the optimal controller settings. Because of the choice of weightings (the 
error weight has no integral action at low frequencies) and also because of the 
choice of reference model, the RS-LQG algorithm identifies, for all the control 
loops, a proportional controller (only P term) as the best controller. This means that 
it would not be possible to have a zero steady-state error with set point changes. 

Because the MV weighting was used in the benchmark algorithm, the steady 
state variance should be directly related to the benchmarking index. That is, if the 
steady state variance of the re-tuned controller is divided by the steady state 
variance of the existing controller for corresponding loop, the result obtained 
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should be the same as the benchmark index. Using Table 5.18 and comparing the 
steady state variances for the two controllers it can be observed, that for Loops I, 
II, III and V, the division returns the values of 1.06, 0.96, 0.88 and 1, which are 
close to the theoretical values (0.964, 0.957,0.89 and 1) returned by the RS-LQG 
algorithm (Table 5.17). However for Loop IV, the value returned by this division is 
0.004, which is far from the theoretical value (0.87) returned by the RS-LQG 
algorithm. Because, all the theoretical results obtained with RS-LQG algorithm 
assume that there are no interactions between the loops, the performance of each 
loop is calculated independently. Hence the value of the performance index 
returned by the benchmark algorithm can be interpreted as the performance of the 
loop controller if all other process loops were set to manual (i.e. open loop). 
However the reality is that interactions between loops exist and hence the predicted 
performances would not be the same as the actual performances. Moreover from 
simulation results it is evident that Loop IV is strongly influenced by interactions. 
Hence there are significant differences between the predicted and actual 
performance. 

5.4.4 Opportunity for Controller Re-Tuning  

One of the benefits of the RS-LQG benchmarking is that it does provide the 
optimal controller parameters that would enable the optimum performance 
reachable with the chosen error and control weightings to be achieved. However, 
the difficulty may be to know whether to use the controller optimum parameters 
calculated assuming steady state conditions or those calculated assuming dynamic 
conditions.

If the choice of weightings for steady-state and dynamic operating conditions 
are consistent with the plant objectives, the simulation and test results indicate that 
the existing controllers are quite well tuned for steady-state conditions but that the 
plant dynamic performance could be improved. So, it may be deduced that there is 
a need for two different controllers, one for transient stages and one for steady state 
operations since the controller that produces the lowest variance in steady state is 
different from that which produces the fastest response and lowest error during the 
transient stage. 

However, the operator may not desire to complicate the structure of the 
controllers and keep only one controller for each loop. If they exist, the real 
optimal controllers will ensure good performance for both steady-state and 
dynamic conditions. The dynamic optimal controllers already guarantee high 
performance in dynamic conditions. If they also reach good performances in steady 
state, they can be considered as the appropriate choice. So the dynamic optimal 
controllers should be benchmarked in steady-state conditions. To benchmark the 
dynamic optimal controllers in the steady-state conditions, the RS-LQG algorithm 
was provided with the transfer functions of plant, noise, reference, error weighting 
and control weighting (i.e. GMV weightings) as described before, as well as the re-
tuned (RS) PID controllers transfer functions of Table 5.15. The results are 
collected in Table 5.19. 
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Table 5.19. Steady-state benchmarking of dynamic optimal controllers 

 CPI 

Loop I 0.980 

Loop II 0.686 

Loop III 0.925 

Loop IV 0.622 

Loop V 0.091 

Except for the case of control Loop V, the re-tuned controllers are still 
performing well as measured by steady-state criteria. So, for example, if the 
operator has to change the operating conditions around the nominal point 
frequently and if they are satisfied with the error variance and control actions 
achieved by these new controllers, then the plant performance may be enhanced 
when re-tuning the controllers with the dynamic optimum parameters. It must be 
still remembered that the plant performance improvement is intended as the 
improvement of each SISO control loop taken separately; the other control loops 
are shifted into manual functioning mode and their input variables are fixed at their 
nominal values. 

5.5 MIMO Benchmarking Profile 
SISO benchmarking algorithms do not take into account how the improvement in 
the performance of one loop could have an adverse effect and cause performance 
degradation in another loop. Hence there is a need for MIMO benchmark 
algorithms. MIMO benchmarking techniques can calculate both the total system 
variance as well as the individual variances of each loop when the overall system is 
in an optimal performance state. For the MIMO LQGPC/GPC performance 
assessment of the multi-loop PID controllers used on the divided wall column, the 
benchmark tests were conducted at the nominal operating condition. All the tests 
were conducted on the linearised state-space model obtained around the nominal 
operating point (see Table 5.20). The GPC performance index was used for the 
benchmarking tests. The index was chosen for computational reasons, as it was 
easier and faster to compute given the size of the matrix manipulations involved.  

5.5.1 GPC Benchmarking Test Set-up 

The benchmarking tests were grouped into two categories as follows: 
1. Steady State Performance Test 
The steady state tests were set up to determine how well tuned the PID controllers 
were, to reject stochastic disturbances and to minimise the variances of the input 
and output signals as well as the steady state errors. The test conducted was 
analogous to minimum variance test conditions. All set points were held constant 
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at the nominal operating point over the benchmarking interval and no penalty was 
imposed on the variance of the inputs (control action). 

2. Transient Performance Test 
The transient tests were set up to examine the tracking performance of the PID 
controllers and determine how well they were tuned to minimise rise times, settling 
times and overshoots. Assuming steady state conditions at the nominal operating 
points, the set points of all loops were then changed by a 5% deviation at exactly 
the same instance and the response of the PID controllers was benchmarked over 
the corresponding interval. 

Table 5.20. Nominal Operating Conditions and Set Points 

Variables Operating Point Setpoint Deviation 

Temperature TC2 126 °C 6.3  °C 

Temperature TC3 126 °C 6.3  °C 

Temperature TC4 143 °C 7.15 °C 

Pressure C1 90000 Pa 4500 Pa 

Level Column Sump 0.5 cm 0.025 cm 

Concentration A 0.136

Concentration B 0.717

Concentration C 0.147

Loop Sensor Noise Variance 0.0001 

Heat Loss 0

Feed Flow 2000 g 

5.5.2 Key Factors in GPC Benchmarking  

State Space Model Description 
The LQGPC/GPC benchmark algorithm needs the state space description of the 
process and disturbance models and knowledge of the reference trajectories to 
compute the performance index. If a model of the process does not already exist 
then it would have to be identified by using an appropriate system identification 
method. The difficulty and the number of tests required to identify a multivariable 
model increases with the product of the number of process inputs and outputs. For 
non-linear systems this number is even higher (usually doubled) since tests must be 
performed for both positive and negative increments of each variable.  

Because of limited resources, it was not possible to conduct an extensive 
identification exercise on the divided wall column. An open loop MIMO system 
identification was performed. Opening all process loops and holding the inputs 
constant at their nominal operating point, 5% perturbations were applied in turn to 
each input and each time the values of the five corresponding outputs were 
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measured. A least squares/regression method was used to fit the data to a discrete 
time transfer function model. The model was then augmented to include the 
transfer functions of the disturbance models. The same disturbance models as those 
in the SISO analysis were used. The resulting extended model was converted to a 
state-space form using MATLAB®. A measurement noise variable was then added 
to complete the state space model. 

Apart from the difficulty involved in obtaining models for this large size 
MIMO system, the order and number of states in the model affects the ease of 
computation of the benchmark index. The divided wall column state space model 
identified by MATLAB® had 117 states. Given the number of predictions used in 
the test, it was required to make addition, multiplication and pseudo-inversion of 
matrices of the size 250 x 117. Hence to speed up the computations, the GPC 
benchmark, which requires fewer matrix manipulations, was used instead of the 
LQGPC benchmark  

Error and Control Weightings and the Horizons 
The LQGPC/GPC benchmark index also requires a set of constant error and 
control weights to compute the performance. The LQGPC/GPC controller does 
depend on the selection of the weights, they are mainly chosen to normalise or, 
more precisely, to scale to the same magnitude the square of each individual input 
and output variables as well as any cross product. This would improve benchmark 
effectiveness and help avoiding singularity in numerical optimisation. However, in 
addition, it is also possible to structure these weightings to reflect some priority 
given to individual input or output variables or a cross product between inputs or 
between outputs. This can be done by multiplying each individual term in the 
weighting matrices by a given scalar quantity which represents the chosen priority 
level. This procedure corresponds to the tuning of the LQGPC/GPC controller. 

In most cases, LQGPC benchmarking should return a stable LQGPC controller, 
and therefore usable values of benchmark, for nearly all choices of weightings. 
This may not be the case for the GPC benchmark since  

i) it does not have guaranteed LQG properties and therefore the GPC 
controller is more difficult to stabilize 

ii) it is similar to the MV and GMV cost functions  
iii) some weightings may not be applicable to non-minimum phase 

systems. 
For the divided wall column, weightings were first chosen to scale the square of 

all inputs and outputs to the same magnitude. For the error weighting two sets of 
weightings were used in all the three benchmarking test categories listed 
previously. The first set of error weightings assumes equal priority for all process 
outputs after scaling, while the second set assumes that each of the three 
temperature loops had a 30% priority and that the pressure and level loops had a 
5% priority each. The choice of priority resulted from information given by BASF, 
which had indicated that the temperature loops were the main loops of interest, 
while the level and pressure loops were regarded as utility streams. These priority 
levels were implemented after scaling by multiplying the weighting corresponding 
to the temperature loops by a scalar factor of 6. Then, as control action weightings 
are concerned (weighting matrix for inputs variables), a null scalar factor was used 
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to zero the control weightings for the steady state performance tests whereas in all 
other tests, a factor of 0.2 corresponding to a 20% penalty was used for all the 
inputs. The resulting values of these weightings are shown in Table 5.21. 

For the steady state performance tests, the error and control weightings were 
chosen to be minimum variance weightings in which case the error weighting was 
equal to unity and the control weighting equal to zero. 

Table 5.21. GPC basic weighting design 

Basic Error Weighting Matrix 

8

3

0.15 0 0 0 0

0 0.15 0 0 0

0 0 0.117 0 0

0 0 0 4.9 10 0

0 0 0 0 1.6 10

Basic Control Weighting Matrix 

5

6

3

0.0103 0 0 0 0

0 50.28 0 0 0

0 0 2.84 10 0 0

0 0 0 2.52 10 0

0 0 0 0 8 10

The output prediction horizon (N2) was chosen to be equal to 50 while the 
control horizon (Nu) was chosen to be equal to 49. These values were chosen 
because empirical test on the linear state space model showed that they provide a 
good system response. 

5.5.3 Loop Performance Analysis 

For the performance analysis, two measures available in the MIMO benchmarking 
algorithm are utilized. Firstly, the global benchmark index, which is represented as 
one composite number (trended over time as in Figure 5.3), that indicates the 
combined performance of each loop in a multivariable process. This global index 
takes into account the interaction between loops and, therefore, is not a simple 
summation of individual loop performances. Secondly, the individual loop 
performance index, which compares the performance of the existing controller 
(multivariable or otherwise), on each single loop, against the performance of the 
appropriate inputs and outputs of the GPC control to obtain both a Loop 
Regulatory Index (LRI) and a Loop Control Effort Index (LCEI) as in Table 5.22 
and Table 5.23  
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Using the loop performance index helps to provide an added layer of clarity as 
to how the performance of a loop within the multivariable system is affected by the 
performance of other loops and in identifying which loops need to be detuned or 
optimized. For analysis of the performance of the BASF controllers both features 
of the MIMO benchmark algorithm were used. 

Steady State Performance Test 
The minimum variance like performance test indicates that the multi-loop PID 
controller used to control the divided wall column was operating at minimum 
variance standard. The overall system performance benchmark is shown in Figure 
5.3. This indicates that the combined minimum variance of the process outputs for 
the multi-loop control is optimal. These results are similar to those obtained for the 
corresponding SISO MV test case.  

The results in Figure 5.3 also show that, for the stochastic steady state 
performance test, giving a 90% performance priority to the temperature loops does 
not have any impact on the overall performance. 

Figure 5.3. The global MV MIMO control performance 

Table 5.22. Individual loop performance under MIMO MV weighting 

 Loop No. I II III IV V 

LRI  0.996 1 1 0.59 1 Equal
weighting

LCEI  0.28 0.67 1 0.71 0.83 

LRI  0.994 0.999 0.999 0.61 1 90% priority 
on
temperrature LCEI  0.38 0.37 0.37 0.36 0.36 

For the steady state test, there is no penalty on the input variables (control 
action). However, when comparing the results individually, although the variance 
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of the process outputs under multi-loop control is close to that obtained with the 
optimal GPC controller, the multi-loop controller uses much more control action 
than the GPC controller. This results in large changes of control variables as 
indicated by the individual input benchmarks for Loops I, II, IV and V. Thus, the 
GPC controller reaches the same performance index as the multi-loop controllers 
but using rather less control action. 

To further investigate the control effort needed during the steady state, another 
simulation test which penalises the control effort has also been carried out. With 
the control weighting [0.2 0.2 0.2 0.2 0.2 0.2], the LRI’s recorded in Table 5.23.
show that the regulation performance of the original multi-loop controller is almost 
identical to that of the optimal GPC controller. However, the LCEIs for Loops 
I,II,IV and V show that the control effort is much greater for the original controller 
than for the GPC controller.  

Table 5.23. Individual loop performance with penalty on control action 

 Loop No. I II III IV V 

LRI  0.955 1 1.01 0.02 0.99 Equal
weighting

LCEI  0.02 0.01 0.18 0.04 0.01 

LRI  0.975 0.999 0.999 0.08 0.99 90% priority 
on
temperrature LCEI  0.03 0.02 0.01 0.01 0.01 

Transient Performance Test 
For the transient performance test, the reference trajectory presents a simultaneous 
step change in set points at a time index of 100. As shown in Figure 5.4, the 
transient performance test indicates that the multi-loop PID controllers are 
operating at only 10 % of the GPC optimum. Since the prediction horizon is 50 
samples and the step changes occur at a time instance of 100, this means that at the 
time instance 50, the GPC predictive controller would begin to adjust the input 
variables. The magnitude of the adjustment will of course depend on the process 
characteristics as well as on design parameters. The figure shows that the overall 
performance of the system begins to decline from 100% performance at the time 
instant 50, and drops to 10 % performance at the time instant 100 (when the step 
change occurs).  

Once again the results of the MIMO analysis are in some respect similar to 
some of the information obtained from the SISO RS-LQG tests, which showed that 
the original controller should be tightly tuned for the dynamic changes. However, 
the results from the static performance test shows that the controller is achieving 
optimal MIMO MV performance, but with too much control action.  

This clearly illustrates the conflicting requirements between good regulation 
and good tracking. However, as shown in Figure 5.5, the CPI will return to around 
100% when the transient period is finished. With the system operated at the new 
steady state, the GPC CPI reflects the steady state performance.  
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Figure 5.4. The global transient MIMO control performance with 250 samples 

Figure 5.5. The global transient MIMO control performance with 4000 samples 

5.6 Summary of Results and Conclusions 
From the series of benchmarking tests run on the BASF divided wall simulator, the 
following conclusions about the current controller performance can be drawn: 

In terms of output regulation performance, both SISO MV and MIMO 
GPC controller benchmarking indicates that the current controller 
regulate the process output with minimum variance. 
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However, both GMV and MIMO GPC benchmarks indicate that too 
much control energy may be used to obtain the minimum variance.  
In term of tracking dynamic changes, both RS-LQG  and MIMO GPC 
indicate that the current controller is far from optimal. The 
performance level is around 10% of the optimal.  
This study clearly shows that different requirements are imposed by 
tracking goals and regulating goals.  
For the steady state controllers it would be essential to have a good 
disturbance rejection without upsetting the column through interaction 
between the loops. The controller setup for the dynamic case removed 
most of the interactions between the loops, so this may be the best 
setup as a compromise. 
The BASF divided wall column is mainly operating around a fixed 
operating condition, and this puts much more emphasis on the 
regulation performance. If the current control action is judged to be 
not too aggressive, then there is no need to change the current 
controller. 

The results of the MIMO analysis are in some respects similar to some of the 
results obtained from the SISO RS-LQG tests; i.e. showed that the loop controllers 
IV and V were the most sluggish. The SISO analysis however suggested that the 
controller in Loop III was the best tuned. Clearly the MIMO results suggest, that 
while this might be the case for the SISO control objective, when the control 
objective is an integrated process optimization (i.e. measured against a MIMO 
criterion), the controllers in Loops I and II are the best tuned to meet the overall 
system objectives.  

For the existing controller, the implication of the MIMO results are that all loop 
controllers in the process need to be tightly tuned and none need to be de-tuned, 
since none of the individual loop benchmark show the individual PID controllers to 
be out performing the optimal GPC performance specification for each loop. 
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6.1 Introduction and Motivation 
The chapter discusses the state of the art in detection and diagnosis of plant-wide 
disturbances. Because a disturbance affects the control loops downstream of where 
it originates, being able to automate the localisation of the root cause is very 
important for effective performance assessment of controllers. The chapter gives a 
survey and an industrial case study. The industrial example uses oscillation and 
spectral methods for finding clusters of disturbed measurements and non-linear 
time series analysis to find the root cause.  
The theme is the detection and diagnosis of distributed disturbances like the one in 
Figure 6.1. The key features of such an analysis are: 

To use only historical process data, without taking the process off-line for 
special tests; 

To detect distributed disturbances that affect many measurements in a unit, 
plant or site;  

To determine which measurements are affected;  
To characterize the disturbances, for instance with a spectral fingerprint;  
To diagnose the root cause of each disturbance.  

6.1.1 Distributed Disturbances 

Disturbances to process operation are unwanted deviations in variables such as 
temperature, pressure and flow rates that move the process away from its optimum 
settings and thus degrade product quality or reduce output. The issue of the 
detection and diagnosis of distributed or plant-wide disturbances has been 
highlighted as a key issue facing the process industries [Qin, 1998; Desborough 
and Miller, 2002; Paulonis and Cox, 2003]. A disturbed plant generally operates 
less profitably than one running steadily because production and throughput may 
have to back away from their maximum settings to accommodate process 
variability so early detection and automated diagnosis will mean more profitable 
operation of large-scale chemicals and petroleum products manufacture [Martin et
al., 1991; Shunta, 1995]. 
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A distributed disturbance is one which appears in several places in a process 
plant. It may upset a single unit such as a distillation column, it may be plant-wide 
if it affects a complete production process or even site-wide if utilities such as the 
steam system are involved. Automated methods are needed to detect a distributed 
disturbance. The challenge then is to trace the disturbance to its root cause because 
maintenance actions are more cost-effective if a root cause has been correctly 
identified.

The detection of distributed disturbances in process measurements requires 
their characterization with a signature that is distinctive of the disturbance. 
Examples of signatures are peaks in the power spectra or the pattern of zero 
crossings in the autocovariance functions. Detection of a distributed disturbance is 
accomplished through the recognition of measurements having similar signatures. 
For the diagnosis of the root cause of the disturbance, a signature that becomes 
stronger closer to the root cause is required. 

6.1.2 Example 

The concept is illustrated in Figure 6.1, courtesy of a BP refinery (Kwinana, W. 
Australia) which shows a unit-wide disturbance in a distillation column. The time 
trend of the analyzer shows the composition of the product leaving the top of 
column was varying in a undesirable way. The power spectrum of the 
measurement has a distinct spectral peak because of the oscillation. Similar 
oscillations and spectral peaks were present in the steam flow and temperature and 
so the upset can be classified as a distributed disturbance. The steam flow 
measurement showed non-linearity, as seen by the non-sinusoidal nature of the 
oscillation and the presence of a harmonic in the spectrum. As will be explained 
later, the appearance of non-linearity in a time trend is a diagnostic signature for 
the root cause of the disturbance; in this case it was a faulty steam flow sensor.  

analyser

off gas

air

temperature

steam flow

  0     2000     4000

st
ea

m
 fl

ow

time/s

te
m

pe
ra

tu
re

an
a

ly
se

r

time trends

0.001 0.01
frequency/Hz

spectra

harmonic

Figure 6.1. Illustration of a distributed disturbance in a distillation column 
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6.2 Survey of Fault Detection and Diagnosis 
The focus in the chapter is on data-driven analysis with an emphasis on methods 
that incorporate signal processing, for example through the use power spectra, 
autocovariance functions, signal filtering and non-linear time series analysis. The 
survey in this section demonstrates that plant-wide disturbances can be detected 
and characterized by means of these techniques and also places the disturbance 
detection activity into a broader context.  

A widely accepted taxonomy for fault detection and diagnosis is discussed first 
[Venkatasubramanian, 2001; Venkatasubramanian et al., 2003a,b,c]. These papers 
describe a family tree of methods for analysis of process systems with an emphasis 
on fault detection and diagnosis. The main categories highlighted are:  

Quantitative and qualitative process history based methods;  
Quantitative and qualitative model-based methods.  

The strengths and weaknesses have been examined systematically and 
comprehensively and a hierarchical structure has been imposed that has had great 
benefits, for instance in showing that seemingly unrelated approaches have a 
common mathematical basis. A recent text book [Chiang et al., 2001] also presents 
broad coverage of knowledge-based, data-driven and analytical techniques. 

The techniques introduced in this chapter can mainly be classified as 
quantitative process history based analysis. To place the chapter in context, all the 
main classifications within fault detection and diagnosis are outlined this section 
with a brief description of each and the citation of some key papers. Some 
additional practical issues are also addressed. 

6.2.1 Model-based Methods 

Quantitative Model-based Methods 
Quantitative model based methods exploit a detailed model of a process for fault 
detection and isolation (FDI). The model is solved in real time subject to the same 
inputs as those of the real plant and the values of the outputs are compared to those 
of the plant and conclusions are drawn when any mismatch is observed. 

Quantitative model-based methods have a history of at least 20 years, it is a 
mature area and there are text books on the subject as well as comprehensive 
reviews. Authors explaining the methods and setting out the foundations include 
Chow and Willsky [1984], Isermann [1984], Basseville [1988], Gertler and Singer 
[1990], and Frank [1990]. Frank et al. [2000] reviewed some recent applications. 
Text books by Patton [2000] and Gertler [1998] also cover model based and 
residuals methods.  

The models may be first principles models based on physics and chemistry, 
empirically derived models such as time series or a hybrid of the two. FDI seeks 
for inconsistencies between expected and observed behaviour and in a 
multivariable system the geometrical properties of the residual can indicate the 
source of a fault as well as its occurrence. The residuals vector is tested for 
randomness; any deterministic or non-random behaviour indicates the occurrence 
of a fault while the pattern of non-randomness among the various elements in the 



202 Nina F. Thornhill 

residuals vector helps to isolate and diagnose the fault. The analytical processing 
carried out with the model and residuals is based upon transformations which 
project measurements into a feature space where any faults would show up more 
prominently and be decoupled from one another. In general the nature of the 
expected faults has to be known in advance to do the appropriate transformations. 

Model-based FDI based on first principles models is hard to achieve in the 
process industries because accurate, well calibrated and well validated models are 
expensive to create and maintain for processes which are often not well 
understood. The reaction chemistry and the thermodynamic properties of the 
materials being processed are the main source of uncertainty. Time series and other 
identified models are more common (e.g. Li et al. [2003]). 

The main industrial application at present for quantitative model-based methods 
is in condition monitoring of equipment and rotating machinery such as pumps and 
gas turbines but quantitative model-based methods are not yet very widely used in 
process applications.

Qualitative Model-based Methods 
Qualitative model based methods include techniques that capture fundamental 
causal relationships of a process based on physics and chemistry in a non-
numerical way using classification and ranking [Venkatasubramanian et.al.,
2003b]. Signed digraphs (SDG) are one of the main ways of representing causal 
qualitative knowledge. If a fault is observed then the model is used to find the root 
cause. Such causal models can be enhanced by the use of quantitative information 
concerning the magnitudes of influences, for instance that A influences B more 
than B influences A.  

Abstraction hierarchies decompose a system in terms of its subsystems, again 
for the purposes of diagnostic reasoning. An abstraction hierarchy called 
Multilevel Flow Modelling [Petersen, 2000] gives a way to describe the flows and 
storage of mass and energy at various levels and the causal relationships between 
them. The diagnostic strategies for searching causal representations to find faults 
and fault propagation paths are reviewed in detail by Venkatasubramanian et al.,
[2003b].  

SDGs were extensively reviewed by Maurya et al., [2003 a,b] who discussed 
graph-based approaches for safety analysis and fault diagnosis of chemical process 
systems. They highlighted the difficulties of accurate capture of the graph 
representation pointing out that it is a time consuming task and error-prone. They 
showed how to develop graph models systematically and how to eliminate spurious 
and redundant branches and showed how to construct signed digraph (SDG) 
models for the difficult causalities associated with feedback control loops. Fault 
detection and diagnosis using a SDG representation in the presence of feedback 
control has also been considered [Chen and Howell, 2001]. Early and influential 
papers which laid down the foundations were due to Kramer and Palowitch [1987], 
Petti, et al. [1990], Årzén [1994], Årzén et al. [1995], and Vedam and 
Venkatasubramanian [1999]. 
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6.2.2 Process-history-based Methods 

Process history based methods for fault diagnosis use historical process 
knowledge, both historical operating data and also qualitative historical knowledge 
such as operators’ expertise [Venkatasubramanian et al., 2003c]. Process history 
based methods aid rapid detection and diagnosis, have the ability to isolate as well 
as detect faults and are able to identify new and unseen faults and explain the 
reasons for decisions. 

Qualitative Process-history-based Methods 
Qualitative methods use process insights from operators or features described in 
natural language derived from past data. Examples include expert systems and 
qualitative process trend analysis. 

The purpose of an expert system is to capture the knowledge of human experts 
and to perform the same sequence of actions as the human when the same 
conditions arise. Qualitative process trend analysis describes the shapes and 
patterns of the time trends of process and forms conclusions about underlying 
faults from the shapes. An example is the characteristic triangular shape sometimes 
seen in the controller output of a flow loop with a deadband [Rengaswamy and 
Venkatasubramanian, 1995]. Cheung and Stephanopoulos [1990] used a template-
based representation to extract features from data sets while Bakshi and 
Stephanopoulos [1994] used wavelet packets and other templates for multiscale 
representation of process data. The work provides a string of symbols that describe 
the process trend. Learned and Willsky [1995] have also used wavelets for feature 
extraction and were able to classify transient signals. 

A natural application domain for qualitative trend analysis is in batch processes 
to give a time domain description of a batch profile. For instance in a fermentation 
it might be very significant if the lag phase at the start of the fermentation lasts 
longer than usual. An application for batch processes called DB-miner 
Stephanopoulos et al. [1997] used multi-scale extraction of patterns, short term 
trends and local features in fermentation processes. 

Quantitative Process-history-based Methods 
Process history based methods use information captured from previous running of 
the process. The quantitative methods are numerical and data-driven. The main 
distinction drawn in Venkatasubramanian et al. [2003c] is between principal 
component analysis (PCA) as a statistical classification method and neural 
networks as non-statistical classifiers.  

The methods and literature of PCA and related multivariate statistical 
approaches are discussed in detail shortly. The main outcome of a PCA analysis is 
a subspace with orthogonal axes which are the basis functions from which the 
original measurements may be reconstructed. As with the model-based residual 
methods, fault states are more distinct in the reduced space than in the original 
measurements [Gertler et al., 1999]. 

Neural network classifiers are reviewed in depth in Venkatasubramanian et al.
[2003c] which explains the methods and numerous applications. The attraction of 
neural networks is their flexibility in describing non-linear relationships, because 



204 Nina F. Thornhill 

neural network models are created from a non-linear combination of basis 
functions [Poggio and Girosi, 1990]. Bakshi and Utojo [1999] have placed all the 
quantitative process history methods under a common framework of projection 
onto basis functions, where the basis functions and type of projection depend on 
the type of modelling method selected. 

An issue in the analysis of process data using neural networks has been to 
include time histories, as discussed in Zhang [2001]. Hybrid technologies have also 
been successful in which a multivariate statistical modelling method called PLS 
(projection onto latent structures) is combined with neural networks to 
accommodate non-linear relationships in input-output data [Qin and McAvoy, 
1992]. Other successful hybrid approaches include a system in which a hybrid 
system using the process knowledge of the operators and a neural network 
improved the performance in making predictions and in parameter estimation 
[Thompson and Kramer, 1994]. Process knowledge can also be derived from a first 
principles process model rather than from operator experiences [Ignova et al., 
1996] while Glassey et al. [1997] discussed combining neural network modelling 
with an expert system for bioprocess supervision.  

Neural networks provide powerful input-output models for the purpose of real-
time predictions during a process operation but they are non-linear black-box 
models and it is not normally easy to drill down into their structure to uncover 
insights into the behaviour of the plant. They can more easily be used to classify 
faults in a process if that fault has been encountered and analyzed before than to 
reveal the locations and nature of new and unseen process faults. 

6.2.3 Supporting Methods for Fault Detection and Diagnosis 

Gross Error Detection  
Pre-processing of data can enhance fault detection, and anomalies detected in pre-
processing may also give valuable insights for diagnosis. Elimination of gross 
errors and some filtering are usually to be recommended [Pearson, 2001]. Famili et
al. [1997] discussed the topics of data visualization and multivariate methods as 
well as filtering and gross error (out-of-range data) removal. Their case studies 
showed the extent to which data pre-processing needs to be done manually. 
Practical guidelines about pre-processing to eliminate outliers can be found in 
Turner et al. [1996]. 

Gross error removal may be based just on the properties of the data set or it 
may use some process knowledge, for example that an apparent change between 
one value and the next is not physically feasible. When statistical tests are applied 
it is usually to test whether an individual measurement is further than, say, three 
standard deviations from the mean. Papers in the academic literature on this topic 
include those due to: Iordache et al. [1985], Jongenelen et al. [1988], Narashiman 
and Mah [1989], Rollins and Davis [1993], Narashiman and Mah [1989], and 
Pearson [2001]. Verneuil and Madron [1992] used process insights such as mass 
balances as well as statistical testing while Tham and Parr [1994] suggested ways 
in which bad data values can be replaced with estimated values. Tong and Crowe 
[1996] described the use of multivariate statistics in gross error detection. 
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The data can often be pre-processed by filtering which is beneficial for the 
removal of non-stationary trends such as diurnal variations. Filtering to remove 
non-stationary behaviour was used in the worked example at the end of this 
chapter.  

Data Reconciliation 
Gross error removal is often combined with data reconciliation in which the gross 
error is replaced by a more realistic value that meets process constraints. In some 
cases, the whole data set may be adjusted to better fit a mass or energy balance. 
The data reconciliation literature is huge and has been reviewed by Crowe [1996]. 
Albers [1994] gave a practical example of an application to a heat exchanger 
problem. A selection of academic authors who combine gross error detection with 
reconciliation is Crowe [1988], Holly et al. [1989], and Tjoa and Biegler [1991]. 

Gross error detection and data reconciliation tools are commercially available. 
They are used in on-line optimization where plant data are aligned with a process 
model in order to estimate unknown parameters before running the optimizer (e.g. 
in AspenPlus On-Line from AspenTech). They also have uses in fault detection, 
for instance the detection of leaks that prevent a mass-balance closure around a 
plant or unit. AspenAdvisor (AspenTech) is an example of a commercial tool for 
yield accounting and fiscal monitoring for accurate accounting of material entering 
and leaving a plant. 

Data reconciliation is not as essential when dynamic features of the data are the 
focus of the work rather than the steady state alignment of data with a process 
model (e.g. for closure of a mass balance). Indeed, procedures for detection and 
diagnosis of process disturbances generally use mean-centred data where the 
steady-state value has been removed. 

Data Compression 
On-line data compression methods are implemented in the data historians of some 
commercial distributed control systems. The aim of data compression is to capture 
and store only those data points that represent the start and end of a trend [Hale and 
Sellars, 1981; Bristol, 1990; Mah et al., 1995]. 

Data are reconstructed after compression by interpolation between stored data 
points. The reconstructed data trends therefore consist of piecewise linear segments 
and are not the same as the originals. The impact of compressed data in data-driven 
analysis of dynamic process data for control loop performance assessment and 
other applications has been investigated [Watson et al., 1998; Thornhill et al., 
2004] where it was found that compressed data gave misleading results. With the 
cheaper costs of storage media, vendors are now placing less emphasis upon data 
compression. Honeywell’s Loop Scout controller performance tool calls for 
uncompressed data, as does AspenTech’s Performance Watch product [Aspentech, 
2001]. 

Change Detection 
Methods for detection of changes have been surveyed by Basseville [1998]. These 
include signal processing methods whose purpose is to rapidly identify jumps in 
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parameters in a dynamic time series model (e.g. Tugnait [1982], Basseville and 
Benveniste [1983]). 

The topic of steady-state checking is also of interest for change detection, 
because a changing state implies the lack of a steady state. One approach converts 
the measurements into a qualitative description (i.e. “steady” or “not-steady”) 
using statistical hypothesis testing. A null hypothesis is posed, for example that the 
measurements represent a steady state, and the measurements are tested to see if 
they have a distribution that can be accounted for by the null hypothesis [Cao and 
Rhinehart, 1995], or to determine if a change of steady state has occurred 
[Narashiman et al., 1988]. 

Non-parametric statistical tests have advantage that they do not depend on an 
assumption that the statistical distribution of the measurements is Gaussian. In a 
non-parametric test the null hypothesis concerns, for instance, the number of 
changes of direction of data points in a trend. The text book of Kendall and Ord 
[1990] describes a number of such statistical tests. A process application using the 
Wilcoxson test to detect the steady state of a single variable is reported in 
Koninckx [1988]. 

6.3 Disturbance Detection 

6.3.1 Introduction 

This section reviews specialized quantitative process history based methods for 
detection and diagnosis of distributed disturbances. This first sub-section places the 
methods in a broader context of related work in the area of chemical process 
control and gives some background.  

The section then sets out the formulation of principal component analysis 
(PCA) as it is used for real-time multivariate statistical process control and then 
lays out an alternative formulation using the power spectra of process 
measurements that is appropriate for process auditing. Then, techniques of 
oscillation detection in chemical processes are examined and a recent method 
based on the concept of zero crossings is presented.  

Spectral Analysis of Processes  
It is necessary to find all the measurements or control loops in a plant having the 
same disturbance because the root cause will be among that group. Many plant-
wide disturbances, especially those of an oscillatory nature, are not localized in 
time and thus the Fourier transform and power spectrum provide a natural means 
for their analysis. Pryor [1982] highlighted the usefulness of autocovariance 
functions and spectra for such a purpose. 

Desborough and Harris [1992] used the power spectrum to determine whether 
poorly performing control loops had a long-term deviation from set point or 
oscillatory behaviour, and a spectral signature arising from a disturbance in data 
from a Shell refinery has also been detected using spectral methods [Tyler and 
Morari, 1996]. The presence of harmonics in a spectrum enables loop tuning faults 
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to be distinguished from faults due to non-linearity such as valve friction leading to 
a limit cycle [Thornhill and Hägglund, 1997]. 

Early plant-wide assessments, done manually, were used by Harris et al. [1996] 
who reported plant-wide control loop assessment in a paper mill where they found 
that the spectral analysis of the univariate trends was useful. Ruel and Gerry [1998] 
found the non-linear root cause of an oscillatory plant-wide disturbance in a paper 
mill through an analysis of the harmonics of the power spectra of the 
measurements. The root cause was a circulating pump in a tank which periodically 
failed to pump as pulp consistency varied. 

6.3.2 Principal Component Analysis 

The methods of Principal Component Analysis (PCA) have been widely applied 
for the detection of correlated measurements such as would be expected in the 
presence of a plant-wide disturbance [Kresta et al., 1991; Wise and Gallagher, 
1996; Goulding et al., 2000]). Descriptions of the methods of PCA may be found 
from many sources, for example in Chatfield and Collins [1980] and Wold et al.,
[1987]. Kourti and MacGregor [1996] wrote an overview and commented on 
practical issues for industrial implementation. 

Multivariate SPC 
The idea in multivariate statistical process control (MSPC) is that a change in the 
correlations between variables can indicate a fault even if the variables themselves 
are all still within the limits of normal operation. The quantity plotted on a MSPC 
chart is a linear combination of several measured variables derived from projection 
of the current state of the plant onto a PCA model of normal in-control operation. 

MSPC was placed in a broad context of quality and reliability engineering by 
Elsayed [2000]. Key issues addressed were change point detection, correlated 
measurements, multivariate systems and the integration of statistical control and 
process control. Goulding et al. [2000] reviewed multivariate statistical process 
control methods in the process industries while Yoon and MacGregor [2000] gave 
an in-depth comparison between MSPC methods and the model-based fault 
detection methods mentioned in section 6.2.1. 

The concept of warning and alarm limits is the same in multivariate SPC charts 
as in univariate SPC charts. It involves finding the 95% and 99.9% contours of the 
multivariate distribution by estimating the statistical distribution of the quantity 
being plotted in the charts [Jackson and Mudholkar, 1979; Martin and Morris, 
1996]. 

PCA Formulation for MSPC 
PCA is derived from the singular value decomposition of the data matrix X . In a 
MSPC application the columns of X  are the time trends of m measurements each 
sampled at N time instants where in general N m . The columns are usually mean 
centred and scaled to unit standard deviation. Each row of X  is a plant profile, a 
snapshot at a particular time instant of the pattern of measurements across the 
plant. Of the numerical values in each row of X , any positive values indicate 



208 Nina F. Thornhill 

sensors reading above average at that time and negative values are sensors reading 
below average. 

1 1 1

1

( ) ... ( )
.. .. ..
( ) ... ( )

m

N m N

m measurements

x t x t
N time
samples

x t x t
X

 (6.1) 

The singular value decomposition is TX UDV  where matrix U  is N-by-m, TV
is m-by-m, and D  is diagonal and its elements are the positive square roots of 
eigenvalues of the m-by-m matrix TX X . The principal component decomposition 
is expressed as TX TW , where T UD  and T TW V .

A description of the majority of the variation in X  can often be achieved by 
truncating the PCA description. The following is a three-PC model in which the 
variation of X  that is not captured by the first three principal components appears 
in an error matrix E:

1,1 1,2 1,3

1 2 3

,1 ,2 ,3

... ... ...T T T

N N N

t t t

t t t
X w w w E  (6.2) 

The Tw vectors are orthonormal row vectors with m  elements and are called 
loadings. They act as a set of orthogonal basis functions from which all the plant 
profiles (the rows of the X  matrix) can be approximately reconstructed. The 
t vectors are column vectors with N  elements and are called scores. The scores 
indicate the amplitude of each normalized basis function in the reconstruction. For 
instance, with a 3 PC model the approximate reconstruction of the plant profile in 
row 10 (denoted as 10

Tx ) of the X  matrix would be: 

10 10,1 10,2 10, 10,1 1 10,2 2 10,3 3 10...T T T T T
mx x x t t tx w w w e  (6.3) 

where 10
Te  is the 10th  row of matrix E . The above formulation is the foundation 

for multivariate statistical process monitoring because the Tw vectors capture 
typical plant profiles while the t values indicate which plant profile is dominant 
at a given time. An MSPC application inspects the t values and the magnitude of 
the corresponding row of the error matrix for anomalies. 
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PCA Formulation for Plant Auditing 
In an alternative formulation the data matrix is transposed so that the rows are the 
time trends of the measurements: 

1 1 1

1

( ) ... ( )
.. .. ..
( ) ... ( )

N

m m N

N time samples

x t x t
m

measurements
x t x t

X
 (6.4) 

The Tw  vectors now have N elements and resemble time trends. In this 
formulation PCA is a function approximation method in which each time trend in a 
row of X is built up from a linear combination of the Tw  vectors which are a set 
of orthogonal basis functions for the observed time trends. Similarities in the 
scores may then be used to detect clusters of similar time trends.  

The auditing approach has potential for plant-wide disturbance detection 
because all the measurements affected by a disturbance would have similar time 
trends. It is known, however, that time shifts in plant data caused by delays and 
lags in the process dynamics need special attention. The method of time shifted 
PCA  can be used in which the rows of the data matrix representing measurements 
with time delays are either time shifted, or the matrix is augmented with one or 
more time shifted replicates of the vector [Ku et al., 1995; Lakshminarayanan et
al., 1997]. Wise and Gallagher [1996] give a summary. Another approach to 
alignment of data trends used dynamic time warping [Gollmer and Posten, 1996; 
Kassidas et al., 1998]. 

Time shifted PCA has been extended beyond the requirements of fault 
recognition. Time shifting can identify dynamic relationships in the form of a time 
series model or a dynamic model using multivariate modelling of input-output data 
[Wise and Ricker, 1992; Ku et al., 1995; Lakshminarayanan et al., 1997; Chen et 
al., 1998]. Multiple time-shifted copies of data trends are included in the data 
matrix and a PCA analysis determines which of the time trends are linearly related. 
In this manner relationships in the form of a time series model may be established, 
for instance: 

1 1 1 3 1y i ay i bx i  (6.5) 

where 1y  is a measurement variable in the plant and 1x  is an input variable or 
some other plant measurement that is causally related to 1y . The data matrix 
becomes very large when an arbitrary number of lagged time trends augment the 
data matrix. Shi and MacGregor [2000] reviewed techniques for multivariate 
dynamic process modelling and gave a comparison of numerical methods for 
reduction of the large lagged variables matrix. 
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Disadvantages of Time Shifting 
Time shifting may be problematical if the true delay is not a whole number of 
sampling intervals. For instance, if the delay were 3.2 minutes and the sampling 
interval is 1 minute then the closest alignment achievable would be a shift of 3.0 
minutes and the time trends would remain out of alignment by 0.2 min. Secondly, 
there may be no unique time shift that achieves alignment if oscillations at two 
unrelated frequencies originate in control loops A and B and propagate plant-wide. 
Propagation delays from A to a given measurement point are not the same as from 
B because the routes through the plant are different and therefore it is not normally 
possible to find a unique time shift that aligns both oscillations simultaneously. 

In the latter case, and also if time delays are unknown, it is necessary to include 
multiple time-shifted time trends in the data matrix. The data matrix then becomes 
very large and will generate more principal components than necessary. That 
makes it hard to reliably detect clusters of related measurements. These examples 
show that time delays pose significant problems in the detection of plant-wide 
oscillations and other types of time-varying disturbances.  

Spectral PCA of Dynamic Data 
In spectral PCA, the rows of the data matrix, X, are the single-sided power spectra 

( )P f  of the time trends of the plant measurements. The X  matrix shown below 
uses N  frequency channels, although only 2 1N  (if N is even) are distinct since 
the upper half of the power spectrum above the Nyquist sampling frequency is a 
mirror image of the lower half. 

1 0 1

0

( ) ... ( )
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( ) ... ( )

N

m m N

N frequency channels

P f P f
spectra of m
measurements

P f P f
X

 (6.6) 

The arrangement of the X  matrix with the power spectra in the rows means that 
the Tw  basis functions are spectrum-like vectors (i.e. they have a frequency 
axis). The formulation given is therefore a functional approximation in which the 
spectra in the rows of X  are reconstructed from the basis functions. Again, this 
interpretation of PCA lends itself to plant auditing.  

Multivariate spectral analysis has several advantages over analysis in the time 
domain. It gives an improved signal to noise ratio if the spectral content of the 
wanted signal is narrow-band compared to the noise. The power spectrum is 
invariant to time delays or phase shifts caused by process dynamics. It is also 
insensitive to missing values and outliers because the transforms of such effects are 
spread thinly across all frequencies in the spectrum. 
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Detection of Spectral Clusters 
The outcome of spectral PCA is the detection of clusters of plant measurements 
having similar spectra, which are interpreted to mean they are influenced by a 
common disturbance. The spectral cluster is detected by an examination of the 
scores. For instance, a three-PC model for the spectra in X  is:

1,1 1,2 1,3

1 2 3

,1 ,2 ,3

... ... ...T T T

N N N

t t t

t t t
X w w w  (6.7) 

The above expression shows that the spectrum in the each row of the data matrix 
X  can be approximately reconstructed from a weighted linear combination of the 
spectrum-like basis functions 1

Tw , 2
Tw  and 3

Tw , and that the weightings for the 
ith row spectrum are the scores ,1it , ,2it  and ,3it .

If two spectra are similar then their scores are similar. Clusters are detected 
when a suitable distance measure such as the Euclidean distance or the angle 
between the score vectors is small. 

PCA Using Other Integral Transforms 
The use of autocovariance functions in the data matrix has been shown to give 
results similar to those from spectral PCA [Tan et al., 2002; Thornhill et al., 2002]. 
Other reported uses of PCA with transforms of the data matrix have focused on 
multiscale wavelet transforms for on-line multivariate statistical process 
monitoring. Bakshi and Stephanopoulos [1994] and Bakshi [1998] used wavelets 
and other templates for multiscale representation of process data in combination 
with PCA for the modelling of data having features that changed over time and 
frequency. Other researchers have also had success with multiscale PCA using 
wavelets [Kosanovich and Piovoso, 1997; Luo et al., 1999; Shao et al., 1999]. 
Wavelet functions are localized, however, so the wavelet transform is not invariant 
to time delays. 

6.3.3 Other Factorizations of the Data Matrix 

Independent Component Analysis 
Independent Component Analysis (ICA) is a linear transform of a data matrix that 
minimises statistical dependence between the basis vectors. Its benefit is that it 
provides basis functions with a better one-to-one relationship with the physical 
sources of signals, for instance application of ICA to the sounds of a cocktail party 
is supposed to identify the individual speakers in the room. Its foundation is 
explained in Comon [1994] and a recent special issue on blind source separation in 
the International Journal of Adaptive Control and Signal Processing [Davies, 
2003] shows that ICA is starting to attract attention in control applications. 

PCA ensures that the Tw  vectors are orthogonal whereas ICA makes the 
vectors independent. The data matrix is represented as: 
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The PCA decomposition is  TX TW E  and the rows of TW  are orthogonal: 

1
0

N
T T

i jw w , for i j  (6.9) 

where T
iw  and T

jw  are the th  elements in row i and j respectively of TW .

The ICA decomposition, by contrast, is TX AS F  where the rows of TS  are 
independent and F  is an error matrix representing the difference between the ICA 
reconstruction and the data matrix X . Independence means that, if is  is an 
element of row vector T

is  and js  is an element of row vector T
js , then  

Pr , Pr Pri j i js s s s  (6.10) 

where Pr is and Pr js  are the probability density functions of is  and js  and 

Pr ,i js s  is the joint probability density function. Hyvärinen and Oja [2000] 
showed that statistical independence can be approximated when the kurtoses (the 
fourth moments) of the distributions Pr is  of the row vectors are maximised and 
gave an algorithm called FastICA for combining the elements in the X  matrix in a 
way that generates an TS  matrix whose rows have probability density functions 
with maximised kurtosis. The definition of independence treats T

is  and T
js  as 

random vectors with values is  and js . In reality there is just one data set (one 
realization of the random processes) and the probability density functions are 
estimated from the histograms of the values in each row while statistical moments 
such as kurtosis are calculated from the values as: 
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where ky  are the elements in a vector such as a row of TS .
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Li and Wang [2002] gave the first example of an application of ICA to the analysis 
of dynamical chemical process trends and dimension reduction. ICA has also been 
used instead of PCA in on-line multivariate statistical process monitoring 
applications [Kano et al., 2003; Lee et al., 2004a] and explored for dynamic data 
using the time lagging method [Lee et al., 200b]. 
ICA can also be applied to the power spectra of process data [Xia and Howell, 
2005; Xia et al., 2005]. A demonstration of what can be achieved with ICA as a 
post-processing step following a spectral PCA analysis was presented, where ICA 
produced a very useful set of spectral-like basis functions with just one spectral 
peak in each independent component. The task of diagnosis of the sources of 
oscillations in a chemical plant was greatly aided by the enhanced correspondence 
between independent components and plant oscillations.  

Non-negative Matrix Factorization (NMF) 
NMF is a method related to PCA and ICA. It seeks for an alternative set of basis 
functions that enable a better one-to-one correspondence between physical sources 
and basis functions. A key paper in Nature by Lee and Seung [1999] addressed the 
issue of face recognition from two dimensional images. They said in their paper: 
“The basis images for PCA are eigenfaces some of which resemble distorted 
versions of whole faces. The NMF basis is radically different: its images are 
localized features that correspond better with intuitive notions of the parts of 
faces.” The matrix decompositions are: 

T T T

PCA ICA NMF
X TW E X AS F X UH G

 (6.12) 

where in PCA the rows of TW  are orthonormal. In ICA the independence property 
discussed earlier Pr , Pr Pri j i js s s s  holds, while in NMF the elements of 

both U  and TH  are non-negative. Matrices E , F  and G  are the errors in 
reconstruction when a reduced number of basis functions are used.  

NMF is applicable only when X  is non-negative, as would be true if the rows 
of X  are power spectra. The relationship between ICA and NMF for non-negative 
X  has been established by Plumbley [2002] who showed the ICA decomposition 
can be transformed to an NMF decomposition by a matrix rotation. No applications 
of NMF have yet been reported in the area of process fault detection and diagnosis, 
however work is under way at the University of Alberta [Tangirala and Shah, 
2005].  

6.3.4 Oscillation Detection 

Oscillations are a common type of plant-wide disturbance and their regularity 
permits some specialized techniques for their detection. Several authors have 
addressed the detection of oscillatory measurements in process data. Hägglund 
[1995] detected zero crossings of the error signal in a control loop and calculated 
the integrated absolute error (IAE) between successive zero crossings. An 
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oscillatory time trend has larger IAE values than a random one. Hägglund’s paper 
described a real-time method and its incorporation into the ECA400 autotuning 
PID control module from Alfa Laval Automation. The control module generated an 
alarm when oscillations were detected.  

The presence of an oscillation may also be detected from the regularity of the 
zero crossings of a mean-centred time trend [Thornhill and Hägglund, 1997; 
Forsman and Stattin, 1999]. Use of zero crossing detection has to address the 
problem of noise in the time trend, however, and it requires a method for 
elimination of spurious zero crossings in the vicinity of the true zero crossing point 
caused by fluctuating noise.  

Use of Autocovariance Functions 
The horizontal axis in an autocovariance function (ACF) plot is time-like, 
representing the lag  between the time trend and a delayed version of the time 
trend.  The vertical axis is the correlation between the time trend and the delayed 
trend. An estimator for calculation of the ACF from a data set is: 

1

1 ( )
1

N

i
ACF x i x i

N
 (6.13) 

where x  is the mean centred data scaled to unit standard deviation.  
The ACF of an oscillating signal is itself oscillatory with the same period as the 

oscillation in the time trend. For example, if the absolute value of the ACF at the 
first minimum exceeds a threshold then the possibility of an oscillation is inferred, 
and additional cycles of the oscillatory autocovariance function can also be utilized 
to distinguish a decaying oscillation from a sustained oscillation [Miao and Seborg, 
1999]. 

The method that will be demonstrated in the industrial case study at the end of 
the chapter was originally reported by Thornhill et al. [2003] and is briefly 
presented here. It has the following features: 

Detection of the zero crossings of the ACF;
Filtering to remove unwanted interferences so that multiple oscillation may be 

detected;
Determination of the period of oscillation and the groups of measurements 

participating in each oscillation.  

Oscillations can be detected if the pattern of zero crossings of the 
autocovariance function is regular. The benefit of the use of autocovariances is that 
they are much less noisy than the time trend data as can be seen in the example in 
Figure 6.2. For instance, in the case of white noise all the noise appears in the zero 
lag channel of the ACF. Therefore noise does not disrupt the zero crossing of the 
autocovariance function in the same way as it disrupts zero crossings in the time 
domain, and the pattern of zero crossings reveals the presence of an oscillation 
more clearly than the zero crossings of the time trend.  
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Each cycle of oscillation has two zero crossings and hence the intervals 
between zero crossings are: 

1
2 p pinterval T T  (6.14) 

where pT  is the mean period and pT  a random variation in the period. Thus pT
is twice the mean value of the intervals and the standard deviation of the period is 

2
pT intervals . An oscillation is considered to be regular if the standard 

deviation of the period is less than one third of the mean value. A three-sigma 
statistic is used and values of 1r  are taken to indicate a regular oscillation with a 
well defined period: 
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Measurements with More Than One Oscillation 
The zero crossings of the ACF may not be regular if more than one oscillation is 
present.  The time trend and ACF in the uppermost two panels of Figure 6.2 have 
two superimposed oscillations of different periods. The third panel in the figure 
marks the positions of the zero crossings but the intervals between them reflect 
neither oscillation accurately because the zero crossings of the fast and slow 
oscillations each destroy the regularity of the other’s pattern. 

The problem is solved by frequency domain filtering. A filtered ACF is 
calculated from the inverse Fourier transform of a two-sided power spectrum in 
which the power in the unwanted frequency channels is set to zero. The lower three 
panels in Figure 6.2 show the example data after filtering to remove the lower 
frequency oscillation at about 330 samples per cycle. By removal of the interfering 
oscillation, the zero crossings of the faster oscillation become regular and therefore 
suitable for use in oscillation detection. 

6.4 Disturbance Diagnosis 
The focus in the previous section was the detection of plant-wide disturbances. The 
aim was to find all the measurements or control loops in a plant having the same 
behaviour because the root cause will be among that group. This section now 
examines methods available for diagnosis of the root cause.  

The root causes of plant-wide disturbances include: 

Non-linearities such as saturation, dead band, or hysteresis in control valves, 
sensors or in the process itself that cause limit cycle oscillations;  

Control loop interactions;
Structural disturbances;  
External disturbances;  
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Poorly tuned controllers. 

This chapter addresses the diagnosis of non-linear root causes, the first item in 
the list. The diagnosis of the other root causes is an open and active research area 
at present. The motivation for making non-linear root causes a priority is that non-
linearities such as valve friction constitute an important root cause of plant-wide 
disturbances [Desborough and Miller, 2002; Bialkowski, 1992; Ender, 1993; 
Shinsky, 2000]. Many vendors also emphasize these root causes, for instance Ruel 
[2001] placed deadband, backlash and stiction at the top of the list of checks to be 
made prior to tuning a process control loop. 

6.4.1 Diagnosis of Distributed Disturbances 

It is a challenging task to determine which single loop among many is the root 
cause of a distributed disturbance. The influences of a faulty control loop may 
propagate both downstream and upstream from the root cause because of recycles 
or the effects of control actions. For instance, the level in an upstream tank may be 
disturbed if the control valve on the (downstream) outflow causes a limit cycle 
oscillation. This section reviews and discusses the problems and presents some 
promising ways forward, though there remain many unsolved problems.  

Normal Operations Versus Special Tests 
The strong preference in the process industries is to conduct the first phase of 
detection and diagnosis using normal operating data without the need for any 
special tests. The concept was emphasized by Harris [1989] in the context of 
control loop performance assessment. 

Special on-line tests may, however, be used for confirmation once a suspected 
root cause has been identified. Such tests initiate actuator movements (e.g. changes 
in valve position) by means of manual changes to the controller output [Åström, 
1991; Gerry and Ruel, 2001]. The control loop is disabled during the tests which 
means the flow through the valve is not maintained at an optimum value and 
therefore such special tests have the potential to disrupt production. Many control 
loops may be affected by a plant-wide disturbance and it is especially undesirable 
to apply the special tests one by one to them all in an attempt to find the one faulty 
valve. An aim of the initial diagnosis step is to use normal operating data and thus 
to minimize the need for special tests by directing attention onto the control loop 
most likely to be the root cause. 
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Figure 6.2. Upper three panels: Time trend, ACF and zero crossings with two simultaneous 
oscillations present. Lower three panels: after filtering to remove the low frequency 
oscillation.  

Diagnosis of Individual Loops 
Once a control loop has been identified as a likely root cause of a plant-wide 
disturbance a number of tests exist to test the hypothesis. Many diagnostic methods 
exist for individual control loops including: 

Op–mv maps: 
Even and odd covariance 
Analysis of probability density functions 
Higher order spectral methods 
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Oscillation shape analysis 

Maps of process variable versus manipulated variable (i.e. flow through the valve 
versus valve position) can diagnose the nature of a valve fault and are used in 
several commercial packages. Other signatures such as odd and even cross 
correlations and an assessment of the probability density function of the 
measurement values have also been used [Horch, 1999; Horch, 2002]. Chapter 7 of 
this book written by Horch discusses several methods in depth. 

If a candidate for the root cause has been identified and inspected then more 
invasive tests might be considered. For instance, the test of putting a control loop 
into manual mode is able to distinguish between an oscillation originating within 
the loop and one entering the loop as an external disturbance. Oscillations 
originating within the loop such as those due to too-tight tuning or a sticking valve 
will disappear if the loop is in manual mode. It is a rather invasive test because the 
loop may need to be in manual for several hours since plant-wide oscillations are 
often slow. Those due to sticking valves, for instance, often have periods of one to 
two hours.  

Valve travel tests which put a control valve through several consecutive 
opening and closing strokes may be done while the loop is in manual. The results 
are definitive, nevertheless the tests have the potential to upset the process 
considerably. One of the benefits of data driven methods is that they can indicate 
which valve is the best candidate for testing and thus minimize disruption.  

Control Loop Limit Cycles 
A common source of oscillation is a faulty control valve. Control valves with non-
linear behaviour such as a dead-band or excessive static friction cause hunting or 
limit cycling in the control loop.  

Oscillating disturbances caused by non-linearity in the process itself can also 
propagate and upset downstream units. A well cited example relates to the stop-
start nature of flow from a funnel feeding molten steel into a rolling mill [Graebe et
al., 1995], while a periodic hydrodynamic instability caused by foaming in a 
distillation column was described in Thornhill [2005]. Foam in the trays was 
periodically bubbling up and blocking the column causing a rise in differential 
pressure which eventually disrupted the foam and caused it to fall to the bottom of 
the column. The column then returned to normal for a spell until the foam built up 
again.

An automated means is needed to determine which among all the oscillating 
control loops is the root cause and which are secondary oscillations. Generally, 
non-linearity reduces as the disturbance propagates away from the source and the 
time trend with the highest non-linearity is thus the best candidate for the root 
cause. The reason why secondary oscillations have lower non-linearity is that as 
the signal propagates away from its source it passes through physical processes 
which give linear filtering and which generally add noise. Such a filter destroys the 
phase coherence that is characteristic of a time trend produced by a non-linear 
source and often reduces the magnitudes of the harmonics. 
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Finding Non-linear Root Causes 
Diagnosis of a non-linear root cause can be accomplished using an unambiguous 
test for non-linearity. Non-linearity tests determine whether a time series could 
plausibly be the output of a linear system driven by Gaussian white noise, or 
whether its properties can only be explained as the output of a non-linearity. Early 
studies used the presence of prominent harmonics as an indicator of non-linearity, 
more recent advances make use of higher order statistics and surrogate data 
methods [Choudhury, 2004; Choudhury et al., 2004; Thornhill, 2005]. 

The source of the limit cycle oscillation in Figure 6.1 was initially distinguished 
from the secondary oscillations in the distillation column because of the presence 
of the harmonic in the FC1 time trend [Thornhill et al., 1998]. It is not always true, 
however, that the time trend with the largest harmonic content is the root cause 
because linear signals can also have harmonic content, as demonstrated by 
Choudhury et al. [2002]. In particular, the second and third harmonics of a non-
sinusoidal oscillatory disturbance are sometimes amplified in the secondary 
disturbance yet the linearity is still increased. This can happen when a control loop 
compensates for higher harmonics in an external disturbance. In that case the 
harmonic content of the manipulated variable is higher than that of either the 
disturbance or the controlled variable, yet non-linearity tests show the manipulated 
variable to be less non-linear than either. The presence of harmonics usually 
suggests a non-linearity is present somewhere but for the reasons given above they 
may not reliably locate the source. 

Data-driven Methods for Other Root Causes 
Other root causes of distributed disturbances include: 

Poorly tuned controllers. 
Control loop interactions arising when two controllers have a shared mass 

and/or energy store (e.g. pressure and level controllers may compete for 
control of the contents of a reactor);  

Structural disturbances caused by coordinated transfers of mass and/or energy 
between different process units, especially when a recycle is present;  

External disturbances (e.g. due to site utilities such as steam). 

The determination these other root causes from normal operating data remains an 
active area of research.  

Xia and Howell [2003] used a comparison of the signal-to-noise ratios of 
controlled variable and controller output to give a loop status that determined if an 
individual loop was affected by long or short term transients or a slow or fast 
oscillatory disturbance. Fast oscillatory disturbances were attributed to poor tuning. 
Methods of advanced signal processing using causality analysis are also starting to 
be used. The aim is to map out the structure of the process by using the measured 
data. An elementary case is when the time trend of Tag A correlates with a time-
lagged trend of Tag B. It can then be concluded that disturbances are propagating 
from A to B. Another approach is path analysis which can determine direction as 
well as correlation in a data set and distinguish between the case where A directly 
influences both B and C and the case where A influences B and B influences C, 
[Huang et al., 2002; Johnson and Wichern, 1992]. 
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Entropy measures are starting to be used to determine causality and 
directionality. The term entropy implies that the analysis is being done using the 
probability density functions (pdf) of the measurements. Chiang and Braatz [2003] 
looked for changes in the pdf or changes in the relationships between the pdf’s of 
two measurements. They concluded that the information was most useful when 
combined with a knowledge of the process. A transfer entropy method based on 
conditional probabilities has been applied to data from an industrial process 
showing changes the causal relationships in the process when a process fault 
occurred [Bauer et al., 2004; Schreiber, 2000]. The ability to map out cause and 
effect paths in a plant from analysis of process data is potentially an attractive way 
forward for root cause diagnosis. 

Use of a Qualitative Model 
Stanfelj et al. [1993] provided a decision-making tree which included cross-
correlation between a feed forward signal and the controlled variable of the loop 
under analysis. Likewise, Owen et al [1996] showed an application of control-loop 
performance monitoring in paper manufacturing which accounted for upset 
conditions of the whole mill and interactions between control loops. These cases 
needed a knowledge of the process flowsheet, in particular knowledge about which 
loops might disturb one another. Chiang and Braatz [2003] made similar 
comments. It is clear that the purely data-driven approach would be enhanced by 
the capture and integration of cause and effect information from a process 
schematic.  

The trend in large petrochemical facilities which can justify the model 
development costs, for instance in ethylene plants, is increasingly towards model-
based control and optimization in which each plant has a first-principles process 
model based on the physics and chemistry of the process. Greater opportunities 
will therefore exist in future to exploit the linkage of process models and data-
driven analysis for cause-and-effect reasoning. 

6.5 Industrial Case Study

6.5.1 The Process 

Figure 6.3 plots a full data set from the refinery separation unit of Figure 6.1 
showing the steam flow, analyser and temperature measurements (pv) and set 
points (sp) and also the controller outputs (op). Measurements from upstream and 
downstream pressure controllers PC1 and PC2 are also included. The sampling 
interval was 20 s. The data set includes some set point changes and evidence of 
non-stationary low frequency trends.  

The data were filtered to remove low frequency trends with periods longer than 
200 samples (67 minutes) by a frequency domain filter that removed the unwanted 
frequencies from the discrete Fourier transform [Thornhill et al., 2003]. Then a 
subset of the data where there were no set point changes was selected (samples 581 
to 1080) as shown in Figure 6.4 which is the data set used for analysis. Figure 6.5 
shows the power spectra on a normalized frequency axis, where normalization is 
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achieved by scaling with the sampling frequency sf  such that a spectral peak on 
the normalized frequency axis at 0.05sf f  corresponds to an oscillation with a 
period of 1 0.05 20  samples per cycle. The controller errors and controller 
outputs show the presence of unit-wide oscillation.  
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Figure 6.3. Data set for the separation column analysis 
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Figure 6.4. Samples 580 to 1080 with low frequency trends removed  

It is known that there was a faulty steam sensor in the steam flow loop FC1. It 
was an orifice plate flow meter but there was no weep-hole in the plate which had 
the effect that condensate collected on the upstream side until it reached a critical 
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level, and the accumulated liquid would then periodically clear itself by siphoning 
through the orifice. The challenge for the analysis of this unit is to characterize the 
oscillatory disturbances and to verify that the methods correctly highlight the faulty 
steam flow loop as the root cause of the disturbance. 

6.5.2 Spectral and Oscillation Analysis 

Figure 6.6 shows autocovariance functions for the data in Figure 6.4 together with 
the zero crossings. Table 6.1 gives the results of the oscillation analysis which 
show there are two distinct oscillations present. One has a period of 21 samples per 
cycle (7 minutes) and the other about 18 samples per cycle (6 minutes). The reason 
why two groups of oscillations have been reported is that the tags with the highest 
oscillation indexes in each group have oscillation periods pT  that are different by 
more that the standard deviation of either (Tag 4 has 18.9 1.5  and Tag 7 has 
21.1 1.1).

It is doubtful whether a visual inspection of the time trends and spectra in 
Figure 6.4 and Figure 6.5 would have revealed the presence of two separate 
oscillations because the spectral peaks look so similar, but in fact a close 
examination of the spectra in Figure 6.5 shows the spectral peaks of PC1 and PC2 
are at a slightly higher frequency.  
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Figure 6.5. Spectra of samples 580 to 1080 with low frequency trends removed 
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Table 6.1. Oscillation analysis for the industrial case study  

  Analysis by Tag     Plant-wide analysis
          tag no      pT            

pT            r   average period tags 
             1          20.4          4.3          1.6  18.9   4  3  9  8 
             2          20.9          2.5          2.8  20.7   7  5  10  2  6  1 
             3          19.1          1.8          3.6 
             4          18.9          1.5          4.3 
             5          20.9          1.1          6.6 
             6          20.4          4.3          1.6 
             7          21.1          1.1          6.7 
             8          18.7          5.5          1.1 
             9          18.9          3.9          1.6 
            10         20.7          1.4          4.9 

The results of spectral principal component analysis are shown in Figure 6.7. The 
analysis used 5 PCs to capture 99% of the variability in the data set. Figure 6.7 is a 
spectral classification tree that groups together tags having similar spectra and 
hence similar dynamic features. In the tree, each whole spectrum is represented as 
a spot on the horizontal axis. Spectra form a cluster if they are connected to each 
other by short vertical lines and are well separated from all other spectra. If the 
vertical lines between clusters are long then it means the spectra are very different 
in the two clusters. There are two main clusters in the data. Tags 3, 4, 8 and 9 have 
similar spectra, as do 1, 2, 5, 6, 9, and 10.  
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Tags 3, 4, 8 and 9 are the controller errors of PC1 and PC2 and their controller 
outputs. Spectral PCA shows that their spectra are distinctly different thus 
confirming the finding from oscillation analysis that their period of oscillation was 
different from the oscillation period in other tags.  
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Figure 6.7. Spectral classification tree 

Among the remaining tags, the tree shows 2, 7, 5 and 10 are the most similar. 
These are the controller errors and controller outputs from FC1 and TC1. The 
finding that they are similar is to be expected because the FC1 and TC1 loops are 
in a master-slave configuration. Tags 1 and 6 are the controller error and controller 
output of AC1. AC1 at the top of the column is physically well separated from FC1 
and TC1, however, it shares similar dynamic behaviour because of the unit-wide 
oscillation.

Root Cause Analysis 
The numerical values on the right hand side of Figure 6.8 show the results from 
non-linearity detection using the surrogate data analysis method of Thornhill 
[2005]. Other non-linearity assessment methods may also be used to give similar 
results, for instance the bicoherence test [Choudhury, 2004; Choudhury et al.,
2004]. 

The group with the 21 samples per cycle (7 minute) oscillation period has non-
linearity in the FC1 controller output, FC1 controller error and the TC1 controller 
output. The TC1 controller output is the set point of the FC1 control loop because 
of the cascade configuration. The non-linearity test therefore points unambiguously 
to the FC1 control loop as the source of the 7 minute oscillation and also shows 
that the root cause is a non-linearity. This is the correct result, the FC1 control loop 
was in a limit cycle because of its faulty steam flow sensor. 

The non-linearity tests showed no non-linearity present in tags 3, 4, 8 and 9 
associated with the 6 minute oscillation in PC1 and PC2. Therefore a root cause 
other than non-linearity has to be sought for those. Figure 6.3 shows that the set 
point change in PC1 at about sample 600 initiated a large oscillatory transient 
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response in both these pressure controllers which suggests (a) the tuning might be 
rather tight and (b) that these two pressure loops are interacting with one another. 
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Figure 6.8. Non-linearity analysis 

6.6 Chapter Summary 
This Chapter has given an overview of the state of the art in detection and 
diagnosis of distributed disturbances to establish that, in the area of chemical 
process control, quantitative process history based methods are currently more 
widely used than model-based methods for fault detection and diagnosis. Some 
recent methods for plant-wide disturbance detection and diagnosis were covered in 
more detail. These methods used the power spectra and autocovariance functions 
and the methods of non-linear time series analysis. 

The chapter included a worked example from a refinery separation unit. 
Oscillation detection based on autocovariance functions showed clearly that there 
were two distinct oscillations present at two very similar frequencies. The finding 
was confirmed by a spectral principal component analysis. Diagnosis using non-
linear time series analysis successfully located the source of one of the two 
oscillations to the known root cause in a steam flow control loop. The same 
method showed the other oscillation was not due to a non-linearity, and a detailed 
visual examination of the data set suggested the most likely cause to be an 
interaction between two tightly tuned pressure controllers.  
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7.1 Introduction 
Control loop oscillations are the most prominent indications of deteriorated 
controller performance. In many cases, a predominant oscillation thwarts the 
original intention of feedback control. The feedback mechanism may increase the 
variability of the control error rather than keeping the actual process variable close 
to the desired target. Oscillations often indicate a more severe problem than 
irregular variability increase and hence require more advanced maintenance than 
simple controller re-tuning.  

Nowadays, the detection of oscillations is a solved problem. Diagnosis of 
oscillations, however, still is an area of active research. Fortunately, during the last 
years, significant progress has been made in this direction, even though some 
questions remain unanswered. Nonlinearity analysis, as reported in this book 
(Chapter 6) has enabled important differential diagnoses mainly for oscillating 
loops and will be presented for stiction detection later on.  

Still partly unsolved is the problem of diagnosing arising oscillations due to 
linear coupling between two – well-tuned, if seen individually – control loops. 

This chapter first presents an overview of the main methods for oscillation 
detection in control loops, followed by a survey of the main reasons for such 
oscillations.

The most relevant tasks in control loop benchmarking or oscillation diagnosis 
are:

Reliable detection of oscillatory behaviour in control loops 
Reliable indication of the most relevant root causes for such oscillations 

Stiction
External disturbances 
Tight tuning 
Others 

Assessment and benchmarking of the identified root cause and remedy 
suggestion.

The requirements are set by the industrial large scale application of these methods: 
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Model-free technology  
Use of minimum information about the control loop 
Works on control error data (SP-PV) and controller output (CO) only 

Still most activity, both academic and industrial, is directed towards the detection 
of control valve stiction (= static friction). Several methods for stiction detection 
have been suggested during the last years. Therefore a significant part of this 
chapter is devoted to the different methods for stiction detection as one important 
cause of control loop oscillations.  

7.2 Periodic Variations in Process Control Loops 
Oscillations in process control loops are a very common problem. In Canadian 
studies it was found that up to 30% of all loops may be oscillating in typical pulp 
and paper processes, see [Bialkowski, 1992] and [Ender, 1993]. The fact that some 
loops oscillate is often known to the operators. However, since the cause is usually 
unknown, appropriate corrective measures may not be obvious. Therefore, 
oscillating loops tend to be neglected or put in manual mode. Unfortunately, none 
of these measures maintains the benefit of automatic control. 

However, the automatic diagnosis of oscillations without performing any 
experiments is a difficult task and may often not even be possible for some causes. 
In this section the most important reasons for oscillation in process control loops 
are briefly discussed.  

7.2.1 Important Reasons for Oscillations 

Static friction (Stiction) 
High static friction (stiction) in a control valve often causes oscillations. The 
mechanism is simple: Assume that a valve is stuck (stick-phase) in a certain 
position due to high static friction. The (integrating) controller then increases the 
setpoint to the valve until the static friction can be overcome. Then the valve 
breaks off and moves (note that the dynamic friction is smaller than the static 
friction) to a new position (slip-phase) where it sticks again. The new position is 
usually on the other side of the desired setpoint such that the same process starts 
again in the opposite direction. A very simple simulation model, based on the work 
by [Olsson, 1996] was presented in [Horch and Isaksson, 1998]. A recent very 
useful and intuitive simulation model has been proposed in [Choudhury et al.,
2005]. The characteristic (nonlinear) behaviour of friction in control valves in 
shown in Figure 7.1. 
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Figure 7.1. Characteristic friction plot 

Figure 7.2. Input-output behaviour for sticking valves 

The describing function for stiction nonlinearity was derived by [Choudhury et
al., 2005] and is given as 
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The parameters S and J parameterize the stiction behaviour where S is the sum of 
stickband and deadband and J is the slipjump in the valve input-output behaviour, 
see also Figure 7.2. 

The negative inverse of the describing function is shown in Figure 7.3. 

Figure 7.3. Negative inverse of the stiction describing function for different values of S and 
J

Typical stick-slip behaviour results in a rectangular process output and a 
triangular control signal, see Figure 7.4 for an industrial example. Occurrence of 
oscillations (not amplitude and frequency) due to stiction is usually tuning-
independent as long as there is integral action. Oscillations due to stiction are 
usually not removed by re-tuning the controller. An ad hoc control strategy - which 
could be used until the next maintenance stop – could be the use of a dead-zone in 
the controller as suggested by [Ender, 1997]. The tuning of PI-controllers in loops 
with stiction was also discussed by [Piiponen, 1998].  
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Figure 7.4. Typical behaviour of a control loop that exhibits stiction 
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Dead-zone 
Dead-zone is the combined nonlinearity that represents the amount the input signal 
needs to be changed before the actuator actually moves. This kind of nonlinearity 
can, for example, occur in the control system software. Figure 7.5 shows the time-
domain behaviour of a dead-zone element. 

Figure 7.5. Time-domain characteristic of a dead-zone element 

The describing function is given by  
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See Figure 7.6 for a plot of N(C).

Figure 7.6. Describing function for a dead-zone nonlinearity with D=0.5

The negative inverse of this function always covers the negative real axis to the 
left of -1 0j . A stable limit cycle can only be obtained if the open-loop without 
the nonlinearity itself crosses the negative real axis left of the critical point -1 0j .
A possible scenario to satisfy such a condition can, for example, be a PID-
controlled plant which contains a first-order dynamics and an integrator (e.g. a 
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level control loop). An industrial example of a level control loop where an 
oscillation is caused by a dead-zone in the control system is shown in Figure 7.7. 
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Figure 7.7. Example of a level control loop that oscillates due to dead-zone 

Backlash
Backlash is present in every mechanical system where the driving element is not 
directly connected with the driven element. Figure 7.8 shows the time-domain 
behaviour for a backlash element.  

Figure 7.8. Time-domain characteristic of a backlash element 

Backlash is a dynamic nonlinearity, i.e. its state depends on the input and past 
states. The describing function for the backlash is therefore a complex valued 
function. Assuming a unit slope in the input-output relation, the describing 
function for DC  where D is the width of the dead-band is given as  
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It is not possible - for general process models - to state simple conditions for a 
limit cycle to occur. For a limit cycle to occur the process must be higher than first 
order, which is always true for a first-order plus dead-time process controlled by a 
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PI-controller. An example of the negative inverse of the describing function is 
shown in Figure 7.9. 
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Figure 7.9. Plot of the negative inverse of the describing function for backlash 

As can be seen, de-tuning of the controller will probably remove a backlash-
induced oscillation in many cases. 

Saturation
Real control signals always have constraints. Therefore, alarm limits are set for 
each control signal. If the controller is tuned such that the loop is unstable, there 
will be an oscillation due to the saturation nonlinearity. Figure 7.10 shows the 
time-domain behaviour for a saturation element.  

Figure 7.10. Time-domain characteristic of a saturation element 

Figure 7.11. Data from a preheater level control loop. The oscillation is due to tight tuning 
in connection with saturation 
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The negative inverse of the describing function for a saturation nonlinearity is 
located on the negative real axis left of the critical point. For an oscillation due to 
saturation, the phase difference between control signal and the process output will 
therefore ideally be 180 degrees. An industrial example is shown in Figure 7.11. 

Quantisation 
Quantisation is always present in modern control systems since analog values have 
to be discretised and vice versa. Especially in older systems where the converters 
have a relatively low resolution this may become a problem.  

The input-output characteristic of a quantiser with a quantisation level of q is 
given by )/()( qxroundqxQ . This nonlinearity is plotted in Figure 7.12. 

Figure 7.12. Time-domain characteristic for a quantiser 

Figure 7.13. Describing function of a quantiser for some levels of quantization 

The describing function for this nonlinearity can either be found by 
extrapolating results for the three-point and five-point nonlinearities or by 
considering the addition of signum-with-dead-zone functions. The describing 
function is 
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and is plotted in Figure 7.13. The variable n denotes the number of the step in the 
quantisation curve (Figure 7.12) which corresponds to the actual value of the 
amplitude C.

It is noteworthy that the maximum of N(C) does not change with the 
quantisation level q. It is calculated as 

max ( ) / 2 4 /
C

N C N q  (7.8) 

The fact that the maximum of N(C) is constant even for 0q reminds of the 
Gibbs phenomenon, since the describing function is based on a truncated Fourier 
series. This has an interesting implication on the analysis using the describing 
function method. Since N(C) is purely real, the negative inverse of N(C) will be on 
the negative real axis only. It starts in -  when 0 / 2C q . The maximal value is 
then given by  

1max 0.785.
( ) 4C N C

 (7.9) 

Note that the function -1/N(C) alternates around the critical point -1+j0 which 
can lead to ambiguities in the estimation of the oscillation amplitude.  

It remains to discuss what happens for 0q , i.e. when the quantisation 
nonlinearity vanishes completely. As can be seen from Figure 7.13, if 0q , the 
function N(C) will be squeezed together without changing its shape in the vertical 
direction. For the negative inverse, -1/N(C), this means that the complete shape of 
the curve will not change with q but the amplitudes corresponding to particular 
points on the curve will change. Assume that there is an intersection between the 
Nyquist curve and the describing function for some finite q, then there will still be 
an intersection no matter how much q is decreased. The amplitude of the 
oscillation will, however, tend to zero. 

For applying describing function analysis to a loop with quantization, assume 
that the controller F(s) stabilises the linear part of the loop. Intersection of -1/N(C)
and the frequency function ( ) ( ) ( )L j F j G j  can then occur in several ways. 
Firstly, if ( ) 180L j  for small frequencies. In that case, the intersection lies 
in the interval [ , 1]. Secondly, if ( )L j  crosses the negative real axis in the 
interval [ , / 4].
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Industrial example. Consider a flow control loop which is oscillating, see left part 
of Figure 7.14. The reason for this oscillation was found to be an 8-bit resolution in 
the D/A-converter, yielding a quantisation level q=0.5% of the control signal. 
After a 12-bit converter was installed, the oscillation has decreased drastically, see 
right part of Figure 7.14. The explanation is that the quantisation level was now 
decreased to q=0.06%. The theory then predicts that the amplitude should decrease 
to 0.06/0.5 = 0.12 times the original amplitude.  

Figure 7.14. Data from a flow control loop. Left: Oscillation due to quantisation in the D/A-
converter. Right: Same loop with higher resolution in D/A-converter. Top: control error, 
bottom: control signal. 

External oscillating disturbances 
Despite the use of single-loop controllers in the process industry, many basic 
control loops are coupled. Therefore, if one loop is oscillating, it is likely to 
influence other loops too. In many cases the oscillations are in a frequency range 
such that the controllers cannot remove them. Then an oscillation is present even 
though the controller is well tuned (it might have been tuned for some other control 
task). Industrial data for this kind of root cause is shown in Figure 7.15. 

The experiment shows that the oscillation is not removed by putting FC105 in 
manual (at time 500) since the oscillation is induced by Loop QC193. The 
oscillation was generated in the QC loop which is verified by putting it in manual 
at time 1900.  

External disturbances are a challenge for an automatic diagnosis algorithm. When 
having detected an oscillation, it is important to distinguish between internally and 
externally caused oscillation. Using nonlinearity analysis and other heuristics, this 
seems to be a solvable task for a number of typical cases [ABB, 2005]. 
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Figure 7.15. Example of an external oscillating disturbance in Loop FC105  

Other reasons
There are of course other reasons for oscillations. It is for example possible that 
two well-tuned single loops start oscillating when they are coupled (e.g. due to 
nonlinearity or multivariable effects). However, using normal operating data and 
without any process knowledge it seems to be almost impossible to diagnose such 
a cause.  

Yet another cause which has not been mentioned so far is an oscillating loop set 
point, see Figure 7.16. This problem has been analysed by [Ettaleb et al., 1996] 
and will typically only appear in cascaded control loops. 

Figure 7.16. Oscillating setpoint (top) that yields a slightly oscillatory control error (bottom) 

Of course, often there may be several causes at the same time responsible for a 
certain oscillation. This makes the diagnosis even more difficult.  
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7.3 Automatic Oscillation Detection  
Obviously, the first step in oscillation diagnosis needs to be reliable oscillation 
detection. This task can be solved by several methods, most of which will be 
summarized below.  

A discussion about the online detection of oscillation vs. running the detection 
method in offline mode now follows. Usually, for offline detection, only small 
amounts of data are required. Therefore the conclusion is that for practical 
applications it is not really critical if some method can only be applied to an offline 
data batch. This use in quasi ‘online’ mode enables normally a ‘fast enough’ 
oscillation detection in practice. Oscillations are a wide-spread problem but the 
detection speed is not critical in terms of minutes or hours. Many plants exhibit 
oscillations that have been going on for years, such that the operators have 
accepted them as being ‘normal’ for the process. 

Oscillation detection can be done somewhat heuristically since there is no clear 
mathematical definition of an ‘oscillation’ that could be applied. It is therefore 
common sense to speak of oscillations as periodic variations that are not 
completely hidden in noise, and hence visible to the human eye. There are other 
applications, e.g. signal processing for communication applications where periodic 
signals with a very low signal to noise ratio are very common. For the process 
industry, such signals are usually not considered.  

This raises philosophical questions about the size of oscillation amplitude. Is a 
regular oscillation with a very small amplitude important enough to be highlighted 
by the assessment system? This is an ambiguous question since small oscillations 
are usually not a large problem for the complete process, however, oscillations 
usually pinpoint an underlying problem. Therefore, it is suggested never to hide 
information about detected oscillations from the user. Of course, an expert 
assessment cannot be done automatically. 

The oscillation detection methods and their references are listed next: 

Method A [Forsman and Stattin, 1998] 
Regularity of upper and lower IAEs and zero-crossings in the time-domain. 

Method B [Hägglund, 1995] 
Regularity of ‘large-enough’ IAE in the time-domain. 

Method C [Miao and Seborg, 1999] 
Damping factor approach of the auto-correlation function. 

Method D [Thornhill et al., 2003] 
Regularity of zero-crossings of the auto-covariance function. 

Method E [Salsbury and Singhal, 2005] 
Identification of undamped poles of time series ARMA model. 

Method F (without reference) 
Detection of single peaks in the signal spectrum. 
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Method G [Matsuo et al., 2003] 
Wavelet-based visual detection of multiple oscillations in process data. 

There are, of course other approaches but this collection shall be sufficient to give 
an overview. Most of these methods will in most cases give a reliable detection of 
oscillation in the sense discussed above. 

Table 7.1 shows a comparison of the most important methods for oscillation 
detection.

Table 7.1. Comparison of methods for oscillation detection 

Domain Mode Load Pros Cons
A Time Offline Low - handles asymmetrical 

oscillations 
- simple & intuitive 

- filtering required 
- regular oscillation 
needed

B Time Online Low - simple & intuitive 
- online applicable 

- needs to specify 
ultimate frequency  
- noise sensitive 

C ACF Offline Medium - detects short-term 
oscillations 
- automatic filter 

- patented 
- hard if several 
frequencies

D ACF Offline Medium - automatic filter 
- intuitive 

- hard if several 
frequencies

E Model Online Medium - noise modelled 
- sound method 

- hard if several 
frequencies

F Frequen
cy 

Offline Medium - classical method 
- finds main oscill. 

- difficult to evaluate 
automatically 

G Time / 
Frequen
cy 

Offline High - handles multiple 
oscillations 

- no automatic 
evaluation 

Hägglund [1995] has proposed a method in the time-domain which considers 
the integrated absolute error (IAE) between all zero-crossings of the signal. If the 
(IAE) is large enough, a counter is increased. If this counter exceeds a certain 
number, an oscillation will be indicated. In order to quantify what large enough
means, the ultimate frequency of the loop in question (as may be known from 
identification using relay-experiments) is used. Alternatively, one may use the 
integral time of the controller, assuming that the controller is reasonably tuned. 
This method is very appealing but has two disadvantages: Firstly, it is assumed that 
the loop oscillates at its ultimate frequency which may not be true, e.g. in the case 
of stiction. Secondly, the ultimate frequency is not always available and the 
integral time may be a bad indicator for the ultimate period. A strength of the 
method is that it quantifies the size of the oscillation.  

A very similar idea was used in the detection method by Forsman and Stattin 
[1998]. There, the time instants of all zero-crossings and all IAEs are computed 
and compared pairwise. Then, all IAEs and zero-crossings which are pairwise 
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approximately equal are counted. This number is divided by the total number of 
half-periods yielding an index between 0 (no oscillation) and 1 (perfect 
oscillation). A reasonable threshold was found to be 0.3-0.4. An advantage with 
this method is that an estimate of the frequency and oscillation amplitude are 
computed as a by-product. There are some tuning parameters which determine 
what approximately equal means but these do not usually have to be changed. This 
method relies on some pre-filtering in order to cope with signal noise. 

The problem of signal noise is elegantly removed by considering the auto-
correlation function ACF (or auto-covariance) of the control error. By estimating 
the ACF, a large extent of the signal noise is removed. This approach has been 
used by [Thornhill et al., 2003] where a regularity factor of the zero-crossings of 
the ACF has been proposed. An oscillation is detected if the standard deviation of 
the estimated oscillation period from all periods in the available ACF is not more 
than e.g. 33% of the mean value. This approach is very sensible, but may not work 
well if more than one frequency is dominant in the signal. This can be the case 
when two frequencies that are rather different are present in the same signal, see 
Figure 7.17. 

Figure 7.17. Example of an oscillating loop with two distinct frequencies. Which oscillation 
shall be detected? 

Yet another method was presented by Miao and Seborg, [1999]. Here the auto-
correlation function of the signal in question is estimated. Then a measure similar 
to the damping ratio is computed. If this measure exceeds a given threshold, an 
oscillation is indicated. This measure also detects oscillatory behaviour that is not 
yet persistent. The method is patented. 

A more complex detection of oscillation is certainly frequency analysis which 
reveals both broad peaks, indicating a non-sinusoidal oscillation and multiple 
oscillation frequencies very easily. However, typically, an automatic detection is 
not trivial since, in practice, non-oscillatory signals can also have a maximum at 
some frequency in the spectrum. 

The next natural step is to combine time and frequency domain and investigate 
data using wavelet analysis. This has been proposed by Matsuo et al., [2003]. The 
wavelet plots are, however, difficult to be evaluated automatically and a better tool 
for human expert analysis. They have the ability to cover both temporary 
oscillations and multiple frequencies. 
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As an example consider the control error signal in Figure 7.18 (top plot) and its 
ACF (middle) and spectrum (bottom). All the methods above will be able to detect 
the (asymmetrical) oscillation of this flow control loop. 

Figure 7.18. Example for detection of oscillation. Top: control error time trend. Middle: 
Auto-Correlation Function. Bottom: Signal Power Spectrum. 

The next step after oscillation detection is oscillation diagnosis. The minimum-
variance based controller performance index proposed by Harris, [1989] is a main 
ingredient in performance monitoring tools nowadays. The following section will 
therefore investigate the problem of applying this index to oscillating signals. 

7.4 Application of Minimum-variance Based Index  
This section describes the use of a minimum-variance based control performance 
index [Harris, 1989] when applied to an oscillating signal. The use of this index in 
such cases may give unrealiable results. As a motivating example consider the 
process variable in a flow control loop in a pulp mill, see Figure 7.19.  

Figure 7.19. Measured data from an oscillating flow control loop 
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The signal is oscillating for the first 350 samples, after that the oscillation 
vanishes. The reason for the oscillations is likely to be a nonlinear phenomenon 
and a change in the noise structure is not expected within the short time period 
considered. It would therefore be expected that the performance index should be 
able to identify the change in the performance.  

From identification experiments it is known that the process dead-time is two 
samples. Table 7.2 shows the estimated indices and variances for both parts of the 
data.

Table 7.2. Minimum-variance results for the data set in Figure 7.19 

Data range Actual 
variance 

Minimum 
variance 

Estimated noise 
variance 

Harris Index 
[0…1] 

[1:350] 5.87 1.92 0.75 0.36 
[500:800] 0.14 0.087 0.081 0.54 

The time-series model used is an AR model of order 25. Notice that the 
variance in the process output decreased by a factor of about 40. The performance 
index however, decreased by a factor less than two. It is also noteworthy that both 
the estimated minimum-variance terms and the noise variances differ considerably 
for both cases. On the other side, the output variances were obtained using the 
estimated time-series models and are in good agreement with the variances 
obtained directly from the data. The question then arises:  

Why is the obvious change of performance not properly reflected in the index? 

This question has been discussed in [Horch, 2000] where an attempt has been made 
to motivate the recommendation to take the minimum-variance based performance 
indices with "a pinch of salt" in the presence of oscillations. It was found that both 
the actual variance and the noise variance can be estimated reliably but that the 
minimum-variance expression in some cases is not a reliable indicator, especially 
when nonlinearities are involved. 

It has also been noted in [Horch, 2000] that the actual noise variance should be 
computed via the estimated time-series model rather than directly from the data. 
Since the detection of oscillations is reliably possible nowadays, it is recommended 
not to rely on the minimum-variance based index in these cases. If an oscillation is 
known to be present, there is no real need to assess the loop performance via the 
Harris index. 

For the Harris index numerous modifications and extensions have been proposed. 
An approach that tries to eliminate the problems described above and induced by 
oscillations has been proposed and patented by the Pulp and Paper Research 
Institute of Canada [Owen, 1997]. The idea is to evaluate the Harris index in the 
frequency domain and to exclude the frequencies where the oscillation is mainly 
located from the analysis. The heuristics behind this approach is that a controller 
that is so badly tuned that the loop actually oscillates also has a poor performance 
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for other frequencies – and hence a poor index value after removing the oscillation 
contributions.  

A similar approach could be developed in the time-domain [Horch, 2000; Chapter 
12], e.g. by using a notch filter, however, such an approach does not seem to exist 
in practice so far.  

7.5 Oscillation Diagnosis 
The remaining part of this chapter will be devoted to the oscillation diagnosis with 
the focus on the automatic procedures, i.e. without active experiments or 
interaction with the process. The most important challenge about oscillation 
diagnosis is to distinguish internally from externally generated oscillations. This 
information will help the maintenance effort to be directed to the correct source of 
problem, i.e. which loop to address. Valve stiction seems to be the most 
predominant cause of internally generated oscillations. The other internal reasons – 
in connection with other static nonlinearities, such as saturation etc. – have been 
discussed above. The distinction between all these causes seems to be less 
important than being able to state if the cause is internal or external. 

7.5.1 Automatic Detection of Stiction in Control Loops 

The stiction generation mechanisms in final control elements have been described 
by several authors. Also, some mathematical models to simulate and understand 
the effects of sticking valves in automatic control have been proposed. See 
[Choudhury et al., 2005], [Olsson, 1996], [Deibert, 1994] and the references 
therein. The main purpose of this section is to present, classify and evaluate most 
currently published methods for stiction detection on some benchmark data from 
the process industry. Before the benchmark data is introduced, the methods will be 
presented briefly. Due to space limitations, no detailed presentation can be given. 
The complete methodology including assumptions, details, implementation issues 
and examples are in most cases found in the published references given below. The 
focus here is to give an overview and to understand where the differences of the 
methods are. The following methods will be presented: 

Method A [Horch, 1998] 
Cross-correlation information between controller output and process variable 

Method B1 [Horch, 2001] 
Signal distribution of derived and filtered control error signal 

Method C [Stenman et al., 2003] 
Detection of abrupt changes in process variable 

1 Patent pending ("A method and a system for evaluation of static friction") 
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Method D2 [Choudhury et al., 2004] 
Detection of nonlinearity and non-Gaussian properties based on higher-order 
statistics

Method E [Thornhill, 2005] 
Detection of nonlinearity based on phase spectrum analysis 

Method F [Singhal and Salsbury, 2005] 
Detection of asymmetrically distributed areas in oscillation half-periods 

Method G1 & G2 [Rengaswami et al., 2001] 
G1) Comparison of oscillating signals with pre-defined shapes.  
G2) Identification of Hammerstein models (no benchmark results available)

Methods H1 & H2 [Kano et al., 2004] 
H1) Detect when change in CO is not followed by a change in PV 
H2) Detect a parallelogram in the phase plot of PV vs. CO 

Method H3 [Yamashita, 2004] 
H3) Fit qualitative shapes to the phase plot of PV vs. CO.  

Method I [Scali and Ulivari, 2005], [Rossi and Scali, 2004] 
Comparison of signal fit to pre-defined shapes 

A simple classification of methods can be given as shown below. 

Time domain shape analysis A, B, F, G1, H2, H3, I 
Nonlinearity analysis D, E 

Fault detection & identification analysis C, G2, H1 

The most important properties of all methods together with the advantages and 
disadvantages are summarized in Table 7.3.

There are other methods to solve this task that have been proposed during the 
last decade, see e.g. [Deibert, 1994], [Ettaleb et al., 1996], [Hägglund, 1995], 
[Horch and Isaksson, 1998], [Taha et al., 1996] or [Wallen, 1997]. Unfortunately 
all the approaches mentioned require either detailed process knowledge, user-
interaction or rather special process structures and will not be reviewed here. 

The described methods have been applied to a number of benchmark data sets. 
The data is plotted in Figure 7.20. For all control loops, the top plot contains the set 
point (SP) and process variable (PV), followed by the controller output (CO) in the 
bottom plot. 

The loops originate from different industries and processes. They are by no 
means typical in all cases and neither do they represent an exhaustive selection of 
all possible causes.  

2 Patent pending ('Methods for detection and quantification of valve stiction') 
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Table 7.3. Comparison of different methods for stiction detection 

Load Pros Cons
A Low - simple 

- intuitive 
- strong assumptions 
- not for all loop types 

B Low - simple 
- independent on signal shape 

- dependent on good filtering 
- method patented 

C High - theoretically sound idea 
- no regular oscillation needed 

- complex computations 
- problems with noisy signals 

D High - theoretically sound 
- can do more than human eye 

- complex computations 
- not stiction specific 

E High - theoretically sound 
- can do more than human eye 

- complex computations 
- not stiction specific 

F Low - simple 
- intuitive 

- filtering required 
- method patented 

G1 Medium - intuitive 
- flexible 

- noise sensitive 
- sensitive to shape deformation 
- high complexity (slow) 

G2 High - theoretically sound - complex method 
- need excitation 
- parameter required  

H1 Medium - intuitive 
- simple 

- threshold to be set for each loop 

H2 Low - classical approach - noise sensitive 
- classification difficult 

H3 Medium - intuitive - needs classical PV/CO pattern 
I Medium - intuitive 

- flexible 
- noise sensitive 
- sensitive to shape deformation 
- high complexity (slow) 

However, here the purpose is to illustrate the methods rather than letting them 
compete against each other. All of them have strengths and drawbacks. Future 
research will most likely aim to learn from each method such that reliable stiction 
detection can be done as easily as oscillation detection can be done nowadays. 

The benchmark control loops were identified as having the problems listed in 
Table 7.4. 

The benchmark data was evaluated using the methods above. The rest of the 
chapter describes briefly each of the methods and shows the results of the 
evaluations.

Method A 
The detection method is based on the cross-correlation between controller output 
(CO) and process variable (PV). In [Horch, 1999] it was shown that the cross-
correlation information can correctly distinguish static friction (stiction) in control 
valves from other sources of oscillation. The decision rule is stated as follows:

If the cross-correlation function between controller output and 
process output is an odd function, the likely cause of the oscillation is 
stiction. If the cross-correlation function is even, then the likely cause 
is an external oscillation or too tight controller tuning. 
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Figure 7.20. Benchmark data for stiction detection algorithms 

Table 7.4. Stiction benchmark data. Description of data sets 

Loop name Type Oscillation cause 
FC525 Flow Stiction 
LC011 Level Stiction 
FC445 Flow Stiction 
FC392 Flow Stiction 
FC145 Flow Stiction 
QC193 Concentration Valve dead-zone & tight tuning 
LC621 Level Tight tuning  

The assumptions made here are very important: 
An oscillation has already been detected 
The process is not integrating 
The controller has (significant) integral action 
The loop does not handle compressible media 
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Note that the method may give wrong indications if any of these assumptions 
are violated. 

In order to distinguish between odd and even correlation functions, it would be 
sufficient to consider the cross-correlation at lag zero. However, for a practically 
working algorithm it is better to make use of the cross-correlation function up to 
the first zero-crossing in each direction. 

For a human it is rather simple to state whether or not a function is odd or even. 
For automatic diagnosis, different measures to distinguish between odd and even 
functions can be defined. As examples, consider the results for FC525 and QC193 
in Figure 7.21.  

Figure 7.21. Detection of stiction, FC525, (left) and non-stiction, QC193, (right) with 
Method A. Top plots: Time series in [s] of CO and PV, bottom plots: CCF (normalized) 

Method B 
The main idea in [Horch, 2001] is to detect abrupt changes (which are typical in 
the case of stiction) in the process value. This is done by considering the 
probability distribution of the signal derivative. In the stiction case the distribution 
is close to Gaussian, otherwise it will have two peaks. For integrating processes 
(level control), the second derivative has to be used, for self-regularing processes, 
the first derivative is sufficient. In the following, the process is described for 
integrating loops only. The only difference for self-regulating loops is one 
differentiation less to be applied to the data.  

Consider the second (filtered) derivative of the process value. Ideally, such a 
signal is a pulse train with additional white noise. In the non-stiction case, the 
(oscillating) loop output is usually close to sinusoid. Hence it has a probability 
distribution with two separate maxima. The detection algorithm tests which of both 
possible distributions is more likely to fit the data, see Figure 7.22. 
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Figure 7.22. Basic idea of Method B. Left: Non-stiction case. The second derivative still is 
sinusoidal and exhibits a distribution with two separate maxima. Right: Stiction case. The 
second derivative is mainly centered around 0 except for some peaks, hence the distribution 
is close to Gaussian. 

Figure 7.23. Stiction detection for Loop LC011 using Method B

The next step is to fit two different distribution functions to the sample 
histogram of the second (filtered) derivative of the measured control error. It is 
assumed that the loop in question is known to be oscillating, e.g. by using one of 
the oscillation detection methods described above. 
The decision is then made as follows: 

Consider the second (filtered) derivative of the loop output. Check whether 
the probability density function is approximately Gaussian (neglecting the 
pulse train) or the one of a sinusoid with additional Gaussian noise. A better 
fit to the first distribution indicates stiction, a better fit for the second one 
non-stiction. 

An example for the application of this method to loop LC011 is shown in 
Figure 7.23. The mean square error for the stiction case is 1.12 compared to 2.01 
for the non-stiction case. Hence the presence of stiction is correctly concluded in 
this case. 
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Method C 
The model-based detection method in [Stenman et al., 2003] is inspired by ideas 
from the fields of change detection and multi-model mode estimation. This method 
does not require any oscillation being present in the data. The valve model used 
here is very simple: 
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 (7.10) 

The model for detecting stick-slip behaviour in the valve is 
ttttt uxx 1)1( , where t is a binary mode parameter which is 1 if a jump in 

the valve position xt  occurs and 0 otherwise. The process dynamics is assumed to 
be linear. The model is used as shown in Figure 7.24. 

Figure 7.24. The assumed stiction model for Method C 

The detection procedure then aims to identify a suitable mode sequence 
).,...,( 1 N

N This step is called segmentation. The algorithm has some tuning 
parameters, most of which can be set to default values for practical application.

Method D 
The main idea of [Choudhury et al., 2004b] is to compute nonlinearity measures. 
Two measures are used, a nonlinearity index (NLI) and a non-Gaussianity index 
(NGI). Both indices are deduced from the signal bicoherence. Bicoherence is the 
same as the normalised bi-spectrum of a signal. A characteristic of a non-linear 
time series is the presence of phase coupling such that the phase of one frequency 
component in the spectrum is determined by the phases of other frequency 
components. This characteristic does not exist for linear signals (i.e. signals that 
are generated by linear systems). The test in [Thornhill, 2005] is based on the same 
property as discussed here. 

The NLI and NGI are defined such that they analyse the non-zeroness and the 
constancy of the bicoherence plot. If both indices are greater than zero, the signal is 
described as nonlinear and non-Gaussian. The test is performed on the control 
error, as all stiction detection tests usually do.  

The described test statistics does not directly refer to stiction. If one excludes 
the presence of process nonlinearity and non-linear disturbances, any detected 
nonlinearity is attributed to the final control element. The successful detection of 
nonlinearity for Loop FC525 is shown in Figure 7.25. 
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Figure 7.25. Squared bicoherence plot (left) and fitted ellipse for stiction quantization in the 
phase plot (right) for loop FC525 

It should be noted that this method is one of the few to try to quantify the size 
of stiction which is very important for the assessment of its relevance [EnTech, 
1998]. The other method that makes an attempt to quantify stiction is Method H2. 

Method E 
The description of this method is taken from [Thornhill, 2005]. The main feature is 
a comparison of the predictability of the time trend compared to that of its 
surrogates. See Figure 7.26 for illustration where the top plot shows the time trend 
of FC525. It has a clearly defined pattern and a good prediction of where the trend 
will go after reaching a given position. 

The lower panel shows a surrogate (a signal with a randomized phase) of the 
time trend. By contrast to the original time trend the surrogate lacks structure even 
though it has the same power spectrum. The removal of phase coherence has upset 
the regular pattern of peaks. 

This property can be used to define an index that quantifies the predictability of 
the signal when the phase is randomized and hence an index that quantifies 
nonlinearity.

Method F 
The underlying idea of this method [Singhal and Salsbury, 2005] is very simple 
and appealing. An index is computed that characterizes if an oscillation half period 
is symmetrical, i.e. the maximum (minimum) is located in the middle of the half 
period. The more skew the areas left and right of the maximum (minimum) are, the 
more likely the oscillation is generated by a sticking valve. The index is simply the 
ratio of the areas left and right of the peak, see Figure 7.27. 

Obviously, the index value depends heavily on two things: Signal to noise ratio 
and the similarity of the half periods. Both aspects have been improved by the 
authors but not published yet. Noise changes both zero crossings and the location 
of the peaks. The noise problem is handled by applying filtering to the area ratio R
for each half period rather than the raw data.  
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Figure 7.26. Time trend of LC011 (top) and surrogate example (bottom) 

The index has been re-defined further such that not the ratio is reported but a 
probability measure in order to incorporate uncertainty in the value of R. Instead of 
checking if R > 1, the probability of R > 1 is considered and it is computed via a t-
statistic.

Figure 7.27. Definition of the stiction detection index R=A1/A2

Method G1 
The method proposed in [Rengaswamy et al., 2001] is based on a qualitative 
pattern recognition approach. The algorithms aims to distinguish square, triangular 
and saw-tooth like signal shapes in both controller output and process variable. The 
technique used to classify the signals is Dynamic Time Warping (DTW) and this is 
used on each oscillation cycle individually rather than on a complete data set at 
once. DTW is a classic technique from speech recognition used to compare signals 
with stored patterns. DTW takes into account that different parts of the signal 
under investigation may be shorter or longer than the reference and also enables 
the detection of similarities in such cases. 

This approach allows for varying frequencies often encountered in industrial 
data. Table 7.5 shows the pattern shapes used for diagnosis. 
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Table 7.5. Stiction pattern shapes for Flow, Pressure, Temperature and Integrating 
Processes 

Method G2 
The method proposed in [Rengaswamy et al., 2001] is based on a classical system 
identification approach. A quantitative Hammerstein model approach is used that 
estimates a stiction parameter based on the available data (CO and PV). The block 
diagram of a Hammerstein model is shown in Figure 7.28. 

Figure 7.28. Block diagram of a Hammerstein model 

Method H1 
The method described in [Kano et al., 2004] is based on the observation that with 
stiction present, there are sections where the valve position does not change, even 
though the controller input changes. The algorithm proposed by the authors can be 
summarized as follows: The difference in the valve position (or the measured 
process value after the valve) is compared to a given threshold,  

).1()()( tytyty  (7.11) 

All time intervals are identified where | ( ) | .y t For each time interval 
where this condition is satisfied, the difference between minimum and maximum 
controller output, denoted u , and the difference between minimum and maximum 
valve position (or process variable), denoted y , are compared against given 

thresholds u and y respectively. In all cases where the position difference 
(process variable) is below the threshold and the control action difference is above 
the threshold, stiction is concluded. This comparison is done in each time step. 
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Then the ratio of the times where stiction was concluded is divided by the 
number of total time steps. This results in an index bounded by 0 and 1. The closer 
the index is to 1, the more likely stiction has occurred. 

Method H2 
This method was also proposed in [Kano et al., 2004]. It is based on the 
relationship between controller output and the valve position (or process variable 
in the case where the valve position is not available). In the case of stiction, the 
observation is that the phase plot of the controller output versus valve position is a 
parallelogram.  

The challenge is the automatic detection of the difference between a 
parallelogram and an ellipse which is the typical shape for more linear oscillations. 
The authors propose a function F such that 

0,),()1(minmax)( maxFtutFtF . (7.12) 

This function is evaluated in each time step. The maximal value of F(t) and the 
initial value F(0) are needed to quantify stiction and can be obtained from normal 
operating data by solving an optimization problem that maximises the correlation 
coefficient between CO-F(t) and PV. Reliable results are obtained if the correlation 
coefficient is close to unity. 

Method H3 
The method proposed by [Yamashita, 2004] applies qualitative shape analysis to 
the phase plot of PV vs. CO rather than on the control error signal itself. 
Qualitative primitives are defined and a sequence of these primitives are fitted to 
data within a certain time period, see Figure 7.29. 

Figure 7.29. Basic shapes that describe valve movement in the PV - CO phase plane 

The different indices describe singular movements: (I)ncreasing, (S)teady and 
(D)ecreasing. For each of the basic movements, the time periods of their presence 
are computed. An index is defined that relates times of sticking to the total time,  

SStotalSDDSDDDSSIISIIIS /3 , (7.13) 

where xy denotes the time where the movement is in direction xy. Double 
subscripts denote a combination of patterns. The index hence denotes phase plots 
that are often found for sticky valves, see Figure 7.30.  
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Figure 7.30. Qualitative shapes in the phase plot for stiction cases 

Method I 
A fitting of oscillations of the control error is performed by changing the three 
parameters of a first-order plus dead-time (FOPTD) process (K, , ). This causes 
changes in the shape of the signal, allowing the best fit to data in order to minimize 
the prediction error (ER).

The fitting of PV data is also performed by means of sinusoidal functions 
(parameters: A, , ) and by means of triangular waves (also three parameters, 
related to slope, scaling factor and constant of the linear equation), with an error 
equal to ES and ET, respectively. Sinusoidal waves indicate the presence of periodic 
disturbances. Triangular waves are associated with the presence of stiction: the 
minimum error between relay and triangular waves is chosen to represent the 
approximation with “stiction” primitives 

ERT = min(ER,ET). (7.14) 

The fitting is performed on each half cycle of oscillation and the average error 
is computed for two case of stiction and sinusoids, respectively ERT,m, ES.m.

On this basis a stiction index is defined for all the examined half cycle of 
oscillations, as 

mRTmS

mRTmS
I EE

EE
S

,,

,, . (7.15) 

The stiction index varies in the range [-1,1], with positive values indicating 
stiction, while negative values indicate sinusoids. An uncertainty range, where no 
clear indication are given, has been assumed, for |SI| <0.21. Computation of the 
stiction index is carried out on positive (SI+) and negative (SI-) half cycles, in order 
to detect the presence of asymmetrical stiction. 

Summary of results 
The results of the application of all methods to the described benchmark data are 
summarized in Table 7.6.
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Table 7.6. Results of the evaluation of the stiction benchmark data 

FC525 LC011 FC445 FC392 FC145 QC193 LC621 
Type Flow Level Flow Flow Flow Conc. Level 

Stiction? yes yes yes yes yes no no
A yes n.a. yes yes yes no n.a. 
B n.a. yes n.a. n.a. n.a. n.a. no 
C yes no yes yes yes no no 
D yes yes yes yes yes (yes) (yes) 
E yes yes yes no yes (no) no 
F yes yes yes yes yes yes no 

G1 yes yes no no yes no yes 
G2
H1 no no no no no no no 
H2 no no no no no yes no 
H3 yes no no no no yes no 
I yes yes ? yes yes yes no 

Key: For dark grey entries, no results were available. For light grey entries, the 
results differed from the correct reason. Parenthesis denote that the result is not 
incorrect but delivers different information. The term n.a. denotes cases where a 
certain method must not be used. 

Conclusions from benchmark evaluations 
From the above comparison, the following conclusions can be made: 

The available methods rely on different assumptions. 
All methods have their strengths and application areas. 
There is not one method that can cover all cases reliably. 
A special challenge is to decide when an oscillation is not due to stiction. 
Shape-based methods are reliable for ‘typical’ cases mainly 
Non-stationary data are a challenge 

7.5.2 External Oscillations 

Most industrial measurements are corrupted by disturbances. In many cases, 
oscillations that are generated by stiction (for example) will propagate through the 
plant by energy, signal or mass transport mechanisms. The distinction of an 
actuator problem from an external disturbance is in many cases not simple to 
perform. If the actuator problem can be reliably detected, external causes can 
usually be excluded. The case where both are present will typically be very 
difficult to handle and there is no ‘correct’ answer in such a case. A detection 
method will most likely identify the more prominent aspect of an oscillation.  

If the final control element is not responsible for an oscillation, the question 
remains whether an oscillation was generated by the controller or is external. This 
problem has not been solved satisfactorily and solutions for this kind of problem 
seem to be difficult to find. The academic research activity in the area is still low.
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From the linear control theory point of view, it can be shown in (noise-free) 
simulation and analytically that external (sinusoidal) disturbances and fast 
controller tuning (without nonlinearity involved) lead to identical PV and OP 
signals in the control loop [Horch, 2000]. This means that the automated 
discrimination between the two cases is left to the information that is carried by 
disturbances of other frequencies and / or noise properties.  
There are several ways to solve this dilemma: 

Include knowledge about the process transfer function. If the transfer 
function is known, then it is possible to compute the ultimate oscillation 
frequency of the loop and compare to the current frequency. If they are 
different, it can be concluded that the oscillation is externally generated. 
This, however, depends heavily on the reliability of the available 
transfer function.  
An approach used in [Owen, 1997] could be applied where the 
oscillation is removed from the signal (either in the time or frequency 
domain) and the remaining signal is benchmarked against minimum-
variance. See also the discussion of this reference in Section 7.4 of this 
chapter.  
It has been noted that a control loop at the stability boundary has a rather 
strong variation in the oscillation amplitude, see Figure 7.31. This 
property could be exploited to distinguish internal from external 
oscillations. It is, however, not a simple task.  

Figure 7.31. Example of a loop that is tuned at the stability boundary 

7.6 Conclusions
The detection of oscillations in process control loops is a solved problem. The 
challenge is to reliably diagnose a detected oscillation without human interaction. 
For the important problem of stick-slip behaviour in control loops, most of the 
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currently available methods have been reviewed and exemplified on some 
examples.  

It became clear that assumptions and results need to be handled with care, 
especially when automatic diagnosis is targeted. All methods have their special 
strengths and weaknesses and it is necessary to know these when applying them to 
real-world data. 

What remains to be done in the future? 
There are still very interesting problems to solve, some of which have been 
mentioned above: the discriminatory diagnosis of problems that are related to 
linear control theory (e.g. tight tuning vs. external oscillation vs. linear coupling).  

Secondly, even though there are many methods for stiction detection available, 
no exhaustive comparison has been made. As stated before, the overview in this 
chapter is for illustration and general understanding only. A thorough comparison 
would need to involve many different data sets.  

Thirdly, control performance monitoring research has proposed a large number 
of measures and indices. The future challenge is to find a mapping from the 
plethora of indices to understandable diagnoses that help the plant technician to 
maintain acceptable plant performance.  
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8.1 Introduction  
Earlier chapters of this book describe the derivation of control loop benchmarking 
theory. Different versions, appropriate for different industrial needs have been 
presented in Chapters 3 and 4. Based on that theory, it is possible to devise 
software algorithms to perform benchmarking on real systems, as presented in 
Chapter 5. In fact, such algorithms have been produced in MATLAB®/Simulink®,
for research purposes. If one wants to use the benchmarking in an industrial 
environment, the algorithms should be extensively tested, to establish their 
boundaries of applicability. This Chapter discusses the issues related to practical 
implementation of benchmarking software in performance assessment of industrial 
processes and provides guidelines on using benchmarking techniques in particular 
process systems.  

Sections 8.2 and 8.3 describe the tests performed on the various theoretical 
algorithms introduced in Chapters 3 and 4. For the purpose of the tests, difficult 
situations have been arranged with the difficulties caused either by the nature of 
the systems considered, the stochastic characteristics of the disturbances or the 
extreme settings of the benchmarking algorithms themselves. This provides useful 
information on the applicability and robustness of the algorithms. A separate issue 
is the implementation of the algorithms in a real-time industrial control 
environment, which has not been tested here. 

To facilitate the tests, a group of reference plants and noise models that cover 
different extreme conditions were utilised, with PID controllers, designed - for 
each plant - using Ziegler Nichols tuning rules, implemented to serve as nominal 
controllers. During the validation tests, the user defined parameters (e.g. auto-
regressive length, time-delay, design weightings) were varied to fully exercise the 
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benchmarking algorithms. The plant, noise models and benchmark parameter set 
used for the validation exercise were chosen to test the boundaries of the 
benchmark theory, and not the coding of the benchmark algorithms in software. 
The validation is achieved through the comparison of the theoretical benchmark 
and the estimated benchmark. Because the simulation used in the validation 
contains signals which have stochastic properties, calculating variances using only 
one data ensemble introduces a limit on the accuracy of the results. Furthermore 
the solution for the theoretical benchmarks, sometimes involve complex and high 
order mathematical operations. The strict accuracy of the results depends on the 
ability of the tools used, in this case MATLAB®, to accurately perform these 
calculations. The theoretical benchmark computed from plant transfer functions 
should be comparable within a tolerance of 5% to the benchmark estimated from 
plant data-sets using the benchmark algorithms. When the results are within this 
tolerance, the MATLAB® benchmark algorithm is deemed be conforming to 
theory.

Finally, in Section 8.4, this chapter also presents the results of an industrial case 
study performed on the control system of the SIEMENS steam turbine. The 
challenges of this particular application are discussed and some conclusions drawn 
as to applicability and the need for the future extension of benchmarking 
algorithms. 

8.2 Validating the SISO Benchmarking Algorithms
For the SISO validation testing for each plant/noise combination, the RS-LQG, 
MV and GMV controller were designed for different variations of the benchmark 
test parameters. Simulations were then conducted for each case for four controllers, 
namely: nominal PID, RS-LQG, GMV and MV, and process data comprising plant 
output, controller output and process error was collected and saved. Using 
collected data, the actual variances and benchmark cost were then calculated using 
the developed algorithms and compared against results calculated theoretically.  

8.2.1 Plant Models 

The plant and noise models are assumed to fit the following generalised 
description:  

1 1
0 1

1 1
0 1

( ) ( )
( ) ( )

k
k k k

B z C zy z u
A z A z

 (8.1) 

where B0 (z 1 ) and A0 (z 1 )  are the polynomial numerator and denominator of 
the plant transfer function , while C1(z 1 ) and A1(z 1 ) are the stochastic noise 
numerator and denominator polynomials. k  is assumed to be white noise with 
zero mean and unit variance. Plants 1 to 6 are designed to be variations of a first 
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order system with time delay. The plant models are defined in Table 8.1 as 
follows:

Table 8.1. Test system characteristics 

No. Time 
Delay 

Poles Zeros Transfer Function 

Plant 1 1 z = 0.67 none
1

1

0.33
1 0.67

z
z

Plant 2 8 z = 0.67 none
z 8 0.33

1 0.67z 1

Plant 3 1 z = -0.67 none
z 1 0.33

1 0.67z 1

Plant 4 1 z = 1.67 none
z 1 0.33

1 1.67z 1

Plant 5 1 z = 1.67 z=0.75
z 1 1.33 z 1

1 0.67z 1

Plant 6 1 z = -1.67 z=1.5
z 1 1.33 2z 1

1 0.67z 1

Plant 7 2 1

2

0.408 0.5315
0.408 0.5315

z j
z j

z=0.6861
z 2 0.36 0.247z 1

1 0.816z 1 0.449z 2

Plant 8 1 1

2

1
1

z
z

none
z 1 1

1 2z 1 z 2

Plant 1 represents a simple “base” case and it was expected that for well-
defined user parameters of the benchmarking algorithms and for "normal" 
disturbances, the theoretical and simulation results should be very close for all the 
benchmarking algorithms. Plant 2, was designed to test the effect of time delays, 
with plant time delay greater than the plant rise time. Comparing the test results 
between plant 1 and 2 should highlight some of the effects of time delay on the 
algorithms and on the theory. The focus in Plant 3 was to test the benchmarking of 
an oscillatory 1st order plant; a situation that could arise when the sampling time 
used in the control system is too low (this would not normally arise in a process 
plant, but could arise in a digital servo controller). Plant 4 was an unstable 1st order 
plant, while plant 5 was designed to test the effect of minimum phase zeros. Plant 6 
has a non-minimum phase zero. Because the benchmarking theory, based on the 
minimum variance control law, assumes that the plant is minimum phase hence the 
testing for this plant should highlight the effect of calculating an MV/GMV 
benchmarking index for a non-minimum phase plant. Plant 7, was an oscillatory 
underdamped 2nd order system and used to tests the effect of complex poles on the 
benchmarking algorithm. Finally Plant 8, was a simple double integrator used as an 
extreme case to test the effect of integrating poles on the benchmark algorithms.  



262 Damien Uduehi, Andrzej Ordys, Hao Xia, Martin Bennauer and Sandro Corsi 

8.2.2 Disturbance Models 

From Equation (8.1) the disturbance part of the transfer function is given by: 

1

0
k k

C
v

A
 (8.2) 

Four different transfer functions are considered for the disturbance channel of 
the model. Two are ARMA (Auto Regressive Moving Average) models, with 
different C polynomials. The third has ARIMA (Auto Regressive Integrated 
Moving Average) structure, while, for completeness, the fourth stochastic 
disturbance model is implemented as a pure white noise source. Therefore, 
comparing (8.1) and (8.2) obtains: 

ARMA:           1 0A A , 1 10 1 11  or  C C C C  (8.3) 

ARIMA:           A1 A0 , 1 12C C  (8.4) 

White Noise:     A1 1 and  C1 1  (8.5) 

Pairing each undisturbed discrete time plant with the 4 stochastic disturbance 
models results in 32 stochastic benchmark test processes. 

Note: For the unstable plant (Plant 4), it was assumed that for the ARMA case 
A1 Ax , and for the ARIMA case A1 Ax , where Ax  is a stable polynomial 
obtained by spectral factorization of 0A .

8.2.3 Nominal PID Controller 

For each of the different plant noise combinations, the performance of two 
different controllers were benchmarked. The first controller was a nominal 
controller, which would be of the PID class and the second controller was an 
optimal controller. Because the classical tuning of PID controllers does not depend 
on stochastic disturbance characteristics, one nominal PID was tuned using 
Ziegler- Nichols tuning rules, for each plant type. Therefore, eight nominal PID 
controllers were designed and benchmarked for the 32 plant/noise combinations. 
The nominal controllers for each plant are as follows: 

1) PIcontroller

3.4 1.5z 1

1 z 1
 (8.6) 

2) PIcontroller

0.08338 0.7555z 1

1 z 1
 (8.7) 

3) PIcontroller

0.6652 0.4358z 1

1 z 1  (8.8) 

4) PIcontroller

9.519 4.759z 1

1 z 1  (8.9) 
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5) Filtered PIDcontroller

0.6746 0.6746z 1 0.1686z 2

1 1.5z 1 0.5z 2  (8.10) 

6) Filtered PIDcontroller

0.1297 0.2064z 1 0.08456z 2

1 1.5z 1 0.5z 2
 (8.11) 

7) Filtered PIDcontroller

0.3039 0.4261z 1 0.1575z 2

1 1.5z 1 0.5z 2  (8.12) 

8) Filtered PDcontroller

0.11 0.105z 1

1 0.5z 1
 (8.13) 

8.2.4 User-defined Parameters of Benchmarking Algorithms 

The algorithms contain certain parameters that must be specified by the user. The 
effects of some of these parameters on the accuracy of the algorithm is tested by 
varying their value within a defined range. The parameters being varied are: 

Dynamic weights in the cost function 
The cost functions for GMV or RS-LQG benchmarks contain dynamic (transfer 
function) weights. Three different sets of weights have been tested, including 
integrator and static weights. 
Assumed plant time delay 
Three different plant time delays were used in the algorithms. One of them was 
equal to the actual plant time delay whereas the other two correspond to 2x 
actual plant time delay and 10x actual plant time delay 
The size of data set 
The norm is 1000 samples, 200 samples represents a low extreme and 2000 
samples is used to test the effect of larger data sets 
ARMA model length 
This was varied between 1 and 90. 

8.2.5 Test Criteria Summary 

For the MV algorithm the optimal controller to be benchmarked was an MV 
controller specifically designed to minimise the error variance of the plant/noise 
pair under test. Consequently 32 minimum variance controllers are designed and 
benchmarked. While for the GMV algorithm the optimal controller to be 
benchmarked was a GMV controller specifically designed to minimise the error 
variance of the plant/noise pair under test. The designed GMV Controller was 
influenced by the error/control weighting, and hence three GMV Controllers 
resulted from the three different weightings previously defined.  

Consequently 96 generalised minimum variance controllers were designed and 
benchmarked. For the RS-LQG algorithm the optimal controller to be 
benchmarked was a restricted structure controller specifically designed to minimise 
the error variance of the plant/noise pair under test. There are four different types 
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of restricted structure controllers, a) P only controller , 2) PI controller 3) PD 
controller 4) filtered PID controller .  

Furthermore the designed RS-LQG Controller was influenced by the 
error/control weighting, and hence 12 RS-LQG Controllers resulted from the three 
different weightings previously defined. Consequently 384 RS-LQG controllers are 
designed and benchmarked. The Benchmark test cases for the MV, GMV and RS-
LQG benchmarking algorithm carried out on these data-set/system transfer 
functions are defined as follows: 

GMV / MV Algorithm Validation  

Table 8.2. Minimum variance test cases 

Number of Tests Total No. of 
Simulations 

Plant Model (A0 and B0) 8  8
Noise Model (C1 ) 4 (ARMA (C0,C1), ARIMA (C2), 

White) 
32

Controller 2 (Nominal PID, MV controller) 64 
Sample rate (seconds): 1 1

Total No. of 
Benchmarks Test  

Delay (seconds) 3 (Actual plant delay, 2 times plant 
delay, 10 times plant delay)  

192

Data size (samples) 3 (200, 1000, 2000) 576
ARMA model length 4( 1, 5, 10, 90) 2304

Table 8.3. Generalised minimum variance test cases 

Number of Test Total No. of 
Simulations 

Plant Model (A0 and B0) 8  8
Noise Model (C1 ) 4 (ARMA (C0,C1), ARIMA (C2), 

White) 
32

Weightings 3 (IMV, Static, Integrator on error ) 96 
Controller 2 (Nominal PID, GMV controller) 128 

Total no of 
Benchmark Tests  

Delay (seconds) 3 (Actual plant delay, 2 times plant 
delay, 10 times plant delay)  

384

Data size (samples) 3 (200, 1000, 2000) 1152
ARMA model length 4 (1, 5, 10, 20) 4608

For the GMV / MV algorithm validation, the following indicators were 
checked: 

The estimated benchmark of the GMV/MV Controller test cases should return 1 
or a value within 5% of 1.  
The estimated benchmark should always be > 0 and < 1. A negative value of 
the benchmark should never be returned.  
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The benchmark should in general be always no greater than 1, but may be 
deemed to be 1 if it is within 5% of 1. 

Table 8.2 and Table 8.3 show a summary of the test cases for the Minimum 
Variance and Generalised Minimum Variance validations.  

RS-LQG Algorithm Validation  
For the RS-LQG algorithm validation, the indicators in Table 8.4 were checked to 
determine the consistency of the algorithm.  

Table 8.4. RS-LQG validation indicators 

 Benchmark 
(against RS-LQG 
P-only) 

Benchmark 
(against RS-LQG 
PI)

Benchmark 
(against RS-LQG 
PD)

Benchmark 
(against RS-LQG 
PID)

Nominal 
PID

?? (but  RS-PID 
benchmark) 

?? (but  RS-PID 
benchmark) 

?? (but  RS-PID 
benchmark) 

 1 

RS-LQG
P-only 

1  1  1  1 (and  both 
RS-PI and RS-PD 
benchmarks) 

RS-LQG
PI

 1 1 ?? (but  RS-PID 
benchmark) 

 1 

RS-LQG
PD

 1 ?? (but  RS-PID 
benchmark) 

1  1 

RS-LQG
PID

  1 (and   both 
RS-PI and RS- PD 
benchmarks) 

  1 (and  both 
RS-PI and RS- PD 
benchmarks) 

  1 (and   both 
RS-PI and RS- PD 
benchmarks) 

1

     ??: Value cannot be determined a priori

Table 8.5. RS-LQG algorithm cases 

Number of Test Total No. of Test 
Simulations 

Plant Model (A0
and B0)

8 8

Noise Model (C1 ) 4 (ARMA (C0,C1), ARIMA (C2, White) 32 
Weightings 3 (plant specific, depending on 

approximate time constants ) 
96

Controller type 4 (P, PI PD, PID) 384
Controllers 2 (Nominal PID, RS-LQG controller,) 416 

Total no of Benchmark 
Tests  

Standard  2 (Nominal RS_LQG) 832
Consistency  4 (P, PI, PD, PID) 2496 

Note that the relationship in the Table 8.4 are rational and would only hold for 
choice of controller type, RS-LQG weightings consistent with the plant/noise 
model. For the testing and validation of the RS-LQG algorithm, a total of 2496 
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validation exercises will be conducted. These exercises include the 832 standard 
benchmarking exercises and 1664 consistency check exercises. 

8.2.6 Results : Feasible Applications of SISO Benchmarks 

Extensive tests have been carried for the MV, GMV and RS-LQG benchmark 
modules implemented in the MATLAB® environment based on Least Square 
algorithms. The implemented MV algorithm was successfully applied to all but one 
(with non-minimum phase zeros) of the test plants. While the implemented GMV 
algorithm was successfully applied to all but a few cases where the plant has non-
minimum phase zeros and where the combination of the disturbance and also the 
weightings caused the benchmark signal to have some non-stationary 
characteristics. For the RS-LQG algorithm there was no plant noise combination 
for which the algorithm could not be successfully applied. 

The choice of weightings in GMV benchmarking must be consistent with the 
control problem and plant noise combinations. For example, when the disturbance 
contains an integrator, it might not be advisable to choose error weighting which 
also contains an integrator. This is because optimal control design when the noise 
includes an integrator has to include an integrator in the controller hence there is no 
explicit need to try to force integrating action on the controller by using weightings 
that contains an integrator as the optimal design in such case might be a controller 
with two integrators. Further the choice of data length should reflect the 
characteristic of the disturbance signal and design parameters. That is, if the 
disturbance or design parameters include integral action, it might be wise to use a 
larger data set.  

Similarly to GMV control, the choice of weightings in RS-LQG benchmarking 
must be consistent with the control problem and plant noise combinations. For 
example, if the error weighting contains an integrator, it will be inconsistent to 
choose the benchmark controller to be P only controller. This is because when an 
integrator is chosen as the weighing one implicitly specifies the optimal control 
solution should include integral action and hence the choice of controller must also 
include an integrator thus have to be PI or PID. Another example is the case where 
the weighting is a static weighting, the P only controller is chosen as the 
benchmark controller, but the disturbance includes an integrator. The optimal 
controller for such a plant/noise combination must implicitly include integral 
action hence P only controller will not be able to stabilize the process output and is 
inconsistent with the control problem. Specifically the test results show that the 
type of noise present in a plant affects the performance of the existing controller 
(how well the controller performs compared with the optimal) and, in the case of 
MV and GMV methods, the accuracy of benchmarking result (how close to the 
theoretical the performance index generated by the corresponding algorithm 
benchmark algorithm is). 
For MV and GMV algorithms: 

Correct loop delay estimation is absolutely essential to achieving accurate and 
valid benchmarking results.  
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The ARMA model length significantly affects the accuracy of the 
benchmarking results. The test results show that a length of 10 is adequate for 
most cases to achieve the balance between benchmarking accuracy and 
computational load. However there is no absolute general answer as to how 
large this should be as it is plant-noise model and, in the case of GMV, 
weighting function dependent.  
In general, increasing data size improves benchmarking accuracy. However, 
this may not always be true due to the stochastic property of the benchmarking 
algorithms. The test results show that a data size between 1000 and 2000 is 
adequate for most cases to achieve the balance between benchmarking accuracy 
and computational load. Again, there is no absolute general answer as to how 
large this should be as it is plant-noise model and, in the case of GMV, 
weighting function dependent.  
It is, therefore, recommended that, in practical application, a combination of 
different data sizes and ARM model lengths should be tried on a plant (until the 
variations of the resulting indices are small) to achieve accurate benchmarking 
result.

It was found that the most common cause for the algorithms to return 
inaccurate or invalid benchmark result were due to:  

Coloured process output: The benchmark result of a process output that is more 
coloured could be less accurate than that which is white. 
Using ARMA model length larger than required: Generally, a larger value of 
the ARMA model length produces a more accurate benchmark result. However, 
when the ARMA model length used is much larger than what is required to 
adequately represent the associated closed loop dynamic response, there is a 
potential for the calculation of the estimated MV, or GMV, to be inaccurate. 
The reason is that the values of the extra terms might be inaccurate as the actual 
values might lie well below the Least Square estimation error tolerance. 
Variations in noise characteristics. 
Non-stationary characteristics of benchmark signal.  
Inappropriate choices of GMV or RS-LQG weightings. 
Table 8.6 summarises the applicability of the benchmarking methods to the 

plants that had been tested. 
For plants with non-minimum phase zeros, there is considerable amount of 

academic debates on whether the standard MV control theory is applicable since 
the MV controller will be unstable. Some argue that although the controller is 
unstable, the process output will have a finite variance hence a minimum value 
associated with the variance. When applied to processes with non-minimum phase 
characteristics, minimum variance and the classical generalised minimum variance 
theory have fundamental limitations. The GMV theory used in the benchmarking 
algorithm can overcome these limitations through appropriate choice of 
weightings. However, the weightings used in these test cases, i.e. static, integrator 
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and IMV, are not appropriate as they do not have the dynamic properties required 
to make the problem solvable. 

Table 8.6. SISO benchmarking algorithms applicability  

Plant Type MV GMV RS-LQG 
1 1st order plant, 1 sample dead time 3

2 1st order plant, 8 sample dead time 
3 1st order plant, 1 sample dead time 
4 1st order plant, 1 sample dead time & 

unstable pole 
3

5 1st order plant, 1 sample dead time & 
minimum phase zero 

6 1st order plant, 1 sample dead time & non-
minimum phase zero 

7 2nd order, under damped & 2 sample dead 
time 

4

      8 A simple double integrator, 1 sample dead-
time 

8.3 Validating the MIMO Benchmarking Algorithm
In tests conducted on the feasible limits of the benchmarking algorithms using 
predictive control theory, the MIMO linear quadratic Gaussian predictive control 
(LQGPC) and generalised predictive control (GPC) benchmarking algorithms were 
considered together the since GPC algorithm is a special case of the LQGPC 
control law with the summation in the performance index limited to one step. 
Similarly, the Minimum Variance controller can be considered as a special case of 
GPC controller: with the prediction of output limited to one value and control 
penalty reduced to zero. The algorithms were tested by calculating the performance 
of four reference plants and noise models that cover different extreme conditions. 
For each of the plant-noise model pairs, where multi-loop controllers were 
implemented as the nominal controllers , the Ziegler Nichols tuning method was 
used to obtain the parameters for individual SISO controllers which were then 
empirically adjusted and used in a multi-loop control structure. For the 
multivariable controllers, decouplers designed to decouple inter-loop dynamics 

3 Except for the cases where the combination of disturbance and weightings caused 

the benchmark signal to have some non-stationary characteristics. 

4 Except for the case with the combination of ARIMA C2 noise model, GMV 

controller and static weighting.  It appears that, for this plant noise combination, 

the algorithm has not accurately estimated the minimum cost. 
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were added to SISO controllers designed using the Ziegler-Nichols method to 
produce a full multivariable control structure.  

MATLAB®/ Simulink® simulations were conducted for each case for the three 
controllers (nominal controller, LQGPC and GPC) and process data comprising 
plant output, controller output and process error will be collected and saved. Using 
the collected data, the actual variances and benchmark cost were calculated using 
the developed algorithm and then compared against those calculated theoretically. 
The plant models used for the validation exercise were based on approximate 
models of real industrial processes. Since the benchmarking algorithms require that 
the system be represented in discrete time state-space form, the transfer functions 
were discretised and converted to state-space representation. In the modelling the 
process it was assumed that the output signals were subjected to measurement 
noise with unit variance and where the noise is assumed to be uncorrelated to other 
disturbances. The plant and noise models are assumed to fit the following 
generalised description in transfer function and state space representations: 

1 1( ) ( )k k ky G z u H z  (8.14) 

where G(z 1 ) and H (z 1 )  are the process and disturbance transfer function 
matrices, uk  is a vector of plant inputs and k  is a vector of mutually independent 
zero-mean white noise sources of unit covariance.  

1t t t tx A x B u G w  (8.15) 

t t ty D x v  (8.16) 

where: tx  is a vector of system states of size nx, tu  is a vector of control 
signals of size nu, yt  is a vector of output signals of size ny,, vt  and wt  are vectors 
of disturbances, assumed to be Gaussian white noises with zero mean value and unit 
covariance matrix . A, B, G, D are constant matrices. The plant models are defined in 
Table 8.7.
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Plant 1, was a 1 1, 4th order plant with 90 seconds delay derived from the level 
control of a distillation column. A cascade control structure was utilised on the 
plant with the distillation level loop as the primary loop and the flow loop as the 
secondary/slave loop. This plant represents a simple “base” case used to test the 
benchmark algorithm’s handling of SISO systems, and systems with long time 
delays. The stochastic disturbance acting on the level of the distillation column was 
assumed to be a Gaussian white noise driving a low pass colouring filter.  

Plant 2 represents a 2 2 model of a pilot-scale binary distillation column used 
for methanol-water separation. The original model has been utilised in several 
controller performance studies [Maurath et al., 1988; Rahul and Cooper, 1997]. 
The plant was used to test the benchmark algorithm for MIMO systems with 
interaction and time delays between loops. The stochastic disturbance acting in the 
two loops of the binary distillation column was assumed to be uncorrelated and 
expressed as two mutually independent Gaussian white noise sources driving two 
low-pass colouring filters.

Plant 3 was a fictitious academic 2 2 model. It was chosen to test the 
benchmarking of MIMO systems with unstable poles and one-way interaction 
between loops. The disturbances were assumed to be correlated and are expressed 
as two mutually independent Gaussian white noise sources driving two low-pass 
colouring filters. 

Plant 4 represents a 2 3 model of a two tank separator train used to separate 
gas, crude oil and water. This plant was chosen to analyse the benchmarking of 
MIMO systems with unequal dimensions and hence test the validity of the 
algorithm where there are more inputs than plant outputs.  

The stochastic disturbance acting in the two loops of the separation process 
were assumed to be uncorrelated and expressed as a Gaussian white noise sources 
driving two colouring filters.  

The reference was assumed to be a square wave pulse of unit magnitude as in 
Figure 8.1. The pulse is chosen to be long enough so that the closed loop 
interactions, due to set point changes, are clearly visible. This was sampled with a 
sampling time of 1 second. For MIMO systems, the step changes in the square 
waveform were arranged to occur at different intervals to highlight the interactions 
between loops when the outputs are observed. 

3 x Time Constant4 x Time Constant3 x Time Constant

Unit Magnitude

Figure 8.1. MIMO benchmarking set point input reference signal 
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For each of the different plant/noise model combinations, the performance of 
three controllers were benchmarked. The first controller is the nominal controller, 
which was a PID class controller, while the second and third are the corresponding 
optimal GPC and LQGPC controllers. The nominal controllers for each plant are 
defined as follows: 
Plant 1: PI Controller 

u(s) 1738.1s 1.02
1704s

e(s)  (8.17) 

Plant 2: Multi-loop PI Controller with Decouplers 

3 2 -3 -4 2 -2 -4

3 2 -3 -15 2 -2 -13

-2 2 -3 -4 3

2 -2 -13

0.205s +0.061s 5.42 10 s +1.41 10  -0.1492s  -2.02 10 s +6.04 10

s +0.1293s 4.15 10 s + 1.08 10 s +6.94 10 s+4.37 10
( )

4.6 10 s  +9.49 10 s +3.47 10 -0.1815s

s +5.98 10 s+1.11 10

u s
2 -3 -5

3 2 -3 -15

( )
- 0.033s - 1.9 10 s - 3.4 10

s +0.1293s +4.15 10 s +1.08 10

e s  (8.18) 

Plant 3: Multi-loop PID Controller 

u(s)

7.139s + 4.759
s

0

0 1.17s2 0.149s 0.03137
s2 2s

e(s)  (8.19) 

Plant 4: Multi-loop PI Controller 

u(s)

0.1743s 0.03
s

0

0 0.1639s 0.0074
s

e(s)  (8.20) 

The optimal controllers to be benchmarked were full order LQGPC and GPC 
controllers designed with user supplied benchmark parameters. Each variation of 
the user parameters will result in new LQGPC and GPC controller designs.

8.3.1 User-defined Parameters for Benchmarking  

The benchmark algorithms contain parameters that must be defined by the user. 
The effects of these parameters on the accuracy of the algorithm was tested by 
varying their value of a defined range.  

Cost Function Adjustments 
When the nominal controller to be benchmarked included integral action, the 
benchmark cost was modified to use the mean square of future process inputs 
deviation: 
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Benchmark Cost Ewms (t) Uwms (t)  (8.21) 

Static Weights  
The effect of the process error and control weightings on the accuracy and stability 
of the benchmarking algorithm was tested by varying the choice of weightings. For 
the error weighting ( eQ ), two different configurations were used. For the control 

weighting ( uQ ), four different configurations were used. For the validation test, the 
chosen error and control variations are representative of the general characteristic 
of possible LQGPC error weightings and control weightings. These are normally 
chosen to scale the process errors and control efforts to the same magnitude and 
also to penalise the control, which reflect the level of emphasis in minimisation of 
its mean square value. For benchmarking MIMO systems, the weights can also be 
used to assign relative priority to each input or output. For the validation exercise, 
it was assumed that all inputs and outputs are normalised to unity. For the error 
weighting eQ  the two choices were defined as follows: 

1. Nominal Error Weighting  
1 0 0

0 0 1
eQ

The above weighting assumes all process errors are of equal importance and 
minimises each individual process error mean square ei (s) ei (s)  and not the 
cross products ei (s) ej (s) .

2. Cross Error Weighting 
1 1 1

1 1 1
eQ

This weighting represents the limiting case and attaches equal importance to each 
individual process error mean square ei (s) ei (s)  as well as the cross products 
ei (s) ej (s) . 

For the control weightingQu  the choices were defined as follows: 

1. MV Control Weighting 
0 0 0

0 0 0
uQ

This weighting does not penalise any control action and, for certain choices of 
prediction (single step prediction with 1 2N N = time delay) and control 
horizons ( 1uN ), results in the optimal controller design problem being equivalent 
to the multivariable minimum variance problem.  

2. Nominal Control Weighting 
0.1 0 0

0 0 0.1
uQ
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Relative to the nominal error weighting, this weighting choice imposes a 10% 
penalty on control action, i.e., 90% of the optimisation emphasis is on minimising 
the error. All controls are of equal importance and individual control mean square 
ui (s) ui (s)  not the cross products ui (s) u j (s)  are minimised. 

3. Extreme Control Weighting 
10 0 0

0 0 10
uQ

Relative to the nominal error weighting, this weighting choice imposes a 90% 
penalty on control action, i.e., 10% of the optimisation emphasis is on minimising 
the error. All controls are of equal importance and individual control mean square 
ui (s) ui (s)  not the cross products ui (s) uj (s)  are minimised. 

4. Cross Control Weighting 
1 1 1

1 1 1
uQ

The weighting represents the limiting case and attaches equal importance to 
minimising each individual process error mean square ui (s) ui (s)  as well as the 
cross products ui (s) u j (s) .

Prediction Horizon 2( )N
The prediction horizon should nominally be chosen to be two thirds of the 
dominant time constant plus the process time delay.  

Control Horizon ( )uN
The control horizon should nominally be a value between 0 and 2( -1)N . Values 
close to zero result in responses that are very aggressive, producing large changes 
in the process outputs 2N  sample intervals before a step change. However values 
close to 2N  produce a smoother reference tracking. For the validation of the 
benchmark theory, the algorithm will be fully exercised by using the following 
values of user parameters: 

2N = 1/3 time delay and 
2N  = time delay plus two thirds of the dominant time 

constant. 2 2 1,    / 2,    -1u u uN N N N N

8.3.2 Test Criteria Summary 

The LQGPC/GPC algorithm is a theoretical method for calculating cost. It uses 
plant and controller models only in the cost computation. Since the method is 
theoretical it should provide the “true value” of the benchmark as opposed to the 
estimate calculated from simulation data. The case for validity of the algorithm 
will be strengthened if the following are seen to be true: 
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When using the LQGPC benchmark, the estimated benchmark of the LQGPC 
controller test cases should be 1 or a value within 5% of 1.  
When using the GPC benchmark, the estimated benchmark of the GPC 
controller test cases should be 1 or a value within 5% of 1. 
For the nominal controller the estimated benchmark should always lie in the 
interval (0,1). A negative value of the benchmark should never be returned.  
Not much is known in the case of GPC controller vs. LQGPC benchmark and 
vice versa. Given the definition of the LQGPC and GPC control, it is 
reasonable to expect that in most cases the LQGPC should produce a lower 
value of both the LQGPC and GPC cost over an extended trajectory. The test 
results should shed more light on this. 

In total 1152 simulation tests, comprising of 576 LQGPC and 576 GPC benchmark 
tests, were conducted on the 4 plants used in the validation exercise to determine 
the applicability and boundaries of the developed algorithms. The benchmark test 
cases for the LQGPC benchmarking algorithm carried out on these data-set/ system 
transfer functions are defined as follows; 

Table 8.8. LQGPC / GPC MIMO benchmarking validation cases 

Variable No. of Tests Total No. of test 
Simulations 

Plant & Noise Model 
(A0 and B0) 

4 4

Error Weightings 2 (Nominal and Cross) 8
Control Weightings 4 (MV, Nominal, Extreme, Cross) 32 
Prediction Horizon 2 (1/3*time-delay and 2/3*time-

constant plus delay) 
64

Control Horizon 3 192
Reference 1 ( Square Wave Pulse) 192
Controllers 3 (Nominal PID, GPC, LQGPC) 576 

Total Number of 
Benchmark Tests  

Benchmark Type 2 (LQGPC, GPC) 1152

8.3.3  Results : Feasible Applications of MIMO Benchmarks 

For Plant 1, two primary causes of the algorithm failure were identified as: 
1. Prediction horizon shorter than the time delay: The control objective was the 

minimisation of the output variances. Examination of the test parameters 
indicates that the GPC test cases failed because the output prediction horizon 

2(  30) N  was less than the real time delay in the process. Within this output 
horizon, because of the time delay, no controls have any influence on the 
output variance.  
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2. Control horizon longer than limit imposed by the time delay and prediction 
horizon when the control objective was the minimisation of the output 
variances. Examination of the test parameters indicates that the GPC test cases 
failed because there were more control sequences than required to solve the 
problem and hence no unique solution existed. 

For Plant 2, three primary causes of test failures were identified as follows: 
1. Control horizon longer than limit imposed by the time delay and the prediction 

horizon: Considering the user parameters for the failed test cases, the control 
objective was the minimisation of the output variances. 

1 2

1

2

2

1 3delay matrix = 
7 3

u u u
y
y

 (8.22) 

For the prediction horizon 2 3N , the highest output sequence was y1(k 3)
and y2 (k 3) . Similarly for the control horizon = 1uN , the optimisation 
involves the control sequences u1(k) , u1(k 1) , u2 (k)  and u2 (k 1) .
Considering the time delay matrix for Plant 2 given above, notice that the 
control sequence u2 (k 1)  does not have any influence on the output variables 
being minimised and hence can assume any value, thus there was no unique 
solution for the optimisation problem. Similar observations can be made for 
the cases where 2  3,    2 uN N  and 2  14,    13uN N .

2. Control horizon exceeds limit and trivial error weighting: The cause of this 
particular failure is thought to be a combination of two effects. The first was 
the choice of error weight which introduced an element of redundancy in the 
values of y1  and y2 . Notice that with the cross error weighting as previously 
defined, the aim was effectively to minimise a function expressed as 
x y1

2 y1y2 y2
2 . Thus if a new variable z  is defined as z y1 y2 , then 

observe that z2 x , the problem was thus minimised for any y1 y2 , and 
the solution is trivial. A further test was run using the same control weighting, 
error and control horizons but an error weighting of : 

2 1
1 1

This results in a non-trivial minimisation problem ( q z2 y1
2 ) and produced 

a satisfactory result. The additional test has also indicated the possibility that, 
because the control objective is the minimisation of both the output variances 
and covariances, the time delays in the interaction channels become factors in 
determining the length of the control horizon. 

3. Prediction horizon - finite horizon too short for reach stabilising solution: 
Analysis showed that the algorithm did produce an optimal GPC controller. 
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However the controller was not a stabilising controller. Because the GPC 
solution was obtained over a finite horizon, it was possible and indeed it 
happened in the failed case that, for some choices of parameters (which 
reflected a given control objective) and depending on the dynamic 
characteristic of the plant, a solution that minimised the problem in the finite 
time was not stable in infinite time. This observation was confirmed by the 
fact that the LQGPC algorithm, which computes a solution over infinite time, 
stabilised the same system.  

For Plant 3, the failed test cases, were due to the following four reasons: 
1. Prediction horizon shorter than time delay: Considering the user parameters 

for failed test cases the control objective was the minimisation of the output 
variances.  

1 2     

1 /1delay matrix  
3 22

u u
y n a
y

 (8.23) 

For the prediction horizon N2 = 1, the highest output sequence is y1(k 1)  and 
y2 (k 1) . Similarly for the control horizon Nu = 0, the optimisation involves 
the control sequence u1(k)  and u2 (k) . Given the above time delay matrix for 
Plant 3, notice that none of the two inputs has any influence on the output 
variable y2 (k 1) , thus the control objective cannot be achieved. Similar 
observations can be made for the other cases listed above.  

2. Control horizon longer than limit imposed by time delay and prediction 
horizon: Considering the user parameters for failed test cases, the control 
objective was the minimisation of the output variances. For the prediction 
horizon 2N  = 10, the highest output sequence was y1(k 10)  and y2 (k 10) .
Similarly for the control horizon  9uN , the optimisation involves the 
control sequences 1( 10)u k  and [ u2 (k 9) , u2 (k 10) ]. Given the above 
time delay matrix for Plant 3, these control sequences do not have any 
influence on the output variables being minimised and hence can assume any 
value, thus there is no unique solution for the optimisation problem. 

3. Trivial control weighting and prediction horizon too short: The cause of failure 
was thought to be a combination of two factors. The first was the redundancy 
introduced because the prediction horizon 2N  = 1 with the effect that the 
control sequences u1(k 1) , u2 (k 1)  are redundant. The second factor was 
introduced because the optimisation objective includes the minimisation of 
both the output variances and covariances of the input. The control weightings 
chosen introduced a double redundancy in the values of u1  and u2  since, as 



278 Damien Uduehi, Andrzej Ordys, Hao Xia, Martin Bennauer and Sandro Corsi 

previously stated, the effect of the weighting was the minimisation of the 
variance of an arbitrary variable z u1 u2 , which has a trivial solution of 
u1 u2 .

4. Prediction horizon too short for stabilising solution: Analysis of the failed 
GPC test cases shows that the algorithm did produce an optimal GPC 
controller. However the controller was not a stabilising controller. When the 
GPC algorithm was further tested with an increased prediction horizon, the 
results were satisfactory, when coupled with the fact that the LQGPC 
algorithm which should compute a solution over infinite time passed its own 
test, then this observation would appear to be validated. Also it is interesting to 
note that for the prediction horizons that caused the GPC test to fail, when the 
error weighting was changed from the initial cross weighting value of 

1 1
1 1

 to 
2 1
1 1

, the GPC algorithm passed all the tests. 

For Plant 4 two primary causes of failures were identified: 
1. Control horizon longer than limit imposed by time delay and prediction 

horizon: Considering the user parameters for the failed test cases, the control 
objective was the minimisation of the output variances. 

1 2 3

1

2

     

1 1 /
delay matrix  

1 1 1

y

y

u u u

n a
 (8.24) 

For a prediction horizon 2N  = 1, the highest output sequence was y1(k 1)
and y2 (k 1) . Similarly for a control horizon Nu =1, the optimisation involves 
the control sequences, u1(k 1)  and u2 (k 1) . Considering the above time 
delay matrix, notice that the control sequences do not have any influence on 
the output variables being minimised and hence can assume any value, 
consequently there is no unique solution for the optimisation problem. A 
similar observation can be made for the above cases when 2N  = 8, Nu = 7. 

2. Trivial control weighting and prediction horizon too short : The cause of 
failure can be attributed to the combination of two factors, the first one of 
which was the redundancy introduced because the prediction horizon 2N  = 1 
with the effect that the control sequences u1(k 1) , u2 (k 1)  are redundant. 
The second factor was introduced because the optimisation objective includes 
the minimisation of both the output variances and covariances of the input. 
The chosen control weightings introduce a double redundancy in the values of 

1u  and u2  since as previously stated the effect of the weighting was the 
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minimisation of the variance of an arbitrary variable z u1 u2 , which has a 
trivial solution of u1 u2 .

From the analysis of the failed test cases, some general conclusions on the 
LQGPC/GPC benchmarks as well as guidelines for choosing benchmark 
parameters can be deduced: 
1. The LQGPC benchmark algorithm appears to be more robust (failed on fewer 

test cases) and produces more stable solutions than the GPC algorithm. 
However it appears that the robustness (ability to produce or find a stabilising 
solution) of the GPC algorithm can be improved by choosing longer output 
prediction horizons. 

2. Although the LQGPC benchmark algorithm was more robust than the GPC 
case, it was more computationally intensive and takes longer to calculate a 
result.

3. For both the LQGPC and GPC algorithms, it appears that the best choice of an 
output prediction horizon ( 2N ) is one that is much larger than the biggest 
known or estimated time delay in the process. 

4. For both the LQGPC and GPC algorithms, it appears that the most robust and 
safest choice of control horizon is Nu = 0. This only optimises for the control 
sequence u(k)  and works in most cases, especially with very long output 
prediction horizons. The choice is also very practical since in reality only this 
sequence in any real predictive controller will be applied to the process.  

8.4 Industrial Case Study: Implementation Testing Using 
Siemens Gas Turbine Model  
The case study was carried out on the plant model of a coal fired power plant 
developed by SIEMENS. A coal fired power plant as shown in Figure 8.2 serves to 
generate electric power on the grid. In such a plant, coal is transported from ground 
stock, dried and milled to form a pulverised fuel which is transported through pipes 
to the burners by a heated air stream. It is then blown into the boiler furnace and 
combusted. The heat released is absorbed in the water cooled furnace walls in 
which the majority of the steam is generated. The steam generated in the furnace is 
then superheated in further stages of heat exchanger tubing before being fed to the 
turbine. After expansion in the High Pressure (HP) turbine stage, the steam is 
returned to the boiler for reheating before the final expansion in the Intermediate 
Pressure (IP) and Low Pressure (LP) turbine stages.  

After condensation in a water or air cooled condenser, the condensate is pumped 
back to the boiler via a series of regenerative feed heaters which are fed by steam 
tappings from the main turbine. 
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Figure 8.2. Coal fired power plant 

In this case study, the focus was on the steam turbine and especially on its 
control system. The steam turbine control system is divided into three subsystems: 
speed system, load system and by-pass system (see Figure 8.3 ). The objectives of 
the speed control system are: 

to control speed during start-up and synchronisation operation,  
to take part in frequency stabilisation by parallel operation,  
to secure over-speed at load rejections 

The load control system enables: 

load control during steady-state and transient operations,  
an interaction with speed controller to avoid over-speed,  
the power plant to be kept in stand-by during grid failure for fast return 
to electrical grid.

Turbine Steam Bypass System offers improvements in areas such as: 

starting and loading characteristics,  
independent boiler/turbine operations,  
solid particle erosion  
system stability performance 

8.4.1 Siemens Power Plant Simulator 

The simulator is implemented in MATLAB® version 5.3 with Simulink® toolbox 
and has been validated by SIEMENS with real plant data. The SIEMENS simulator 
includes the different models of the boiler, the turbine, the generator and a reduced 
model of the electrical grid. All the control systems of these components are 
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provided. It is important to note that the version of SIEMENS simulator used for 
this analysis is a reduced power plant model since it only includes a hydrodynamic 
description of plant dynamics; the thermal dynamics are not taken into account. 
SIEMENS provided the simulator in three different configurations corresponding 
to three operating modes:  

the Speed Run-up configuration, which corresponds to the start of turbine 
from 0 to nominal speed (3000 rpm),  
the Load Run-up configuration, which corresponds to the loading transient 
from 0% to 100% of nominal power, 
the Load Rejection configuration, which corresponds to the rapid rejection 
of load, up to 100% of nominal power, on the electric generator.  
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Figure 8.3. Schematic diagram of steam turbine process for coal fired power plant 

8.4.2 Operating Conditions 

The turbine unit is designed to work in different operating cycles, which are 
divided into: 

cold starts (steam turbine rotor temperature below 150°C),  
warm starts (e.g., after a weekend outage of 48 h duration),  
hot starts (e.g., after a night outage of 8 h duration),  
very hot starts (e.g., after a short outage of 2 h duration).  

Since SIEMENS Power Generation is interested in the dynamic performance of the 
steam turbine power plant, the tests selected for this industrial study have been 
chosen in order to reflect the unit hydrodynamic behaviour along large transients: 
speed run-up, loading, and load rejection. And the controllers to be assessed are 
speed and load controllers. The turbine steam by-pass system is not studied. 
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As the SIEMENS simulator used to carry out this study does not take into 
account the thermal part of the plant, the SIEMENS case studies are only 
meaningful for “hot” and “very hot starts” cycles. 

8.4.3 The Characteristics of the Load/speed Controller 

For the SIEMENS power plant, a combined speed and load controller (SLC) 
regulates the load and speed. The controller is illustrated in Figure 8.4. It can be 
observed that there is only one output from the SLC which acts on the two inputs 
(load and speed errors) simultaneously. This output is the sum of two control 
signals:

( )  ( ) ( )SLC n pU s U s U s
 (8.25) 

with the following definitions: 
( )nU s = Speed Controller output 
( )pU s = Load Controller output. 

2
1( ) ( ) ( ) ( ) ( )n s s s s

K
U s K R s Y s R s Y s

Ts  (8.26)
1

( ) ( ) ( ) ( )p l l lU s K R s R s Y s
Ts

Figure 8.4. Schematic diagram of steam turbine controller 

Thus the output from the speed and load controller driving the steam valve can 
be expressed as following:  

1 2

1
( ) ( ) ( ) ( ) [ ( ) ( ) ( ) ( ) ]SLC l n n l l s s

i

U s K R s K R s Y s R s Y s K R s Y s
T s

where 2K  and 1K  are parameters of the speed controller and K is a parameter of 
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the Load controller and Ti is the common integral time constant term. The meaning 
of the notations are: 

( )sR s = Speed Reference           ( ) sY s  Actual Speed 
( )lR s = Load Reference              ( ) lY s  Actual Load 
This indicated that the speed loop and the load loop share a common integrator. 

The input of the integrator is the weighted sum of all the inputs to the controller. 
To be more specific, the input of the integrator can be written as: 

2 ( ) ( )s s l le K R Y R Y  (8.27) 

Such an arrangement is used since the speed control and load control are used 
sequentially during the normal operating condition, i.e. during the speed run up, the 
reference load is set to be 0. When the turbine speed is synchronized with the 
electric grid, the load controller will then be used to change the turbine load. With 
the common integrator, the switch from speed run up to load run-up will be 
smooth.  

Both speed controller and load controller can be considered as PI controllers. 
However, the speed controller has a much bigger gain than the load controller. 
Such controller design puts more emphasis on the speed control loop, and when a 
load rejection happened, the speed controller will be dominant which prevents the 
turbine from over-speed. 

In summary, the turbine unit is controlled by speed controller only during the 
speed run-up. It is solely controlled by load controller during load changes. In both 
cases, the system can be considered as SISO systems. During the load-rejection, 
both speed and load controllers are put into use.  

8.4.4 SISO Benchmarking Profile 

Definitions of Process Variables 

Table 8.9. SIEMENS process input/output variables 

Outputs Inputs 

Y1 : Load U1 : Main steam control valve 

Y2 : Speed U2 : Reheat control valve 

The above variables are the main process Input/Outputs of interest. Another 
input is available: the grid electric demand. In speed run-up transient, it has no 
influence as the unit is not operated on the grid, whereas in the other cases (load 
rejection and load run-up) it can be used as a process disturbance. In the load 
rejection configuration, it is used as a parameter that indicates the level of load 
rejection simulated while for the load run-up case, it is fed with plant load set 
point. 

For the purpose of SISO benchmarking analysis, was is necessary to define the 
input/output pairing for each SISO control loop. In Table 8.10, the currently 
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applied pairings between MV-s (Manipulated Variables) and CV-s (Control 
Variables) on the plant are introduced.  

Table 8.10. Input/output pairings 

Controlled variable Manipulated variable

Load Main steam and reheat control valves Y1(U1, U2)

Speed Main steam and reheat control valve Y2(U1, U2)

Since there were no stochastic disturbances or reference signals in the 
SIEMENS unit, it would have been inappropriate to use the MV and GMV 
benchmarking indices. Although the RS-LQG benchmark algorithm is primarily 
designed for assessing the performance of process with stochastic disturbance and 
reference signals, the benchmark algorithm can still be utilised if the system does 
not have a stochastic disturbance, stochastic reference or neither. Therefore, the 
SIEMENS plant control system has only been benchmarked with the RS-LQG 
algorithm. 

8.4.5 RS-LQG Benchmarking Test  

For RS-LQG performance assessment, the existing controllers were benchmarked 
against the optimal RS controller in speed run up, load run up and three cases of 
load rejection conditions. For the load rejection tests, the performances of the 
speed were assessed in three different cases of load rejections: from 100% down to 
10%, 50% and 80% of nominal load; this corresponds to typical abnormal 
operating conditions occurring in a power plant. 

For the speed run up tests, the performance of the speed controller was assessed 
for a nominal speed trajectory provided by SIEMENS. For the load run up tests, 
the performance of the load controller was assessed for the trajectory provided by 
SIEMENS as the typical unit reference for the load run-up transient.  

As discussed before, the speed controller is dominant during load rejection, so 
only the speed controller is assessed during the load rejection period. Of course, 
the original speed/load controller is coupled during load rejection, and so the 
benchmarking result may not be quite realistic.  

8.4.6 Key Factors of RS-LQG Benchmarking  

Transfer Function Model Description 
As previously mentioned, to compute the performance index, the RS-LQG 
benchmark algorithm needs the rational transfer function describing the process, 
the disturbances and the reference. For the SIEMENS plant case study, SISO 
system identification was performed. The different simulations were run and the 
plant data were collected: set points, controller output and plant output.  

As the turbine speed and turbine load are both controlled by the control valve, 
the turbine can be considered as an one input, two outputs system. So during each 
operating condition, a valve to speed and a valve to load model will be identified. 
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Corresponding to five different operating conditions, five valve/speed and five 
valve/load models will be identified.  

As characteristic of non-linear processes, the models have different dynamics 
with different operating conditions. Since the RS-LQG benchmarking algorithm is 
model specific, then different optimal RS controllers will be obtained for these 
different operating conditions. However, the actual SIEMENS controller is the 
same for all operating conditions, normal and abnormal (i.e. it is not foreseen to 
have controller parameters and structure as a function of operating conditions); 
benchmarking the performance of the existing controller against different optimal 
RS controllers is unrealistic and has little physical value. To adequately benchmark 
such systems as the SIEMENS plant, the multiple model restricted structure design 
and benchmarking technique, which is more applicable to non-linear systems, 
would be preferable [Grimble, 2003].  

However, it is still possible to use the RS-LQG benchmarking algorithm, by 
simply defining for each control loop, a nominal model from the set of all the 
identified models. The nominal model has been chosen to be the transfer function 
model which approximates all other and has the slower dynamic response. The two 
nominal models are documented in the following table. 

Table 8.11. Nominal models 

Control Loop Transfer function 

Speed 
-7 -7 -1 -7 -2

1

-1 -2 -3 -4

3.487 10  + 6.341 10  z  - 1.162 10  z

1 - 3.463 z  + 4.425 z  - 2.458 z  + 0.4964 z
z

Load
-4 -4 -1 -4 -2

1
-1 -2 -3 -4

-3.493 10  + 2.126 10  z  + 2.062 10  z
1 - 2.493 z  - 2.001 z  + 0.5005 z  - 0.007613 z

z

Then for all the different transients studied for benchmarking, the nominal 
model was used as plant process model and the existing loop controller was 
benchmarked against the optimal restricted structure controller designed for 
nominal model. 

Since the system does not have a stochastic disturbance, the disturbance is set 
to zero. Moreover, the process identification has provided models containing 
integral actions; therefore for numerical and computational reasons, the reference 
transfer function was set with its denominator equal to the denominator of the plant 
transfer function and its numerator equal to one. It was found that, using a 
reference model denominator equal to the plant denominator, it is possible to 
obtain a controller with good dynamic response properties. 

Error and Control Weightings 
The RS-LQG algorithm also requires a set of dynamic error and control weights to 
compute the performance index. Since SIEMENS is interested in the dynamic 
performance of the process, these weightings are chosen to reflect this desire to 
assess dynamic performance. As the system has no stochastic excitation, the error 
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weighting was chosen to contain an integrator in order to ensure zero steady state 
error, while the control weighting was chosen to be a scalar term penalising control 
action. The resulting transfer functions of these weightings are shown in the Table 
8.12. 

Table 8.12. RS-LQG weightings 

Load loop weighting selection Speed Loop weighting selection 

TEST Qc Rc Noise TEST Qc Rc Noise 
Load Run 
Up -1

0.1
1 - z  

0.2 0 Load Rejection 
100% to 10 %  -1

1
1 - z  

0.3 0

    Load Rejection 
100% to 50% -1

1
1 - z  

0.3 0

    Load Rejection 
100% to 80% -1

1
1 - z  

0.3 0

   Speed Run Up 
-1

1
1 - z  

0.3 0

RS-LQG Benchmarking Result 
As the RS-LQG benchmarking algorithm is defined for SISO systems, it may not 
be suitable for the SIEMENS plant. However interpreting the SLC as two 
independent control loops, it is possible to use the RS-LQG algorithm to 
benchmark the SIEMENS plant control system. The resulting RS-LQG controller 
is shown below 

Table 8.13. RS-LQG controller 

Control Loop RS-LQG controller 

Speed 89.87

Load
-1 -2

-1 -2

109.5-213.2 z  +103.9 z
1-1.5 z  +0.5 z

The simulations of load rejection, speed run-up and load-run up were run with 
the existing loop controllers, and all the process data were collected. The 
controllers were then replaced with the RS optimal controllers returned by the RS-
LQG algorithm and the simulations were repeated. The simulation results are 
shown in the following figures. Only one load rejection test is shown, since the 
performance is similar in all the other cases. 
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Figure 8.5. Speed run-up simulation 

Figure 8.6. Load run-up simulation 
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Figure 8.7. Load rejection performance 

It must first be noted that the RS controllers are more aggressive in terms of 
control actions: for all transients, the main control valve and the reheat control 
valve are highly disturbed and have to work hard to achieve low benchmark cost. 
As far as the speed control loop is concerned, for load rejection transients, it can be 
observed that the RS controller can get a smaller speed steady-state error than the 
original controller does, and its settling time is quicker, i.e. the RS controller is 
really more aggressive and uses much more control action. It can also be observed 
that in the speed run-up transients, the original and redesigned controller has 
similar performance. In the case of load loop control, during loading transient, the 
RS controllers perform slightly better than the original controllers as the set point 
tracking is better for low load level. Then the performances are almost identical.  

8.4.7 MIMO Benchmarking Profile 

The special feature of the turbine speed/load controller has been discussed before: 
during the speed run-up mode, only the speed controller is in action; while during 
the load run-up mode, the load controller is in charge since the turbine speed is 
regulated by the electric network. This implies that in these two modes there is 
only a SISO controller in action and the controller performance has been studied 
using RS-LQG benchmark.  

However, both speed and load controllers are involved during load rejection, 
and the speed/load controller can be considered as a two-input, one output system. 
In this case, it will be worthwhile to study the how the original controller performs 



Controller Benchmarking Algorithms: Some Technical Issues 289 

when compared with a GPC MIMO controller. Thus, the benchmarking study will 
be focused on the controller performance during load rejection. 

8.4.8 MIMO Plant Model 

The original system is a highly nonlinear system, however in order to benchmark 
the system using the LQGPC benchmark, linearised models of both the plant and 
the controller are required. The MATLAB® function LINMOD is used to generate 
a linear model from the original nonlinear model. To guarantee the validity of the 
linearization, the dynamic operation range of the linearised model should be kept 
small. Based on the above considerations, the load rejection from 100% to 80% is 
selected as the scenario to investigate the performance of the existing controller.
Using MATLAB® LINMOD function on each of the individual blocks, a linearized 
model of the simplified turbine process has been constructed. The same load 
rejection tests were performed on the original and on the linearized model with the 
original controller. The results are shown in Figure 8.8. 

Figure 8.8. Dynamic response of the original and linearized plants 

From the above figure, it can be seen that the simplified linearised model can 
quantitatively reflect the dynamic response of the original system. The static 
difference of control output between the original and the linearised model is mainly 
due to simplification of the pressure control loops.  
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8.4.9 The GPC Controller Design for the Linearised Plant 

As shown in Figure 8.9, the whole turbine system can be abstracted into two parts, 
namely the plant and the controller. The grid requirement acted as a deterministic 
disturbance to the system. Since a linearised state space model is available, a state 
space GPC controller can be designed for the simplified linear model. It is assumed 
that the grid requirement is measurable. The structure of the GPC controller is 
depicted in Figure 8.10. A state estimator (observer) is used to estimate the system 
state from the plant inputs and outputs. The reference, state and disturbance gains 
are all static. 

The key parameters of GPC designs are: error weighting matrix is 
100 0

0 1eQ and control weighting is 0.01uQ .The output prediction horizon 

is 50 and the control horizon is 5. By using this set of parameters, more weight is 
put on the difference between the reference and the actual turbine speed. This is 
consistent with the previous analysis. 
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Figure 8.9. Simplified block diagram of the turbine system 

Figure 8.10. The structure of the state space GPC controller 

First, a comparison between the original nonlinear controller and the GPC 
controller is carried out on the linearised plant. The grid requirement drops from 
100% to 80% at t=100 sec. The results are shown in Figure 8.11. 
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Figure 8.11. Load rejection performance comparison on the linearized plant 

It can be seen that the GPC controller performs much better than the original 
PID controller on the simplified linear model. This result is expected, since the 
GPC controller is optimally tuned for this model. Then the designed GPC 
controller is used to control the original turbine system. The grid requirement drops 
from 100% to 80% at t=100 sec. The simulated result is shown in Figure 8.12. 

It can be seen that the transient performance of the state space GPC controller is 
better than the original controller. However, the control action is more violent. The 
fast transient performance is mainly due to disturbance feed-forward compensation 
and the aggressive tuning of the GPC controller. It can be seen that GPC controller 
is a viable candidate for improving the dynamic performance of the turbine system. 
However, due to the non-linear nature of the plant and the specific design of the 
original PI controller, the LQGPC benchmark may not be very meaningful. 

8.5 Conclusions : Using the Benchmark Algorithms 
After conducting numerous benchmarking exercises on several models, it is 
possible to make the following observations about effectiveness of the algorithms.  

Performance criteria 

The MV, GMV and RS-LQG benchmarking algorithms all use variance as the 
measure of controller performance assessment. These algorithms have been 
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designed mainly with that criterion in mind, and hence assume that the process 
under test has at least one source of stochastic input either a stochastic reference or 
a stochastic disturbance.  

Figure 8.12. Load rejection performance comparison on the original plant 

Systems in the process industry normally have at least one stochastic source 
acting on the system process and normally system outputs tend to remain around a 
given value for long periods of time. Also for most process systems the ability to 
reduce variability in outputs often increases the possibility of pushing the process 
to its safe operational limits in order to improve productivity and efficiency. For a 
system with this sort of characteristic, taking variance as a measure of performance 
is quite applicable and meaningful. The test conducted with the BASF model 
confirmed that MV, GMV and RS-LQG benchmark algorithms could be applied 
effectively for such systems.  

However for systems from the power and servo industry, references and 
disturbances tend to be deterministic in nature so that the systems generally do not 
have any stochastic signals. Furthermore, another characteristic of such systems is 
that they operate quite frequent changes to references and hence output levels. For 
example, the power plants have to follow a daily load program which is fixed as 
function of typical load demand and energy market requirements. So, for such 
systems, taking variance as a measure of performance does not seem to be quite so 
applicable. The test conducted with the SIEMENS model confirmed that the MV 
and GMV benchmark algorithm could not be applied successfully to such 
processes because these algorithms rely heavily on the stochastic noise present in 
the input and output signals to compute the optimal performance. However if 
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suitable substitutions are made in the definitions of RS-LQG algorithm user 
parameters (especially in the definition of disturbances and references models), it is 
still possible to use the RS-LQG algorithm to benchmark such systems.  

In the use of performance criteria, the LQGPC/GPC benchmarking algorithm is 
different from the other algorithms as it uses a weighted sum of variances and 
mean squares of process inputs and outputs as the measure of controller 
performance assessment. The algorithm provides an optimal benchmarking 
function for dynamic, steady state, deterministic or stochastic performance 
assessment. It uses indicators like, integral square error (ISE), integral square 
control action and some weighted combination of variances over a period that may 
includes a step change to the system inputs. It is applicable to stochastic processes 
as well as servo, machine, automotive and robotic systems where good reference 
tracking and transient behaviour are a priority.  

Data requirement 

The MV and GMV benchmarking algorithms use only plant data to compute the 
benchmark index. Apart from feeding the algorithm with the plant data, for both 
algorithms, the user must only give two other parameters: a data length, which 
defines the number of data points used to compute the control system performance, 
and the length of the auto-regressive model used to identify the system. But testing 
the algorithm has shown that in most cases assuming stationary stochastic 
properties, the pre-defined default values of these parameters produce sufficiently 
accurate results. The MV algorithm can compute the benchmarking index using 
either system output or system error only, whereas the GMV algorithm requires 
both system output (or error) and system input. Moreover, the GMV algorithm 
requires the user to specify dynamic error and control weighting, which help 
determine the desired optimal controller required.  

The MV and GMV algorithms both require that the system time delay be 
precisely known. The algorithms still return a benchmark value if only an estimate 
of the time delay is provided; but if the incorrect system delays are used, the index 
value cannot be interpreted as a MV or GMV benchmark but regarded as some sort 
of user defined performance index. This means that the controller against which 
the existing system controller is being compared might not be an MV or GMV 
controller. Assuming that the stochastic properties of the system are stationary, 
then the accuracy of the algorithms inherently depend on the accuracy to which the 
system time delay is known. Testing on the BASF model highlighted some of the 
difficulties of trying to obtain an accurate estimate of the system time-delay. Some 
techniques to bracket the true benchmark index by conducting a series of tests 
using a range of time delay values were also investigated but the tests showed the 
limitation of these methods. 

The RS-LQG algorithm does not use plant data to compute the benchmark 
index. For this algorithm, the process model transfer function is required. The user 
has to specify the type of restricted structure (RS) controller against which the 
existing controller should be benchmarked. The optimal RS controllers can be one 
of the three following forms: P, PI or PID. The user must also define the models of 
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the system disturbance and reference as transfer functions, and just as in the GMV 
algorithm, the error and control weightings must be specified. The choice of these 
weightings must be consistent with the choice of optimal RS controller and the 
objectives of the control problem. The accuracy of the results returned ultimately 
depends on the accuracy of the model used for benchmarking. 

The LQGPC/GPC algorithm does not use plant data to compute the benchmark 
index. For this algorithm, a system model in state-space equation format is 
required. Depending on the benchmarking requirements, disturbance and 
measurement noise models maybe included in the system model. It also required 
the reference trajectory over which the benchmarking is computed. This trajectory 
could be a step or a ramp for dynamic assessment, or could be constant for steady 
state performance. It should be noted that whether the reference is a step or 
constant, the benchmark computes the variances obtainable by the existing 
controller and the optimal control as part of the benchmarking outputs. 

The user also needs to specify an error and control weighting as well as the 
process and control prediction horizons. These are normally chosen to scale the 
process error and the control action to the same magnitude (using a normalisation 
factor for each I/O variable), but also to penalise the control action, thus reflecting 
the level of emphasis in minimisation of its mean square value. For benchmarking 
MIMO systems the weights can also be used to assign relative priority to each 
input or output. There are very simple guidelines to choosing the output prediction 
and control horizons.. The accuracy of the results returned ultimately depends on 
the accuracy of the model used for benchmarking. For multivariable 
benchmarking, issues related to the accuracy of the model and adequate interaction 
information can affect the usefulness of LQGPC/GPC benchmarking results.  
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9.1 A Look Back 
The business community has developed methods over the last twenty-five years or 
so, that focus on the aggressive achievement of best performance and commercial 
supremacy. At the centre of these approaches is the concept of the business process 
around which the company operates. The financial well-being of the company is 
directly linked to the performance of the business processes within the company. 
Performance is then an attribute that needs to be defined, measured, analysed and 
improved; from this emerges the science of performance assessment and its 
concomitant philosophies like business process re-engineering and business 
process benchmarking. 

The main steps in performance assessment have generic validity across disciplines 
and are shown here in Figure 9.1. Within the business community, these steps have 
been embedded within other philosophies to enhance their wider acceptance in a 
commercial environment. Benchmarking is one such philosophy that is likely to 
survive and pass the test of time. A key activity in benchmarking is that of defining 
a performance standard against which to measure actual performance. In the field 
of business processes this leads to internal, competitive, functional, and generic 
benchmarking as methods for defining performance standards. Further 
qualification of the benchmarking activity arises when it is linked to a level in the 
business hierarchy, for example, performance benchmarking for a specific process, 
process benchmarking for a process sequence or strategic benchmarking for the 
managerial and corporate domains within a company. One final component of 
benchmarking to note is the activity wheel, typically, plan/model, search, observe 
and measure, analyse and propose, and then implement. It is not surprising that 
these are very similar in intent and purpose to the generic performance assessment 
steps given in Figure 9.1. 
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INPUTS Process Modelling 

Performance Specification 

Performance Measurement 

Performance Analysis 

Performance Improvement OUTPUTS

Figure 9.1. Steps in performance assessment 

Business process performance assessment is a well-established paradigm and 
its interest for the research reported in this book is to provide inspiration for the 
development of performance assessment methods in the field of control 
engineering. 

9.1.1 Economic Audits of Control Systems 

Engineers and technologists involved in making large-scale industrial, utility, 
production and manufacturing processes work can sometimes lose sight of the fact 
that these technological processes are business processes too. Thus a business 
process view of technological processes can often give an insight into how to 
manage, operate, control and maintain these installations more effectively. There 
are not so many tools for establishing the economic links between process revenue 
generation and process performance and the Integrated Control and Process 
Revenue and Optimisation framework proposed in Chapter 2 of this book is a new 
method for making these links. The steps in this method are briefly described next. 

Step 1 Profile and operation assessment. The financial objectives of the process 
are identified and the current financial operating status archived. 
Step 2 Process and system assessment. A technical step; the process and its control 
systems are understood and documented. Current operational performance data is 
archived. 
Step 3 Financial benefits and control strategy correlations. A key step in which 
company goals and financial outcomes are linked to the performance and control of 
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the processes. It is in this stage that a financial assessment of process and control 
loop performance is established. 
Step 4 Optimality assessment. This is an assessment of the potential remaining in 
the process for enhanced performance. In many cases optimisation will provide the 
tool or the benchmark value to determine the under-achievement in process and 
control performance. 
Step 5 Control system adaptation. An implementation stage concludes the process 
of performance improvement. 

It is not difficult to make the connection between the stages in performance 
assessment and the steps of the economic audit of control systems as portrayed in 
Figure 9.2. 

2: Process and System 
 Assessment 

3: Financial Benefits and 
 Control Correlations 

4: Optimality 
 Assessment 

1: Profile and Operation 
  Assessment 

Process Modelling 

Performance 
Specification 

Performance 
Measurement 

Performance Analysis 

Economic Audit of 
Control Systems 

Performance Assessment 

5: Control System 
 Adaptations 

Performance 
Improvement 

Figure 9.2. Comparison between the stages of the control system audit method and those of 
business process performance assessment 

9.1.2 Benchmarking Control Loops 

Processes in industry can be very complex and often comprise a sequence of 
processes where one sub-process output is the input to a subsequent sub-process. In 
many cases, these processes are often cross-coupled leading to highly interactive 
process networks. Control is therefore a demanding task that must be accomplished 
with sufficient top-level transparency to allow some understanding of how the 
process actually works. The solution in many cases is a hierarchical control 
structure as shown in Figure 9.3. 
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Level  4  :  G lobal process sequence 
                 Load m anagem ent 

Level  2  :   Process setpoint changeover 

Level  3  :  Process unit level 
                Setpoint selection/optim isation 

Level  1  : R egulator control loop level 

 Level  0  :  Process, actuators, instrum entation 

Figure 9.3. Process control hierarchy 

Each level in the process control hierarchy has associated with it a performance 
assessment problem of which the generic steps of Figure 9.1 can be applied. 

An important performance assessment problem for which significant contributions 
have been made in this book is that of benchmarking the control loops of Level 1 
in the process control hierarchy. Although there are several algorithms to choose 
from, the key features of these algorithms lie in the properties of the selected cost 
function and the basic principle of optimality. To avoid confusion with previous 
notation, denote the generic cost function and its dependence on control signal as 
Jc(u) where u F and F is the control signal domain. The following properties are 
used in benchmarking studies: 

(1) The cost function is a measure of system performance that is appropriate 
for optimization. For example, the system output variance would be a cost 
function appropriate for optimisation. 

(2) The cost function has the mathematical property of being positive over 
the domain of controls, so that, 

0 cJ u    for all  u F

(3) It is assumed that there exists a control u° F that minimises the cost 
function, so that, 

0 o
c cJ u J u      for  u° F and for all u F
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Collecting these features together, if a particular control uc F is selected 
(corresponding say to an implemented non-optimal control) then,  

0 o
c c cJ u J u

or, in normalised form, 
0 (uc) = Jc(u°) / Jc(uc)  1 

and (uc) is defined as the performance index for control uc F. This normalised 
relationship leads directly to the interpretation that if (uc) is close to “1” then the 
selected control is nearly optimal, but if (uc) is close to “0” then the control is 
very non-optimal. 

The development of specific methods then depends on the cost function Jc(u)
chosen to capture the desired features of the control design and the constraints on 
the information that is available to compute estimates of (uc). These factors 
combine in different ways to lead to a variety of control loop performance 
assessment algorithms. 

The Cost Functions 
The set of cost functions for which algorithms have been devised in this book 
include the following:  

Minimum Variance (MV): 

SISO cost  J(t) = E[ y2(t + k) | t]

MIMO cost   J(t) = E[ YT(t)Y(t) ]  

Generalised Minimum Variance (GMV): 

SISO cost J(t) = E[ 2(t + k) | t]      (t) = Pc e(t) + Fc u(t)

MIMO cost                     J(t) = E[ T(t) (t) ]         (t) = Pc e(t) + Fc u(t)

Generalised Predictive Control (GPC): 

SISO cost    J(t) = E[{
2

1

N

j N

[r(t + j) - y(t + j)] 2  +  2

1

uN

j

u 2(t + j - 1 )} | t]                  

MIMO cost  J(t) = E[
0

N

j

{[r(t + j +1) - y(t + j +1)]TQe[r(t + j +1) - y(t + j + 1)] 

                                                                         + uT(t + j )Qu u(t + j )} | t]
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Linear Quadratic Generalised Predictive Control (LQGPC): 
MIMO cost   

J = E[
f

f

T

0tfT 1T
1lim {

N

0j
{[r(t + j +1) - y(t+ j +1)]TQe[r(t + j +1) - y(t + j + 1)] 

+uT(t + j )Quu(t + j )}}]

Linear Quadratic Gaussian (LQG) 

SISO cost  J = 
f

f
f

T

TfT T2
1[Elim {(Hqe(t))2  + (Hru(t))2 }dt ]

An important feature of the cost functions used is that as the function chosen to 
capture the control performance becomes more sophisticated then more design 
information has to be introduced to specify cost weightings, cost function time 
intervals and other parameters. This input of knowledge is generally difficult to 
automate, relying as it does on expert engineering input. 

The Information Constraints  
There are two situations for the computation of performance indices, online and 
off-line. In the online situation the methods devised are data-driven and avoid 
model identification stages. Consequently, the algorithms devised use real-time 
data directly to compute the performance index. Whether this can be achieved 
depends mainly on a mathematical re-formulation of the method. For off-line 
methods, computation in real-time is not a constraint and model-based techniques 
with sophisticated design-led cost functions and procedures are used. 

In the case of model-based techniques there are some additional capabilities for 
benchmarking if a parameterised restricted structure controller generates the 
control signal. Using the cost function notation Jc(u) that makes the dependence on 
the control signal explicit, let the control signal domain to be u F and let the 
restricted structure control signal be uRS FRS F , then assuming that optimal 
solutions exist,  

0 Jc(u°)  Jc(uºRS) Jc(uRS)

where  u° F , uRS , uºRS FRS F , u° is the optimal control signal for Jc(.) over F
and u°RS is the optimal control signal for Jc(.) over FRS F.

The relationship 0 Jc(u°)  Jc(uºRS) holds because otherwise uºRS will contradict 
the optimality of u° and the relationship 0  Jc(uºRS) Jc(uRS) defines the 

                    = 
1

2 Dj ∫� { Qc(s)Φee(s)  + Rc(s)Φuu(s) }ds

MIMO cost   J =
1

2 Dj ∫� { tr(Qc(s)Φee(s))  + tr(Rc(s)Φuu(s)) }ds
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optimality of uºRS. The relationship between these three cost function values leads 
to two diagnostic situations: 

Case(a) Structural Performance Index,  S = Jc(u°) / Jc(uºRS)

where                      0 S = Jc(u°) / Jc(uºRS)  1

The value of S indicates the closeness of the optimised restricted structure to 
the full optimal cost attainable. 

Case(b) Controller Performance Index,  C = Jc(uºRS) / Jc(uRS)

where  0 C = Jc(u° RS) / Jc(uRS)  1   

The value of C indicates the closeness of the actual implemented restricted 
structure controller to the optimal cost obtainable if the restricted structure 
controller had optimised parameters. 

Thus these two diagnostic indices can be used as follows: Case (a) to determine 
just how good the proposed controller structure is when compared to the full 
optimal solution and Case (b) to determine just how good the implemented 
controller is when compared to what could be achieved if optimal tuned values 
were used in the implemented controller structure. This interpretation of the use of 
optimal cost values and the formulation of restricted structure control leads to a 
combinational approach for assessing the performance of control structures of 
multivariable systems [Greenwood and Johnson, 2005]. 

A taxonomy of control loop benchmarking algorithms can be created by putting 
together the different types of cost functions and the type of process information 
available for performance index computation. The taxonomy displayed in Figure 
9.4 shows the algorithms devised and illustrated in this book. 

The taxonomy supports the strong conclusion that significant progress has been 
made in creating a body of theoretical and practical approaches to the problem of 
computing performance assessment indices for control loops. 
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Control Loop Benchmark Methods 

Model-based methods Data-driven methods 

SISO Systems MIMO Systems 

MV Control Full Structure Restricted 
Structure 

GMV 

LQG 

GPC 

LQGPC 

MV Control 

MV Control Bounds GMV Control 

GMV Control 

SISO/MIMO Systems 

GPC Method 

Figure 9.4. Taxonomy of control loop benchmarking methods 

9.1.3 Contributions to Performance Analysis 

The early chapters in this book were concerned with establishing a generic process 
performance assessment framework with inspiration from the business process 
domain. The major contributions in these chapters were the in-depth presentations 
of methods and algorithms for control loop benchmarking; an activity that was 
considered to fall into the “performance specification “and” “performance 
measurement” stages of the generic framework. A simple measure or index that 
indicates that there is a performance problem is only a beginning to the control 
loop benchmarking activity for there are some process problems that require more 
than just a simple index to identify and analyse the loss of performance. Plant-wide 
disturbances were introduced as an important area for performance assessment 
studies. 

Process plants are often networks of process units which may be sequential and/or 
cross-coupled. Plant-wide disturbances are disturbances caused at one point in the 
process that ripple through the plant and upset a much larger set of process output 
variables. The causes of these disturbances are several, including, 

(i) Process nonlinearities (for example, stiction) can cause limit cycle 
oscillations in loops 

(ii) Faulty measurement devices 
(iii) Poorly tuned controllers can cause control loop oscillations 
(iv) Control loop interactions in cross-coupled controllers 
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(v) External disturbances, particularly from upstream processes in a 
sequential process 

Control-loop oscillations and oscillations in measured process variables are process 
disturbances for which some assessment success is claimed. Indeed it was stated 
that the problem of detecting an oscillation in loops is a solved problem. The real 
challenge is the diagnosis of the root cause. This agrees with the experience of 
practitioners in the business process domain where “performance analysis” and 
“performance improvement” are considered to be the more demanding stages of 
the performance assessment procedure. The techniques used for the plant-wide 
disturbance and oscillation problem largely depend on the operational framework 
selected by the researcher and the research reported in this book is summarised in 
Table 9.1. 

Apart from the very valuable assessment of the methods available in the literature, 
the work reported in Chapters 6 and 7 shows just how more complicated are the 
stages of performance analysis and improvement. In many cases diagnostic values 
have to be supported by insight about the process structure or characteristics and 
this knowledge requirement is not so compatible with the objectives of automated 
procedures and the use of minimal a priori process information. 

Table 9.1. Techniques used in the plant-wide disturbance and oscillation problem 

Plant-wide disturbance methods (Chapter 6) 
Objectives a) Automated methods used off-line and date driven  

b) Detect the presence of a plant-wise disturbance  
c) Identify the root-cause of the plant-wise disturbance 

Tools a) Detection: Power spectra, spectral principal component analysis, 
autocovariance functions 
b) Diagnosis: Harmonics in power spectra; Bicoherence tests 

Oscillations in control loops (Chapter 7)  
Objectives a) Automated methods used online that are model free, use the minimum a

priori information about the control loops and work on output error 
(Err=SP-PV) and controller output only  
b) Detect the presence of loop oscillation 
c) Identify the root-cause of the oscillation 

Tools a) Detection: Seven methods studied based on underlying methods like the 
autocovariance function, spectral analysis and wavelet theory 
Conclusion: In almost all cases these methods give reliable detection. 
b) Diagnosis: Concentrated on stiction detection and studied twelve 
methods constructed from a wide range of underlying theory. 
 Conclusion: No single method covers all the stiction cases reliably. 
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9.2 A Look Forward to New Research Directions 
The paper due to Harris that initiated the area of control loop performance 
assessment was published in 1989. Since that time the subject has grown broader 
by incorporating process audits that try to link control performance to economic 
benefit. Further, a number of new algorithms have been developed for controller 
loop benchmarking by applying the Harris methodology to different controller 
performance indices. There is also a need for performance analysis tools and some 
of the new developments reported in this book have tried to establish stronger 
diagnostic links between indices and the underlying performance disturbance or 
barrier. However, the field continues to grow primarily due to industrial interest in 
obtaining the best performance from the installed process plant and some areas for 
further consideration are given next. 

9.2.1 New Performance Metrics 

There are two main ways that metrics are selected for performance measurement in 
the control field: 
i) Select a common generic mathematical metric that is readily amenable to 

analysis. The next step in this route is to link the metric value to a 
particular performance barrier thereby establishing the metric diagnostic 
basis.

ii) Select a diagnostic situation (for example, the presence of oscillations in 
the control loop) and then devise a performance metric to purposely detect 
the presence of the particular barrier to performance. 

Whichever route is taken to devising a performance metric, a common problem is 
that the chosen measure is insufficiently discriminating so that similar diagnostic 
values cover several different process problems. More research is needed in this 
basic area and the issue is revisited in the section below on Performance Analysis. 

9.2.2 Algorithm Development 

The taxonomy of control loop benchmarking methods shown in Figure 9.4 reveals 
that the theory for a wide range of methods has been devised. These procedures 
cover online and off-line methods and range from single index calculations to a 
combinational computation of index values for controller structural comparisons. 
The more sophisticated performance metrics need to be supported by additional 
design input, commonly through the use of weighting functions. Consequently, 
there is plenty of scope for further work and research on algorithm development. 
There are three particular areas that might be usefully mentioned: 
i) Data handling. The online tools developed use data from the process in 

real time and in some cases pre-processing is needed to ensure that neither 
poor nor false results are obtained. Algorithms to robustly pre-screen and, if 
necessary, condition the data are needed. 

ii) Numerical algorithm robustness. The routines of the benchmarking 
taxonomy use theory from the polynomial and state-space domains. Some 
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prior experience [Greenwood and Johnson, 2005] has shown that many 
existing routines cannot always be relied upon and it is often necessary to 
select numerically robust routines for benchmark computations. There is 
scope to ensure that both online and off-line computations are achieved 
accurately, efficiently and robustly. 

iii) Automated algorithm setup. The more sophisticated cost functions such 
as those in the GMV control, GPC and LQG control algorithms need design 
input if the benchmarking procedure is to be meaningful. At the same time 
many of the benchmarking algorithms should be feasible without the need 
to call on expert design input. Similarly, in some algorithms, the actual 
setup of the indices and the weighting functions has to be done with care 
otherwise the associated computations may fail. In this book, Chapter 8 
reported on some of these particular issues. A logical progression here is to 
devise software to automate and advise on the setup of the algorithms. Thus 
expert software would (a) ensure that the set-up of the algorithm is safe and 
that a solution is possible for the various equations being solved, and (b) 
automate the selection of the design input in the weighting function 
selection procedures. 

9.2.3 Performance Analysis 

Much of the research effort in the field of performance assessment has been 
devoted to the stages of performance specification and performance measurement. 
Performance analysis and the relationship between performance metrics and the 
diagnosis of the barrier (or problem) to performance requires more research input. 
There is a need for the systematic collection of know-how diagnostic knowledge in 
the control field. Such research will have to accommodate three groups of factors. 
i) Common diagnostic situations. There are at least four problems in process 

control that need diagnostics: Poor controller tuning, sluggish control loops, 
oscillations in control loops and their various root causes and finally other 
(plant-wide) process disturbances. 

ii) Common industrial control situations. Control loops in industrial process 
occur in different configurations and with different objectives. The 
measurement of performance and the diagnosis of poor performance 
depends on the different set ups. Common industrial process control 
situations include, single loops, non-interactive loop designs, cross-coupled 
multivariable controllers, cascade control loops, ratio control loops, 
feedforward control loops, and inferential control loops. In some cases, 
these industrial control loops are already on the process and need 
performance measurement and analysis, and in other cases these control 
loop configurations (for example, feedforward) might be part of the solution 
to achieve enhanced performance.  

iii) Different objectives within the process control hierarchy. The various levels 
of the process control hierarchy have different control performance 
objectives. Thus, there is a need to consider how performance measurement, 
analysis and improvement procedures should reflect these different 
hierarchical objectives. The three levels that need this type of research are 
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the top-level supervisory control, the middle level of control changeover 
and the lower regulator level. 

9.2.4 Industrial Implementation 

An extremely important objective for the performance assessment community is 
industrial implementation and industrial use of the methods devised. Moving a 
performance assessment procedure from an academic research paper to an 
industrial application introduces new and interesting engineering problems. The 
two main areas to consider are the control system technology to be used in the 
implementation and how the procedure is to be used within the company. 
i) The implications of the control system technology used. Controller 

technology in the process industries tends to fall into the categories of the 
single-station hardware controller units and the digital computer control 
system (DCS; DCCS) software and hardware [Ang et al., 2005; Johnson, 
2005]. A decision to employ controller loop performance software in either 
of these two control system platforms immediately creates implementation 
constraints on the accuracy and the size of the computation that can be 
made and on the complexity of the interface to the process engineer. These 
constraints ensure that many of the previously listed research issues will 
have to be revisited, particularly under algorithm development where topics 
like data-handling, numerical robustness and automated setup procedures 
will be of critical importance in industrial versions of the procedures. 

ii) The implications of industrial process company operations. Two examples 
will be used to illustrate the implications arising from company operations 
for industrial implementation. Paulonis and Cox [2003] report a 
performance assessment application for 40 plants located at nine 
international sites and involving some 14,000 control loops. By way of 
comparison, Ericsson et al. [2004] describe an application involving 1,200 
control loops running 24 hours a day at a single carton board mill site. 
Clearly these two industrial company situations will influence how the 
implementation should be achieved, for example, one company may 
construct a global solution whilst another may prefer a local plant solution. 

Putting together the control system technology factors with a company’s industrial 
structure leads to several options for the development of industrial procedures 
including: 
i) A top-level global solution using web-based interfaces to serve all the 

company’s internationally located plant sites. 
ii) A top-level process plant solution using the plant-wide DCS system at a 

single site. 
iii) A critical process unit solution using modules in the DCS system which 

controls individual process units 
iv) A critical process loop controller unit solution using a module to be located 

in selected single station controller units 
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v) A single-station control loop unit solution. A manufacturer might install a 
controller performance assessment module in a range of single-station 
hardware controller units. 

Each target solution is likely to require tailored algorithms for success. Hägglund 
[2005] recently published an example that shows how the industrial 
implementation of a performance assessment routine introduced new algorithmic 
requirements. 

9.2.5 Final Conclusions 

The new research directions outlined in this look forward shows that there remain 
many open questions and some significant areas for further development. From the 
academic viewpoint, the area of algorithm development and the art of performance 
analysis still has potential to grow, particularly in being able to diagnose the 
specific barriers in a process to performance attainment and then suggest 
constructive actions to achieve performance improvement. 

The whole field of industrial implementation has considerable potential for future 
development. Some vendors already offer the Harris performance index procedure 
but the more recent performance assessment developments and the multiplicity of 
new indices and procedures offers exciting opportunities for further algorithm and 
industrial implementation studies. 
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