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ABSTRACT

Disturbances are undesired deviations of process variables from their set-points. Many disturbances are

characterised by the repetitions of fast and complex patterns, and by the fact that such disturbances can

propagate. If they propagate within a plant they are called plant-wide disturbances. If they propagate

also to utilities of a process site, they are called site-wide disturbances.

Control systems play a role in the propagation of disturbances. A common requirement of a control

system is to maintain a controlled variable at its set point by rejecting a disturbance. However, rejecting

a disturbance can lead to further propagation of the disturbance elsewhere in the system. Hence there

is a need for a trade-off. Plant operators can prefer to manually control a section of a production site to

manage this trade-off, when a disturbance occurs.

To automatically manage the response to plant-wide and site-wide disturbances, this thesis proposes Model

Predictive Control (MPC) with disturbance forecasting. Since there have been very few publications

focusing on the causes and mechanisms of propagation of site-wide disturbances, this thesis contains a

review of the possible disturbances occurring between process plants, steam utility and electrical utility.

This analysis identifies the important scenarios where the proposed MPC framework might be useful, and

also provides the research community a structured discussion about the topic of site-wide disturbances.

The thesis presents a 𝑘-nearest neighbours method for the prediction of disturbances. The algorithm uses

a novel weighting method that makes the prediction more robust. The method is compared with other

𝑘-nearest neighbours methods and autoregressive models on industrial datasets.

The proposed MPC framework with disturbance forecasting is compared with other industrial frameworks

on three simulated case studies. The case studies are a laboratory CSTH tank, an industrial steam boiler

and an industrial distillation column. Incorporation of a prediction of the future evolution of a disturbance

in model predictive control reduces the propagation of disturbances in most cases by a value between 65%

and 95%, and improves the tracking of set-points up to 10%. This allows management of the trade-off

between disturbance propagation and rejection of the disturbance from the controlled variables.

The approaches and novel results of the research are examined critically, with suggestions for future work.



5

PUBLISHED CONTENT AND
CONTRIBUTIONS

The work of the thesis has been published in the following articles:

• F. Borghesan, M. Chioua, and N. F. Thornhill. Forecasting of process disturbances using

k-nearest neighbours, with an application in process control. Computers and Chemical

Engineering, 128:188 – 200, 2019a. ISSN 00981354

• F. Borghesan, M. Chioua, and N. F. Thornhill. Forecast of persistent disturbances using k

-nearest neighbour methods. In Computer Aided Chemical Engineering, Volume 44, pages

631–636, 2018a

• F. Borghesan, M. Chioua, and N. F. Thornhill. An MPC with disturbance forecasting for

the control of the level of a tank with limited buffer capacity. In 2018 26th Mediterranean

Conference on Control and Automation (MED), pages 1–9, 2018b



6

CONTENTS

Declaration of originality and copyright . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
Published Content and Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

1.1 Background and motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
1.1.1 Disturbances in process control . . . . . . . . . . . . . . . . . . . . . . . . 20
1.1.2 Economic impact of disturbances . . . . . . . . . . . . . . . . . . . . . . . 21
1.1.3 The role of control systems in disturbance propagation . . . . . . . . . . . 22
1.1.4 Propagation of disturbances within a production site . . . . . . . . . . . . . 23
1.1.5 The aim of the PhD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

1.2 Disturbances in site utilities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
1.2.1 Site utilities . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
1.2.2 Disturbances . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

1.3 Propagation of disturbances . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
1.3.1 Possible disturbance propagation paths in a production site . . . . . . . . . 29
1.3.2 The role of controllers in disturbance propagation . . . . . . . . . . . . . . 31
1.3.3 Example: disturbance propagation through a plant . . . . . . . . . . . . . . 32
1.3.4 Example: disturbance propagation between a plant and a steam utility . . . 33
1.3.5 Example: disturbance propagation between plant and electric utility . . . . 34

1.4 Operating a process in case of plant-wide disturbances . . . . . . . . . . . . . . . . 34
1.5 Model predictive control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

1.5.1 Use of MPC in process industry . . . . . . . . . . . . . . . . . . . . . . . 36
1.5.2 Features of MPC for disturbance handling . . . . . . . . . . . . . . . . . . 37
1.5.3 Current limitations of industrial MPCs for disturbance handling . . . . . . 37

1.6 Research statement and technical objectives of the thesis . . . . . . . . . . . . . . . 39
1.6.1 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

1.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
Chapter 2: Literature review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
2.2 Model predictive control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

2.2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
2.2.2 Handling of external disturbances . . . . . . . . . . . . . . . . . . . . . . 45
2.2.3 Frozen Time MPC (FTMPC) . . . . . . . . . . . . . . . . . . . . . . . . . 51



7

2.2.4 Preview MPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
2.2.5 Stochastic MPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
2.2.6 Deterministic MPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
2.2.7 Conclusions on model predictive control . . . . . . . . . . . . . . . . . . . 59

2.3 Time series forecasting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
2.3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60
2.3.2 Statistical methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
2.3.3 Machine learning methods . . . . . . . . . . . . . . . . . . . . . . . . . . 68
2.3.4 Conclusions on time series forecasting . . . . . . . . . . . . . . . . . . . . 74

2.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
Chapter 3: Disturbance propagation in a production site . . . . . . . . . . . . . . . . . . . 77

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
3.2 Description of the systems considered . . . . . . . . . . . . . . . . . . . . . . . . . 79

3.2.1 Process plant . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
3.2.2 Steam system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
3.2.3 Electrical utility and electromechanical loads . . . . . . . . . . . . . . . . 83

3.3 Propagation of disturbances within a plant . . . . . . . . . . . . . . . . . . . . . . 86
3.3.1 Overview of propagation mechanisms . . . . . . . . . . . . . . . . . . . . 86
3.3.2 The three cases considered and possible causes . . . . . . . . . . . . . . . 87
3.3.3 Energy balance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
3.3.4 Variation of temperatures and composition profile of a distillation column . 89
3.3.5 Incorrect separation of components . . . . . . . . . . . . . . . . . . . . . 89
3.3.6 Variation of internal mass flows in the column . . . . . . . . . . . . . . . . 90
3.3.7 Effects on the levels of the units . . . . . . . . . . . . . . . . . . . . . . . 90
3.3.8 Reaction of the level controllers . . . . . . . . . . . . . . . . . . . . . . . 90
3.3.9 Variations of flow through a valve . . . . . . . . . . . . . . . . . . . . . . 91
3.3.10 Further propagation of disturbance downstream . . . . . . . . . . . . . . . 91
3.3.11 Conclusions on disturbance propagation within a plant . . . . . . . . . . . 91

3.4 Propagation of disturbances between electrical utility and process plant . . . . . . . 92
3.4.1 Overview of the propagation mechanisms . . . . . . . . . . . . . . . . . . 92
3.4.2 Variation of the frequency . . . . . . . . . . . . . . . . . . . . . . . . . . 93
3.4.3 Voltage variations and voltage dips . . . . . . . . . . . . . . . . . . . . . . 96
3.4.4 Disturbances propagating from the process to the electric grid . . . . . . . 100
3.4.5 Conclusions on disturbance propagation between electrical utility and plant 101

3.5 Propagation of disturbances between steam utility and process plant . . . . . . . . . 102
3.5.1 Overview of the propagation mechanisms . . . . . . . . . . . . . . . . . . 102
3.5.2 Low steam quality . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
3.5.3 Variation of the energy in the boiler . . . . . . . . . . . . . . . . . . . . . 111
3.5.4 Variations of level of water in the drum of a boiler . . . . . . . . . . . . . . 115
3.5.5 Conclusions on disturbance propagation between steam utility and produc-

tion plant . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
3.6 Propagation of disturbances between steam utility and electrical utility . . . . . . . 118

3.6.1 Overview of the propagation mechanisms . . . . . . . . . . . . . . . . . . 118
3.6.2 Disturbances in island mode caused by an imbalance between power gen-

erated and consumed . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118



8

3.6.3 Limits of pressure variation for a boiler and a steam turbine . . . . . . . . . 119
3.6.4 Conclusion on the disturbance propagation between steam utility and elec-

trical utility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
3.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

Chapter 4: Disturbance prediction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
4.2 𝑘−Nearest neighbours . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

4.2.1 Basic concepts of nearest neighbour prediction . . . . . . . . . . . . . . . 123
4.2.2 Two versions of the algorithm . . . . . . . . . . . . . . . . . . . . . . . . 125
4.2.3 A fixed number of neighbours versus a maximal neighbours distance . . . . 126

4.3 Measuring accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
4.3.1 Measuring the accuracy of the prediction for varying values of 𝑘 and 𝑚 at

an instant of time 𝑡 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
4.3.2 Measuring the accuracy of the prediction for varying values of 𝑘 and 𝑚

over an interval of time . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
4.4 Training of the optimal parameters . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.4.1 Finding the tuning parameters through an optimization problem . . . . . . 128
4.4.2 Evaluating the accuracy of the training process for the choice of the tuning

parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128
4.5 Assessing the predictability of a time series . . . . . . . . . . . . . . . . . . . . . . 129

4.5.1 Qualitative method to assess the predictability . . . . . . . . . . . . . . . . 129
4.5.2 Quantitative method to assess the predictability . . . . . . . . . . . . . . . 129

4.6 The autoregressive model as reference of comparison . . . . . . . . . . . . . . . . 130
4.7 Real industrial disturbances . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

4.7.1 Qualitative assessment the predictability . . . . . . . . . . . . . . . . . . . 133
4.7.2 Quantitative assessment the predictability . . . . . . . . . . . . . . . . . . 133

4.8 Results: effect of 𝑘 and 𝑚 on 𝐸𝑎𝑣 int . . . . . . . . . . . . . . . . . . . . . . . . . . 135
4.8.1 Choice of settings of parameters . . . . . . . . . . . . . . . . . . . . . . . 135
4.8.2 The effect of 𝑚 on 𝐸𝑎𝑣 int . . . . . . . . . . . . . . . . . . . . . . . . . . . 135
4.8.3 The effect of 𝑘 on 𝐸𝑎𝑣 int . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
4.8.4 Effects of weighted and unweighted method on 𝐸𝑎𝑣 . . . . . . . . . . . . . 138

4.9 Results: comparison of the techniques considered for disturbance forecasting . . . . 138
4.9.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
4.9.2 The searching grid, training and testing interval . . . . . . . . . . . . . . . 139
4.9.3 Performance of various strategies . . . . . . . . . . . . . . . . . . . . . . . 139
4.9.4 Comparison of the performance between the Base strategy, and the Opt 𝑘

and Opt 𝐷max strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141
4.9.5 Comparison of the performance between the Opt 𝑘 and Opt 𝐷max strategies 142
4.9.6 Analysis of the metrics 𝛾 about the quality of prediction in the test interval . 142
4.9.7 Comparison between the weighted and unweighted method . . . . . . . . . 143
4.9.8 Comparing the behaviour of the 𝑘−nearest neighbour method with the linear

AR model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 143
4.9.9 Variation of the values of 𝐸𝑎𝑣 over time . . . . . . . . . . . . . . . . . . . 143

4.10 Results: examples of prediction at one instant of time . . . . . . . . . . . . . . . . 146
4.11 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148



9

Chapter 5: MPC with disturbance forecasting with applications . . . . . . . . . . . . . . . 149
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
5.2 Background and motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

5.2.1 MPC formulation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
5.2.2 Tuning the disturbance horizon . . . . . . . . . . . . . . . . . . . . . . . . 157
5.2.3 The metrics for performance monitoring . . . . . . . . . . . . . . . . . . . 159

5.3 Implementation of the MPC with disturbance forecasting . . . . . . . . . . . . . . . 160
5.3.1 Implementing the disturbance forecast in the MPC framework . . . . . . . 160
5.3.2 The difference between sampling of the MPC controller and sampling of

the disturbance time series for time-series forecast . . . . . . . . . . . . . . 161
5.3.3 The tuning of the controlled variables acting as buffer . . . . . . . . . . . . 162

5.4 Evaluating the MPC performance . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
5.5 Introduction to the case studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164
5.6 Case studies: the Continuous Stirred Tank Heater (CSTH) . . . . . . . . . . . . . . 166

5.6.1 Objective of the case study of the CSTH . . . . . . . . . . . . . . . . . . . 166
5.6.2 Physical model of the CSTH . . . . . . . . . . . . . . . . . . . . . . . . . 166
5.6.3 Strategies of the MPC for the CSTH . . . . . . . . . . . . . . . . . . . . . 167
5.6.4 Tuning of the MPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

5.7 Case study: the steam boiler . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
5.7.1 Objective of the case study of the steam boiler . . . . . . . . . . . . . . . . 169
5.7.2 Physical model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
5.7.3 Disturbances and configurations considered . . . . . . . . . . . . . . . . . 170
5.7.4 Strategies for MPC controller . . . . . . . . . . . . . . . . . . . . . . . . . 173
5.7.5 The tuning and the constraints on the controlled variable . . . . . . . . . . 176

5.8 Case study: the VAC column . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 179
5.8.1 Physical model of the azeotropic column . . . . . . . . . . . . . . . . . . . 179
5.8.2 Control configuration considered . . . . . . . . . . . . . . . . . . . . . . . 183
5.8.3 Disturbances considered . . . . . . . . . . . . . . . . . . . . . . . . . . . 184
5.8.4 The strategy of the MPC controller . . . . . . . . . . . . . . . . . . . . . . 184
5.8.5 Tuning of the MPC controller . . . . . . . . . . . . . . . . . . . . . . . . . 186

5.9 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 190
Chapter 6: MPC with disturbance forecasting: results . . . . . . . . . . . . . . . . . . . . . 191

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191
6.2 The real industrial disturbances . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195
6.3 Results: the CSTH . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196

6.3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 196
6.3.2 Simulated sinusoidal disturbances . . . . . . . . . . . . . . . . . . . . . . 196
6.3.3 Real disturbances . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199
6.3.4 Conclusions for the CSTH . . . . . . . . . . . . . . . . . . . . . . . . . . 202

6.4 Results: the steam boiler . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203
6.4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203
6.4.2 The parameters of the disturbances . . . . . . . . . . . . . . . . . . . . . . 204
6.4.3 Disturbance from the load . . . . . . . . . . . . . . . . . . . . . . . . . . 205
6.4.4 Disturbance from the heat provided to the boiler . . . . . . . . . . . . . . . 217
6.4.5 Conclusions for the steam boiler . . . . . . . . . . . . . . . . . . . . . . . 237



10

6.5 Results: the VAc column . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 239
6.5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 239
6.5.2 Analysis of the metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 241
6.5.3 Examples of control responses . . . . . . . . . . . . . . . . . . . . . . . . 249
6.5.4 Comments on the impact of tuning weights on the controller response in

presence of abrupt disturbances . . . . . . . . . . . . . . . . . . . . . . . . 253
6.5.5 Analysis of the metrics when the sampling rate of the measurement of the

disturbance is faster than the controller sampling . . . . . . . . . . . . . . 254
6.5.6 Conclusions for the VAc . . . . . . . . . . . . . . . . . . . . . . . . . . . 259

6.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 260
Chapter 7: Critical evaluation of the thesis and future work . . . . . . . . . . . . . . . . . . 264

7.1 Summary and discussion of contribution of the thesis . . . . . . . . . . . . . . . . 264
7.2 Review of persistent and abrupt disturbances in a process site . . . . . . . . . . . . 265

7.2.1 Merits of the method proposed . . . . . . . . . . . . . . . . . . . . . . . . 265
7.2.2 Limits of the method proposed . . . . . . . . . . . . . . . . . . . . . . . . 265
7.2.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 266

7.3 Prediction of persistent and abrupt industrial disturbances, and assessment of their
forecastability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 267
7.3.1 Merits of the methods proposed . . . . . . . . . . . . . . . . . . . . . . . 267
7.3.2 Limits of the methods proposed . . . . . . . . . . . . . . . . . . . . . . . 268
7.3.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 269

7.4 MPC with a data driven multi-step prediction, tested on industrial case studies . . . 270
7.4.1 Merits of the method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 270
7.4.2 Limits of the method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 270
7.4.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 271

7.5 Analysis with new metrics to assess a controller when handling propagating disturbance272
7.5.1 Merits of the method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 272
7.5.2 Limits of the method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 272
7.5.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 272

7.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 273
Chapter 8: Summary and conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 274
Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 277



11

LIST OF FIGURES

Number Page

1.1 Examples of persistent and abrupt disturbances. Tag 25 is the controlled temperature.

Tag 29 is column feed. Tag 30 is the trend of the steam flow (picture from Thornhill

et al. (2003)). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

1.2 Flow sheet of Eastman Chemical Company case study (from Thornhill et al. (2003)). 22

1.3 Examples of persistent disturbance. . . . . . . . . . . . . . . . . . . . . . . . . . . 27

1.4 Possible paths of disturbance propagation. . . . . . . . . . . . . . . . . . . . . . . . 30

1.5 Example of propagation of a disturbance. A change of the feed can have effects on

other variables such as the bottom level and thebottom outflow. . . . . . . . . . . . 31

1.6 Schematics of the process and mechanical components considered by Cecilio et al.

(2011) (picture from Cecilio et al. (2011)) . . . . . . . . . . . . . . . . . . . . . . . 35

1.7 Time trends of process, control, electrical and mechanical measurements (from

Cecilio et al. (2011)). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

1.8 Example of a feed disturbance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.1 MPC frameworks to handle external disturbances . . . . . . . . . . . . . . . . . . . 46

2.2 Depiction of available time series forecasting methods . . . . . . . . . . . . . . . . 61

2.3 List of considered time series forecasting methods . . . . . . . . . . . . . . . . . . 67

2.4 Depiction of available time series forecasting methods (from Thornhill (2005b)). . . 71

3.1 Possible path of disturbance propagation . . . . . . . . . . . . . . . . . . . . . . . 77

3.2 The principle of recycling in chemical plants . . . . . . . . . . . . . . . . . . . . . 79

3.3 Distribution in a steam utility. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

3.4 Example of an industrial distribution grid (from Mohd Noor (2018)). . . . . . . . . 84

3.5 Depiction of a distillation column. . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

3.6 Considered paths of disturbance propagation in a distillation column . . . . . . . . . 88



12

3.7 Evolution of the system over the plane representing mass flow and pressure ratio of

the compressor after a decrease of 0.5 Hz of the frequency of the grid from 50 Hz. . 95

3.8 Motor torque response after a decrease of 0.5 Hz of the frequency of the grid from

50 Hz . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

3.9 Distance to surge response after a decrease of 0.5 Hz of the frequency of the grid

from 50 Hz . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

3.10 Voltage variation of -3% of the nominal value for 10 s . . . . . . . . . . . . . . . . 99

3.11 Voltage variation of -50% of the nominal value for 350 ms . . . . . . . . . . . . . . 100

3.12 Considered paths of disturbance propagation in a steam utility connected to a plant . 103

3.13 Considered paths of low steam quality . . . . . . . . . . . . . . . . . . . . . . . . . 105

3.14 Two examples of experimental water hammers . . . . . . . . . . . . . . . . . . . . 107

3.15 Oscillatory and abrupt flow instabilities. . . . . . . . . . . . . . . . . . . . . . . . . 108

3.16 Effect of abrupt disturbances, maybe caused by water hammer or geysering, or

temperature of the process fluid. Trend over time of Tag 27 (bottom temperature of

a column), Tag 28 (steam pressure in the reboiler of the column) and Tag 30 (steam

flow) of the dataset used in Thornhill et al. (2003) . . . . . . . . . . . . . . . . . . . 110

3.17 Considered paths for a variation of energy in a boiler. . . . . . . . . . . . . . . . . . 112

3.18 Considered paths for variations of the level. . . . . . . . . . . . . . . . . . . . . . . 116

4.1 An example of a persistent disturbance and representation of terminology (from

Borghesan et al. (2019a)) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

4.2 The time series considered for the section regarding the results of the prediction

methods. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

4.3 Phase space plots of sections of the considered time series . . . . . . . . . . . . . . 134

4.4 Effect of parameters 𝑘 and 𝑚 on prediction of Tags 33 and 34 with 𝑡1 = 400, 𝑡2 =

1425 and ℎ = 15. Effect of parameters 𝑘 and 𝑚 on prediction of Tag 30 with

𝑡1 = 6000, 𝑡2 = 7000 and ℎ = 15. . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

4.5 Optimal distances achievable over time for various strategies . . . . . . . . . . . . 144

4.6 Examples of predictions obtained with the weighted and unweighted 𝑘-nearest neigh-

bours methods using the parameters obtained from the training and with the AR model147

5.1 Representation of the prediction, disturbance and control horizons . . . . . . . . . . 152



13

5.2 Case study of the CSTH. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

5.3 Case study of the steam boiler. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169

5.4 Step test response of the nonlinear model of the steam boiler and of the linearised

model used by the corresponding MPC controller . . . . . . . . . . . . . . . . . . . 171

5.5 Case study of the VAc distillation column. . . . . . . . . . . . . . . . . . . . . . . 180

5.6 The temperature profile found for the VAc distillation column . . . . . . . . . . . . 182

5.7 The structure of the VAc distillation column . . . . . . . . . . . . . . . . . . . . . 182

5.8 The step responses of the model of VAc distillation column linearised at the op-

erating point defined in Table 5.11. The model has been scaled over the span of

its manipulated and controller variables, where the span is the difference between

maximum and minimum value of the variable considered. The step responses show

the variations in spans of the controlled variables for a variation of one span of

the manipulated variable. Therefore, the step responses provide only a qualitative

information given the high non-linearity of the distillation column. . . . . . . . . . 185

6.1 Case study of CSTH. Duplicated from Fig. 5.2. . . . . . . . . . . . . . . . . . . . . 196

6.2 Results of the responses of the level (CV), of the set-point of the valve position

(MV), and of the outflow for a sinusoidal disturbance of the inflow (dashed in blue

in the pictures). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197

6.2 (continued) Results of the responses of the level (CV), of the set-point of the valve

position (MV), and of the outflow for a sinusoidal disturbance of the inflow (dashed

in blue in the pictures). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198

6.3 Results of the response of the level (CV) and of the outflow using real disturbances

from a SE Asian refinery and from Eastman Chemical company plant. The inflow

of the tank is dashed in blue. The value of the metrics 𝐸𝑎𝑣 int is in yellow. . . . . . . 200

6.3 (continued)Results of the response of the level (CV) and of the outflow using real

disturbances from a SE Asian refinery and from Eastman Chemical company plant.

The inflow of the tank is dashed in blue. The value of the metrics 𝐸𝑎𝑣 int is in yellow. 201

6.4 Case study of the steam boiler. Duplicated from Fig. 5.3. . . . . . . . . . . . . . . . 203



14

6.5 Performance matrices with Tag 34 as disturbance acting on the steam outflow

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with perfect knowledge, 2 - Strategy with prediction OFF, 3 - Strategy with FTMPC . . . 207

6.6 Performance matrices with Tag 33 as disturbance acting on the steam outflow.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with perfect knowledge, 2 - Strategy with prediction OFF, 3 - Strategy with FTMPC . . . 212

6.7 Performance matrices with Tag 30 as disturbance acting on the steam outflow.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with perfect knowledge, 2 - Strategy with prediction OFF, 3 - Strategy with FTMPC . . . 213

6.8 Disturbances from the steam outflow. The trend of the disturbance is dashed in blue.

Tag 34 CS 60 - CH 3 - DH 3 and DH 15 for case of long disturbance horizon.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon in samples, DH - Disturbance horizon in

samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 215

6.9 Case study of the boiler. Duplicated from Fig. 5.3. . . . . . . . . . . . . . . . . . . 218

6.10 Performance metrics with Tag 34 as disturbance acting on the heat provided to the

steam boiler.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with perfect knowledge, 2 - Strategy with prediction OFF, 3 - Strategy with FTMPC . . . 219

6.11 Performance metrics with Tag 33 as disturbance acting on the heat provided to the

steam boiler.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with perfect knowledge, 2 - Strategy with prediction OFF, 3 - Strategy with FTMPC . . . 222

6.12 Performance metrics with Tag 30 as disturbance acting on the heat provided to the

steam boiler.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with perfect knowledge, 2 - Strategy with prediction OFF, 3 - Strategy with FTMPC . . . 224

6.13 Disturbances from the heat provided to the boiler. The trend of the disturbance is

dashed in blue.

Tag 34 CS 60 - CH 7 - DH 7/15. CS - Controller sampling in seconds, CH - Control

horizon in samples, DH - Disturbance horizon in samples. . . . . . . . . . . . . . . 225



15

6.14 Disturbances from the heat provided to the boiler. The trend of the disturbance is

dashed in blue.

Tag 30, CS 60 - CH 7 - DH 3. CS - Controller sampling in seconds, CH - Control

horizon in samples, DH - Disturbance horizon in samples. . . . . . . . . . . . . . . 227

6.15 Case study of the VAc distillation column. Copied from Fig. 5.5. . . . . . . . . . . 239

6.16 Performance metrics with Tag 34 as disturbance acting on the heat provided to the

column through the steam in reboiler.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with

prediction OFF, 4 - Strategy with FTMPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242

6.17 Performance metrics with Tag 33 as disturbance acting on the heat provided to the

column through the steam in reboiler.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with

prediction OFF, 4 - Strategy with FTMPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 244

6.18 Performance metrics with Tag 30 as disturbance acting on the heat provided to the

column through the steam in reboiler.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with

prediction OFF, 4 - Strategy with FTMPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 248

6.19 Trends over time of variables related to the VAc column with a disturbance acting

on the heat provided to the boiler - Tag 34 - CS 60 - CH 90 - DH 15 . . . . . . . . . 250

6.20 Trends over time of variables related to the VAc column with a disturbance acting

on the heat provided to the boiler - Tag 33 - CS 60 - CH 90 - DH 15 . . . . . . . . . 251

6.21 Trends over time of variables related to the VAc column with a disturbance acting

on the heat provided to the boiler - Tag 30 - CS 60 - CH 90 - DH 5 . . . . . . . . . . 252

6.22 Values of the metrics 𝐸𝑎𝑣 using three sampling rates for the measurement of the

disturbance in case of Tag 30. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 255



16

6.23 Performance metrics with Tag 30 as disturbance acting on the heat provided to the

column through the steam in reboiler. Controller sampling equal to 60s.

LEGEND: CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with 𝑘-NN with

sampling of the disturbance measurement equal to 60s, 2 - Strategy with Prediction ON with 𝑘-NN with sampling

of the disturbance measurement equal to 5s, 3 - Strategy with Prediction ON with perfect knowledge, 4 - Strategy

with prediction OFF, 5 - Strategy with FTMPC . . . . . . . . . . . . . . . . . . . . . . . . . . 257

6.24 Performance metrics with Tag 30 as disturbance acting on the heat provided to the

column through the steam in reboiler. Controller sampling equal to 20s.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy

with Prediction ON with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with

prediction OFF, 4 - Strategy with FTMPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . 258



17

LIST OF TABLES

Number Page

2.1 Cost functions and constraints for various MPC formulations . . . . . . . . . . . . . 47

2.1 Commonly used statistical models for time series forecasting . . . . . . . . . . . . . 64

2.2 Machine learning methods for time series forecasting . . . . . . . . . . . . . . . . . 69

3.1 Manufacturer standard settings for the Siemens steam turbine SST-400 connected to

the generator in Lerch (2016). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

3.2 Average duration and depth of voltage dips in two surveys . . . . . . . . . . . . . . 97

4.1 Predictability index for the three main time series considered with ℎ = 15 and 𝑚 = 30 133

4.2 Range of the parameters for the search grid optimization algorithms . . . . . . . . . 140

4.3 Values of 𝐸𝑎𝑣 int obtained with the considered strategies, values of the metric 𝛾 to

measure the accuracy of the training and values of the metric Ξ to evaluate the

performance of weighted method in comparison to the unweighted one . . . . . . . 141

5.1 Variables and parameters in the optimization problem of the MPC. . . . . . . . . . . 155

5.2 How the disturbance horizon is set in academic literature. . . . . . . . . . . . . . . 156

5.3 The relationships between the three case studies . . . . . . . . . . . . . . . . . . . . 165

5.4 Tuning parameters of the MPC for the CSTH case study . . . . . . . . . . . . . . . 168

5.5 Constraints of the MPC for the CSTH case study . . . . . . . . . . . . . . . . . . . 168

5.6 Tuning parameters of the MPC for the steam boiler . . . . . . . . . . . . . . . . . . 177

5.7 Constraints of the MPC for the steam boiler . . . . . . . . . . . . . . . . . . . . . . 178

5.8 The steady state values of the flows, reboiler heat and condenser duty of the original

model and the one developed . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

5.9 Controlled and manipulated variable of the case study of the VAC distillation column.183

5.10 Tuning parameters of the MPC for the VAc distillation column . . . . . . . . . . . . 187

5.11 Nominal values of the MPC for the VAc distillation column . . . . . . . . . . . . . 188

5.12 Constraints of the MPC for the VAc distillation column . . . . . . . . . . . . . . . . 189

6.1 The three MPC strategies compared for dealing with the disturbance values. . . . . . 192

6.2 Metrics for the evaluation of a controller . . . . . . . . . . . . . . . . . . . . . . . 193



18

6.3 List of questions solved in this chapter and where they are treated. . . . . . . . . . . 194

6.4 Values of the metrics for the evaluation of the MPC performance . . . . . . . . . . . 199

6.5 Questions for the case study of the CSTH and answers. . . . . . . . . . . . . . . . . 202

6.6 Parameters of the tested disturbances for the case study of the steam boiler . . . . . 204

6.7 Indication of ideal values of metrics for the case study of boiler where disturbances

come from the steam outflow. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 205

6.8 Description of the metrics in Fig. 6.5, when the disturbance comes from the steam

outflow requested by the loads using the Tag 34 . . . . . . . . . . . . . . . . . . . . 208

6.9 Comparison of the values of the metric ΓPressure and ΓLevel for the best tunings of the

strategies Prediction ON and FTMPC when the disturbance comes from the loads. . 209

6.10 Comparison of the values of the metric ΓPressure and ΓLevel for the best tunings of the

strategies Prediction ON and FTMPC when the disturbance comes from the loads. . 210

6.11 Comparison of the values of the metric ΓPressure and ΓLevel for the best tunings of the

strategies Prediction ON and FTMPC when the disturbance comes from the loads. . 211

6.12 Values ΓPressure and 𝜎Power Delivered for the tuning parameters CS 60 - CH 3 - DH 3. . 216

6.13 Indication of ideal values of metrics for the case study of boiler where disturbances

come from the heat provided. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 218

6.14 Description of the metrics in Fig. 6.10, when the disturbance comes from the heat

provided to the boiler using Tag 34 . . . . . . . . . . . . . . . . . . . . . . . . . . 220

6.15 Comparison of the values of the metric 𝜎Power Delivered for the best tunings of the

strategies Prediction ON and FTMPC when the disturbance comes from the heat

provided. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 229

6.16 Values of the the metrics for the steam boiler when the disturbance acts on the heat

provided - Tag 34.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon in samples, DH - Disturbance horizon in

samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 231

6.17 Values of the the metrics for the steam boiler when the disturbance acts on the heat

provided - Tag 33.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon in samples, DH - Disturbance horizon in

samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 233



19

6.18 Values of the the metrics for the steam boiler when the disturbance acts on the heat

provided - Tag 30.

LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon . . . . . . 235

6.19 Questions for the two case studies of the steam boiler and answers. . . . . . . . . . . 238

6.20 Parameters of the tested disturbances for the case study of the VAc Column . . . . . 240

6.21 Indication of ideal values of metrics for the case study of the VAc column. . . . . . . 240

6.22 Questions and answers solved by the case study of the VAc distillation column. . . . 259

6.23 List of questions for this chapter and answers. . . . . . . . . . . . . . . . . . . . . . 262



20

C h a p t e r 1

INTRODUCTION

This chapter states the research aim of this thesis and its technical objectives, while providing first an

introduction to the problems that are to be faced. The chapter starts with an overview that describes

the background and the motivation, using case studies taken from the literature. Specifically, the

overview introduces the concepts of disturbance (an undesired deviation of a process variable for its

set-point), disturbance propagation, site utility, and how the problems of a disturbance propagating

are solved. At the end of brief overview, the research aim of the thesis is presented.

After the brief overview, the chapter analyses the problem in detail. Section 1.2 describes the

concepts of site utilities and of disturbances. Section 1.3 focuses specifically on disturbance

propagation while Section 1.4 highlights the impact of such propagating disturbances. Once

the characteristics of disturbances and the problems they cause have been described, Section 1.5

proposes a controller framework that might mitigate these issues, which is based on a time series

forecasting of disturbances integrated in an MPC controller. Section 1.6 reaffirms the research aim

and defines the technical objectives of the the thesis, indicating the chapters that focus on each

technical objective. This chapter finishes with the summary in Section 1.7.

1.1 BACKGROUND AND MOTIVATION

1.1.1 Disturbances in process control
In process plants, a disturbance is an undesired, transitory deviation of a variable from its desired

set point or desired value. Generally, the trends over time of disturbances can be different because

of their different causes. However, the focus of this thesis is specifically on fast and complex

disturbances.
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Figure 1.1: Examples of persistent and abrupt disturbances. Tag 25 is the controlled temperature. Tag 29 is
column feed. Tag 30 is the trend of the steam flow (picture from Thornhill et al. (2003)).

Fig. 1.1 shows real industrial examples of what it is meant in this thesis as fast and complex

disturbances. Such disturbances show repeating patterns evolving over minutes or hours rather than

weeks or months. Furthermore, they are characterised by complex and contorted oscillations or

abrupt spikes, rather than simple deviations such as steps.

The characteristics of such patterns depends on the causes of the disturbance, which can be, for

example, a malfunctioning component, a poorly tuned controller, or a disturbance external to the

control loop. More important however, and fundamental characteristic to be noticed for the rest of

the work, is that each measurement shows patterns that repeat themselves with a certain similarity.

1.1.2 Economic impact of disturbances
A disturbance can have economic impacts. Such impacts are for example mentioned in a real case

study described in Thornhill et al. (2003), from which the trends over time of Fig. 1.1 were taken.

Each trend is associated to a tag number, where a tag is a point of measurement in the plant. The

Eastman Chemical Company provided this case study, and Figure 1.2 shows the plant flowsheet. In

this plant, a malfunctioning valve caused a persistent oscillation of the outflow of a decanter (Tag
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Figure 1.2: Flow sheet of Eastman Chemical Company case study (from Thornhill et al. (2003)).

29), the decanter outflow was the feed of Column 3, the oscillation of such feed caused variations

of the controlled temperature of the column (Tag 25).

Since the change of temperature is a symptom of a change in the product composition, the change of

the product composition was the first economic impact of the column. Furthermore, the production

rate was affected, because the column load was changing periodically. This was the second

economic impact.

1.1.3 The role of control systems in disturbance

propagation
In the above example, the disturbance propagated further because of the intervention of control

systems. This is common, as Section 1.3 will explain further. In this case, the temperature of

column 3 was controlled with the recycle (Tag 24). To compensate temperature variations, the

recycle deviated from its steady value causing a variation of the level of Column 1 (Tag 5). The

disturbance propagated further and affected other manipulated and controlled variables through

similar mechanisms. Indeed, Figure 1.1 shows that the variations of the variables around their set

points follow a similar pattern.
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Because of the control system, such disturbance phenomenon was, therefore, a plant-wide disturb-

ance. In these situations, operators often prefer switching controllers off and controlling a plant

section manually to avoid a propagation of the disturbance. However, operating a plant manually is

more strenuous and might limit the potential of reaching the optimal operating conditions, taking

the plant conditions into account. Furthermore, solving the cause of a disturbance is time consum-

ing, and it can take even months according to the experience of present author. This means that

some sections of a plant can be operated manually for some time.

Increasing automation in presence of such disturbances is the research aim of this thesis. To increase

the automation of process plant and optimise them constantly, the control system should be able

to find the optimal control strategy that, given the constraints and condition of the plant, avoids

the propagation of a disturbance but limits as well its undesired effects on the most critical process

variables. A trade-off has to be found between these two objectives, as Section 1.3.2 will explain.

Expert operators can properly evaluate this trade-off considering also the disturbance occurring and

its recurring pattern. On the contrary, current control systems might misjudge the situation.

Managing this trade-off using automation systems and providing controller system the capability

to judge the impact of disturbances on processes are two technical objectives of this PhD project.

Achieving these objectives will enable the overall research aim to be met.

1.1.4 Propagation of disturbances within a production

site
The site utilities are sections of the production site which provide or distribute energy and, more

rarely, materials necessary for the correct functioning of the production plants. Site utilities are

often connected to more plants with energy and mass flows. Since a disturbance propagates through

the exchange of energy and mass, a disturbance can propagate to more plants of a production site

through the site utilities.

When a disturbance propagates to more plants, its economic impact increases. Product quality and

production rate can be affected at more points of a production site. Furthermore, the diagnosis is

more complicated for three reasons. Firstly, more variables and more propagation paths must be

analysed. Secondly, it is more likely that more disturbances enter in a process unit and affect a
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variable at the same time. Finally, different groups within a company can be responsible for different

plant sections, be they production plants or site utilities. The analysis of a disturbance propagation

can be difficult because of lack of exchange of information between technical departments.

Assessing the presence of disturbances and stopping their propagation is therefore beneficial. To

stop the disturbance propagation, it would be important to understand which are the most relevant

cases to analyse and how the system can be controlled to avoid a disturbance propagation.

This thesis will analyse the interaction between production plants, steam utility and electric utility,

where the steam and electric utility produce and distribute respectively steam and electricity at the

production site. The reason is that a detailed review of the mechanisms for disturbance propagation

between plants, steam utilities, and electrical utilities is missing in the literature.

1.1.5 The aim of the PhD
The research aim of this PhD thesis is ‘Increasing the level of automation in various areas of a

process site by optimizing, given the constraints applied to the process, the response to fast complex

disturbances, examining the trade off between rejection of the disturbance on controlled variables

and avoidance of disturbance propagation’.

As Section 1.1.2 mentioned, expert operators can evaluate this trade-off and implement a control

strategy manually. To have a similar capability, a control system should be able recognize the

disturbance occurring, specifically its trend over time, and implement the best possible solution

taking the constraints of the process into account. This is facilitated by the fact that disturbances are

often characterized by a recurring pattern that shows strong similarities between one occurrence

and another. The rest of the chapter will argue that the solution that is proposed is integrating a

multi-step time series forecasting of the disturbance affecting the controlled area of the production

site in a Model Predictive Control (MPC) framework.

The work reported in this thesis proposes a control method that is implementable in different areas

of the production site. However, as mentioned in Section 1.1.4, there is little work in literature

reviewing the types of disturbances propagating between site utilities and process production

plants. This is another task that the thesis will face in order to select the case studies of interest and

understanding how the system can be controlled.
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Since the focus of the thesis is on process units present in the whole production site, the methods

developed will be applied on time series of real disturbances and with realistic case studies. The

case studies considered in the thesis are a laboratory Continuous Stirred Tank Heater (CSTH), an

industrial 160 MW steam boiler and a non-linear distillation column.

1.2 DISTURBANCES IN SITE UTILITIES

1.2.1 Site utilities
Site utilities provide services for the basic functioning of the connected chemical plants. Utilities

and plants exchange energy flows and, sometimes, mass flows (Cecilio, 2014). For example, site

utilities produce steam, or they warm the hot oil that is used for the heating in reactions and

distillations, they produce electricity for the functioning of the site, they chill water or cool down

brine needed by plants for cooling processes. Hydrogen distribution networks are an example

of utility exchanging mass flows with the plants. They distribute hydrogen to different units in

refineries, and they are considered utilities in the oil processing industries (Alves and Towler,

2002).

Generally, for example in case of steam generation utility, utilities are connected to more than one

section of a chemical plant. Furthermore, they can often be connected not only to more sections of

a plant but also to more plants. Understanding the disturbances occurring and propagating between

site utilities and production plants is of primary importance for this PhD project, because in this way

the requirements and potentialities to stop such disturbances from propagating within a production

site with automation systems can be analysed.

In this thesis, as it will be discussed shortly, the focus will be on steam utility (generation and

distribution of steam to units in a production site), and electric utility (generation and distribution

of electricity).
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1.2.2 Disturbances

1.2.2.1 Definition of disturbance
In process control engineering, a disturbance is an unwanted deviation of a process variable from

its desired set point or desired value (Thornhill, 2005a). In electrical engineering, the definition

of electric power quality disturbance is the closest to definition of disturbance in process control.

An electric power quality disturbance is defined by Santoso et al. (1994) as any deviation from a

reference sinusoidal voltage waveform with a specified rated amplitude and frequency.

From now on, the term disturbance will define any unwanted deviation of a variable from its

desired reference signal. This includes the definition of disturbance in the process control domain,

where the values of process variables are constant over time most of time, and in electric domain,

where the values of voltage and currents are not constant over time. However, in control theory, the

term disturbance has a further meaning, referring to the external input of a system, different from

the manipulated variables, that causes the deviation (Cecilio, 2014; IEC, 2017). Here, the term

external disturbance is used for this concept.

1.2.2.2 Possible causes and impacts of disturbance
The deviation of one controlled variable from its set point has three possible reasons:

• A controller is not correctly tuned, or the control action is saturated.

• A component in the control loop is malfunctioning. Examples are a sticking valve, a faulty

sensor or a trip of an electric motor.

• An external disturbance is entering the system with a frequency and amplitude that the

controller cannot reject.

A disturbance can pose issues regarding the observance of strict product specifications, making the

final product unsellable (Downs and Caveness, 2012). However, a plant operating close to its limits

is often more profitable than a plant that has to stay away from its limits because of the possible

impacts of the occurring disturbances (Thornhill et al., 2003).
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Figure 1.3: Examples of persistent disturbance.

Furthermore, a disturbance often propagates to other plant sections, as Section 1.3 will describe.

When it affects more variables of a plant, it is called a plant-wide disturbance. When it also affects

the site utility, it is called site-wide disturbance (Horch et al., 2007).

In electrical engineering, a disturbance can often cause a malfunctioning of a device, but it can also

immediately and permanently damage the device. For this reason, protection systems might trip

the electrical devices before the disturbance damages the component. Trips of electromechanical

devices have definitely an impact on the process. Nonetheless, the control system can do little

against such trips and therefore the primary interest is analysing the interactions between processes,

rotating machines, and electric grids - that is on electromechanical phenomena - that do not cause

a trip of the device.

1.2.2.3 Classification of process disturbances
The classification of disturbances in the process industry is made based on the time scale of the

disturbance. Thornhill and Horch (2007) classify the disturbances in three categories:

1. Slowly developing disturbances.

2. Persistent, dynamic disturbances.

3. Abrupt disturbances.
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Slowly developing process disturbances The variable deviates slowly, over months,

from its desired value. For example, the fouling of a heat exchanger and the degradation of a catalyst

belong to this category. Such problems are mostly known, and the operators keep on operating the

plant until its operation is too compromised. At this point, maintenance action is needed. This

category is not of interest for this PhD because control systems can do very little against these

disturbances. Secondly, plant operators can take actions to compensate their effects without time

pressure.

Persistent, dynamic process disturbances A continuously repeating pattern character-

ises the persistent disturbances. A non-linear element, for example a sticking valve in a feedback

control loop, can often cause the pattern. In this case, the measurements of such variables are

non-linear time series, following the definition of Bauer (2005) who states that a time series is

non-linear if the process that generates the time series is non-linear.

However, there are no specifications for the pattern shape and its duration, which can span from

some seconds to minutes or hours. Figure 1.3 shows three measurements of variables in a refinery

section affected by a disturbance. The disturbance pattern of Tag 2 is an oscillation, similar to a

sinusoid. The disturbance pattern of Tag 34 is a regular oscillation although it is not a sinusoid.

The pattern of tag 19 is an oscillation, but it is also very irregular.

In many cases, however, the pattern of a disturbance is regular. If a regular pattern characterises a

time series, it is possible to predict its future evolution based on the past observation of its pattern.

Therefore it is self-predictable. If the future trend of disturbance and its effects on the controlled

variables are known, then a control action might optimally compensate the disturbance. Creating

an optimal control framework that predicts a disturbance evolution and reacts optimally to that

disturbance is one of the contributions of this PhD.

Abrupt disturbances Abrupt disturbances belong to those disturbances caused by fast

discontinuous events. In some situations, such events are unexpected. In other situations, such

events are planned.

For example, a slugging flow or a compressor trip is an unexpected abrupt disturbance. The com-

pressor trip can be caused by a mechanical breakage of the compressor but also by an interruption of
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the electricity for the electric motor connected to the compressor. The interruption can be caused,

for example, by a short circuit in one point of the industrial electric grid.

Unloading of wastes is an example instead of planned disturbances. In some plants, a certain amount

of waste must be gathered before being sent together to burn in the furnace for steam generation.

The addition of waste can cause the composition of the fuel to change suddenly, causing an abrupt

disturbance in the steam generation unit.

The pattern of the time series of an abrupt disturbance tend to be different at each occurrence,

especially when the disturbance is unplanned. Therefore, it might be more difficult to predict the

future trend of an abrupt disturbance based on past instances. Nonetheless, this thesis shows that it

is still possible. The reason is that even unwanted phenomena can have patterns that repeat similarly

over time.

1.2.2.4 Classification of electrical disturbances
Unlike process disturbances, the electrical disturbances are classified not only according to the

time scale of the disturbance event but also according to amplitude, frequency and waveform of

the sinusoidal signal affected by a disturbance. Standards EN 50160 and IEEE 1159 define the

electrical disturbances according to such elements.

However, Cecilio (2014) tried to unify the classification of the process and electrical disturbances,

and she noticed that an electric disturbance is considered of long duration when it lasts between

one to three minutes. Therefore, she argued that electrical disturbances would always belong to the

abrupt disturbances with the time scale used for the disturbance classification in process control

engineering.

1.3 PROPAGATION OF DISTURBANCES

1.3.1 Possible disturbance propagation paths in a

production site
If a variable is affected by a disturbance, other variables will be probably affected by a disturbance

with a similar pattern as well. The propagation of a disturbance happens through the exchange



30

Figure 1.4: Possible paths of disturbance propagation.

of material and energy flows, and control signals. The examples in sections 1.3.3, 1.3.4 and

1.3.5 describe how the propagation might happen. The examples will argue that disturbances can

propagate:

• Through a plant

• From the plant to a utility

• From a utility to a plant

Therefore, the scheme in Figure 1.4 can be drawn. The scheme shows that production plants, steam

utility and electric utility can be considered the vertices of a triangle. The triangle represents the

possible propagation paths of a disturbance in a production site. Since disturbances can propagate

from each vertex to the other two, there are two directions for each side of the triangle.

This PhD reviews the most common scenarios of propagation of disturbance between these three

actors in Figure 1.4. The research community has not investigated in detail the comprehensive paths

used by disturbances to propagate between plants through utilities. Cecilio et al. (2011) deduced a

relationship between plant and utility in two case studies. The utilities considered were a cooling

water utility and an electric utility. However, the authors did not demonstrate the disturbance

propagation mechanisms. Furthermore, Cecilio (2014) highlighted that academia and industry

consider electromechanical systems and process systems as separate, even though she argued that

they should be considered together for analysing process disturbance. Therefore, there is a need

to investigate which disturbances can propagate between utilities and plants, where they originate,

which patterns they exhibit, and how their impact and propagation can be limited.
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Figure 1.5: Example of propagation of a disturbance. A change of the feed can have effects on other variables
such as the bottom level and thebottom outflow.

1.3.2 The role of controllers in disturbance

propagation
As the following examples will highlight, the controllers have a role in the propagation of a

disturbance. To reduce the variability of the controlled variable, a controller can propagate a

disturbance further by diverting the disturbance to the manipulated variable. For example, to keep

a level in a tank constant despite the fluctuations of the feed, the controller of the level manipulates

the outflow of the tank, which is the feed of a downstream unit.

Sometimes the controllers should understand how much they should intervene. They should find

an optimal trade-off between using the manipulated variable to keep the controlled variable within

a specific range, and not using the manipulated variable to avoid the disturbance propagation.

Developing an optimal control that satisfies this trade-off is one of the technical objectives of the

present PhD.
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1.3.3 Example: disturbance propagation through a

plant
Figure 1.5 show a distillation column. Supposing that the feed is the disturbance because it is

controlled by a sticking valve, this section focuses on the reaction of the controller of the level of

the column.

• The column feed oscillates.

• The bottom level of the column starts varying because the feed variation has changed the

mass balance in the column, while the outlet flow is initially constant.

• The level sensor measures a deviation of the level from its set-point. The information is

provided to the level controller.

• The controller intervenes, changing the set-point of the outlet flow.

• The controller of the outlet flow reacts to a change of the set-point, acting on the valve (the

actuator).

• The outlet flow changes. The outlet flow is the inlet flow of a second column, which notices

a varying inlet flow as input.

Mass flows and control signals (sensor measurement, set-point reference and control action) propag-

ate the disturbance to the following column of the plant in this case. A human operator would

probably set the level controller in manual mode and keep the position of outflow valve constant.

The level oscillates but the outflow, to the eye of the operator, should be constant and therefore the

process unit downstream should not be affected.

This manual approach has however some drawbacks. First, the operator is very likely to change

the valve position from time to time. Secondly, the variations of the level become variations of

the inlet pressure of the valve and therefore the flow would still oscillate. A good operator would

set instead the set-point of outflow constant. Still, in practice having a uniform way of operating

plants among operators is not always achieved as not all operators drive the plant in the same way.
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Automating the response of the controllers to such disturbances might help finding an optimal and

standard response.

1.3.4 Example: disturbance propagation between a plant

and a steam utility
Considering the column in Figure 1.5 again, not only the mass flows but also the energy flows have

a role in disturbance propagation. Indeed, supposing that the feed of the column oscillates because

of valve stiction and that the column temperature is controlled using the steam:

• The column feed oscillates.

• The controlled temperature starts varying because the variation of feed has changed the

energy balance inside the column, while the steam flow is initially kept constant.

• The temperature sensor measures a deviation of the temperature from its set-point. The

information is provided to the temperature controller.

• The controller intervenes, changing the set-point of the steam flow.

• The controller of the steam flow reacts to a change of the set-point, acting on the valve (the

actuator).

• The steam inflow of the reboiler changes.

• This steam flow variation is a change of the outflow for the steam header. The pressure in the

steam header starts varying.

In the example the column in Figure 1.5, the disturbance started from a valve stiction and propagated

not only to the following column but also to the steam utility.
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1.3.5 Example: disturbance propagation between plant

and electric utility
Cecilio et al. (2011) provided an example with a disturbance of a plant affecting the electric utility.

The authors considered the recompression area represented in Figure 1.6 and the trends of the

variable measurements during a disturbance of the process shown in Figure 1.7. The measurements

include:

• Process variables such as the pressures before compression (PC1X,PC2X) and after compres-

sion (P1,P2), and temperatures (T1,T2,T3,T4)

• Manipulated variables such as the control outputs of pressure control (PC1Y,PC2Y) and the

set-point for motor speed control (SC1Y)

• Electromechanical variables such as electric motor speed (S1), current (I1), power (J1), and

compressor vibrations (V1,V2,V3,V4)

The authors noticed that process, control, and electromechanical measurement in Figure 1.7 are

affected by similar oscillations between the day 1.5 and the day 3. Furthermore, they noticed that

the oscillations of the process variable PC2X are opposite in phase to the oscillations of the control

output PC2Y and other electromechanical variables such as S1, I1 and J1. Therefore, the authors

deduced that first the controller reacts to a process disturbance and after the disturbance propagates

to the electric utility.

1.4 OPERATING A PROCESS IN CASE OF PLANT-WIDE

DISTURBANCES
Disturbances can affect the product quality, the production rate and can accelerate the wear of

machinery. Therefore, plant personnel want to minimise the effects of disturbances.

Indeed, despite the presence of a disturbance, the operator must ensure the quality of the product and

avoid hazards. Safety systems shut down the plant in risky situations. However, the shut-down is a

cost that the operator should avoid. In such situations, the operators deactivate some control loops
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Figure 1.6: Schematics of the process and mechanical components considered by Cecilio et al. (2011)
(picture from Cecilio et al. (2011))

Figure 1.7: Time trends of process, control, electrical and mechanical measurements (from Cecilio et al.
(2011)).

and operate a section of the plant manually. The reason is that the control systems contribute to

the propagation of the disturbances, as explained before in Section 1.3.2. Moreover, the controllers

might react too slowly, or too aggressively. In the latter case, the controlled variables can manifest

continuous oscillations or limit cycles. Therefore, the operator must decide which controls to
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deactivate, control their respective variables manually and act so that the plant can slowly settle

and work again in a stable region. At this point, the control systems can be activated again. The

difficulty for the operator is to watch and supervise many variables, to understand how the plant

reacts and how aggressive his manual control should be to avoid further problems. The recovery

from a disturbance can last hours, can involve more shifts and more operators that together watch

and manually control the plant.

However, sometimes the procedure of the operator is not even resolutive. The source of the

disturbance can be also, for example. a broken component. In this case, the operator must

understand how to block the propagation of the disturbance so that it does not reach other sections

of the plant. Until a repair is possible, the operator has to work with a plant, which is partly

malfunctioning. Diagnosing a disturbance and solving its cause can be a long process, taking even

months

Such events are not infrequent. Therefore, it would be useful to have a control system that works

during normal operations as well in presence of disturbances, that can automate the reaction to

such disturbances, stopping their propagation and keeping the process variables within their given

constraints or close to their set-points.

Increasing the level of automation in case of disturbance is the aim of this PhD.

1.5 MODEL PREDICTIVE CONTROL
This section focuses on a type of control system available in the process industry, which is the

Model Predictive Control (MPC). It proposes an extension to the MPC framework that might stop

the disturbance propagation, keep the most critical controlled variables within their constraints, and

help the operators in handling plant-wide or site-wide disturbances.

1.5.1 Use of MPC in process industry
In comparison to the PID (Proportional Integral Differential) control, the MPC is less used in

process industry. However, MPC is widely implemented in the refining and petrochemical industry,

and indeed every refinery has an MPC application according to the ARC Advisory Group (2006).

Other than in the petrochemical industry and refining, the MPC has not been widely used until fairly
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recently. However the trend is changing, and chemical companies such as BASF (Kapp, 2015) or

Evonik (Process Engineering, 2009) have installed MPC controllers in their plants. Companies

install MPC controllers in certain plant sections because MPC controllers can push the constraints

of a plant and optimise it. This increases the profitability.

1.5.2 Features of MPC for disturbance handling
The MPC is an optimal, multivariable, model-based control technique. Using a model of the

system, the controller can predict the behaviour of the controlled system under the influence of the

manipulated variables. Furthermore, the controller can calculate the control action that minimises

or maximizes a defined objective function subject to maintaining controlled and manipulated

variables within their constraints. These characteristics make the MPC an interesting tool for

handling disturbances. Indeed, keeping the controlled variables within their constraints during

a disturbance is important. Furthermore, an objective function might be formulated so that the

control action achieves a trade-off between rejecting a disturbance from the most critical controlled

variables and avoiding the disturbance propagation. Reaching this trade-off is one of the aims of

this PhD that Section 1.1.5 has mentioned. This PhD investigates and shows how an MPC can

reach the scope.

1.5.3 Current limitations of industrial MPCs for

disturbance handling
Based on his industrial professional experience, the present author thinks that one of the main

limitations of the MPC in industrial practice is the way the disturbances are handled. Indeed,

plant-wide disturbances are characterized generally by a repeating pattern. This might allow a

prediction of their future values of the disturbance based on the evolution of their past patterns.

Instead, in industrial MPC the future values of measurable disturbances are assumed to be the same

as the current value (Binder et al., 2019; Camacho and Bordons, 2008; Havlena, 2011). Therefore,

an MPC does not calculate a control action which is optimal for the current disturbance pattern.

Figure 1.8 shows the problem by plotting the time trend of a hypothetic feed of a distillation column

affected by a persistent disturbance. Camacho and Bordons (2008), Havlena (2011) and Binder



38

Figure 1.8: Example of a feed disturbance

et al. (2019) explain that the standard way of treating disturbances in an industrial MPC is supposing

at instant 𝑡0 that the feed has changed in the last instants of time nearly as a step. However, it is

possible to guess that the feed will keep on evolving as a sequence of spikes also in the future. The

effects of the feed on the controlled variables in the latter case is different from the case where the

feed is considered constant over the future. Therefore, the control action would be appropriate for

the specific disturbance.

The next Chapter 2 will describe the state of the art for dealing with plant-wide disturbances.

However, Chapter 2 will show that while in other applications, for example control of wind turbines,

it is common to provide to an MPC controller the predicted future values of the disturbance to

improve the controller response, this is not common in research applications to predict persistent

and abrupt but predictable plant-wide disturbances.

Nonetheless, there is some evidence of the effects of disturbances on MPC controllers. Darby

and Nikolaou (2012) state that the performance degradation of an MPC in a process plant is often

linked to the presence of an oscillating disturbance entering in the plant section controlled by the

MPC. A patent of Honeywell (Havlena, 2011) affirms that for disturbances with a ‘high frequency’

(a precise value is not provided) the standard approach of handling disturbances results in an

oscillatory behaviour of the predicted trajectories of the controlled variables and in significant

variations over time of the values of the manipulated variables.

A technical objective of the present thesis is to show that doing a multi-step prediction of the time
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series of a real industrial disturbance, of persistent as well of abrupt type, is first of all possible.

Furthermore, a requirement is that the method used to forecast such disturbances should be fast in

recognizing and starting predicting the right disturbance pattern.

A further technical objective is to show than an MPC that uses a detailed multi-step prediction of

the disturbance for a certain horizon does improve its performance compared to a similar MPC that

does not use such prediction.

Finally, statistical metrics are required to compare quantitatively more controllers so that such

controllers can be compared in terms of disturbance propagation, violation of constraints and

set-point tracking of controlled variables.

1.6 RESEARCH STATEMENT AND TECHNICAL OBJECT-

IVES OF THE THESIS
The research aim for the thesis presented in Section 1.1.5 was ‘Increasing the level of automation in

different areas of a process site by optimizing the response to fast complex disturbances, examining

the trade off between rejection and avoidance of disturbance propagation’.

Following the discussions in this chapter, it is suggested that the aim can be achieved if the following

technical objectives are achieved:

1. Review the most important persistent and abrupt disturbances, and their causes, propagating

in a chemical and oil process site with a focus on propagation in steam and electrical utilities

2. Show whether a multistep prediction of persistent or abrupt disturbances is possible using an

amount of industrial data smaller than a few hours, and provide a term for the forecastability

of the time series

3. Propose an MPC with a data-driven multi-step forecasting and test whether the disturbance

forecasts obtained in point 2 are good enough in conjunction with MPC for realistic case

studies with industrial disturbances.

4. Analyse with new metrics the controller action of MPC controllers used in industrial set-

tings in terms of disturbance handling and set-point tracking for persistent and spiky abrupt

disturbances (fast complex disturbances)
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The first technical objective supports the research aim because it defines the cases and the areas

within a production site where the proposed MPC framework might help. Such an MPC framework

should help in stopping the propagation of the disturbance while keeping the process variables close

as much as possible to their set-points or, depending on their function, within given constraints.

Chapter 3 focuses on this aspect, arguing that the most relevant disturbance propagation mechanisms

occur within a production plant or between a production plant and steam utility, whereas the

interactions between electric utility and production plants cannot be attenuated by a controller

system.

The second technical objective aims to prove whether it is feasible to provide a multi-step forecast

of the disturbance time series to a controller. This is the focus of Chapter 4, which proposes a

metrics to measure the predictability of a disturbance and proposes a modified 𝑘-NN algorithm to

predict both persistent and abrupt industrial disturbances.

Once such forecast has been proved to be feasible, the third technical objective is to show that an

MPC controller benefits from having a detailed multi-step forecast in process applications, where

the disturbance propagation should be stopped while controlling the values of the process variables.

The chapters 5 shows how the disturbance forecast is implemented in the MPC controller and how

a trade off between avoiding disturbance propagation and rejection of the effects of the disturbance

on the controlled process variable is achievable. Chapter 6 tests the proposed solution on three

simulated case studies (two of them industrial) and shows the impact of the length of the multi-step

prediction and of MPC controller tuning on the performance achievable. The chapter shows that

for most of the tunings, combining a disturbance forecast with an MPC controller is highly effective

in stopping a disturbance from propagating further and in keeping the process variable within its

given constraint or close to its set-point. However, Chapter 6 shows also the counter-intuitive result

that long horizons of the multi-step prediction can cause instabilities of the controller and defines

how the prediction horizon must be set in relation to the controller tuning parameters.

Still, to judge quantitatively whether and how much the proposed solution improves the level

of automation of controllers in handling persistent and abrupt disturbances compared to other

solutions, a set of metrics is required and this the reason behind the fourth technical aim. Chapter 5

proposes a set of metrics and Chapter 6 implements them. Indeed, Chapter 6 compares the solution
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proposed of combining the forecasting of plant-wide disturbances with an MPC controller with

other two strategies commonly used in practice to handle disturbances with MPC controllers.

The author of the thesis wanted the research project to be applied oriented. Therefore, the proposed

controller has been tested on simulators of real or realistic process units: a laboratory water

tank (Thornhill et al., 2008) but also a 160 MW steam boiler for power generation (Åström and

Bell, 1998) and an azeotropic highly non linear distillation column (Luyben and Tyréus, 1998).

Furthermore, industrial datasets of disturbances from oil and chemical plants have been used.

1.6.1 Publications
The work of the thesis has been published in the following articles:

• F. Borghesan, M. Chioua, and N. F. Thornhill. Forecasting of process disturbances using

k-nearest neighbours, with an application in process control. Computers and Chemical

Engineering, 128:188 – 200, 2019a. ISSN 00981354

• F. Borghesan, M. Chioua, and N. F. Thornhill. Forecast of persistent disturbances using k

-nearest neighbour methods. In Computer Aided Chemical Engineering, Volume 44, pages

631–636, 2018a

• F. Borghesan, M. Chioua, and N. F. Thornhill. An MPC with disturbance forecasting for

the control of the level of a tank with limited buffer capacity. In 2018 26th Mediterranean

Conference on Control and Automation (MED), pages 1–9, 2018b

1.7 SUMMARY
This chapter has explained the industrial problem that this project aims to solve, which is increasing

the level of automation of process plants in dealing with plant-wide and site-wide disturbances.

Furthermore, the chapter has defined the technical objectives to reach this research aim.

The chapter has started with an overview that has described briefly the background and motivation.

After the brief overview, the chapter has analysed the problem in detail. Section 1.2 has described

the concepts of site utilities and of disturbances, stating the interest of this thesis for the persistent
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and abrupt disturbances propagating between production plants, steam utility and electrical utility.

Section 1.3 has explained scenarios where a disturbance can propagate further, underlining the

role of controllers in the rejection of the disturbances from the controlled variables but also in

the propagation of a disturbance. Section 1.4 described how operators intervene manually when

disturbances propagate in a production site, and why it would be beneficial to create a control

system able to react automatically to disturbances. Section 1.5 has proposed a framework that

might mitigate the problems caused by a propagating disturbance. The framework consists of

a Model Predictive Control (MPC) that works in conjunction with an algorithm to forecast the

time series of persistent and abrupt plant-wide disturbances. The chapter argued that this would

attenuate the propagation of disturbances and keep the key controlled variables close to their set-

points. Finally, Section 1.6 stated the research aim and technical objectives, indicating the chapters

of the thesis where such technical objectives are treated.



43

C h a p t e r 2

LITERATURE REVIEW

This chapter provide a review of the literature relevant to the Model Predictive Control (MPC) and

time series forecasting. These topics are relevant for the framework proposed in this thesis of an

MPC with disturbance forecasting with applications in process control.

The focus of the review for the MPC is about the approaches for handling external disturbances.

Regarding time series forecasting, the main focus of the review is about the potential ability in

predicting persistent and abrupt disturbances, training time and simplicity of the methods.

2.1 INTRODUCTION
Chapter 1 described the background and motivation of the project, declaring the research aim and

the technical objectives of the thesis. The research aim was ‘Increasing the level of automation in

different areas of a process site by optimizing the response to fast complex disturbances, examining

the trade off between rejection and avoidance of disturbance propagation’. The identified frame-

work has been an MPC that exploits the forecast of a disturbance to adjust its control action. Two

resulting technical objectives are providing a method for predicting a disturbance and implementing

such disturbance forecast in a Model Predictive Control (MPC) framework. Therefore, this chapter

provides a review of literature relevant to the MPC and time series forecasting.

Section 2.2 describes the common frameworks to handle external disturbances in an MPC, focusing

specifically on frozen time MPC, preview MPC, robust MPC, stochastic MPC and deterministic

MPC. The section ends choosing the framework to be used in this thesis.

Section 2.3 discusses time series forecasting, reviewing statistical and machine learning methods.

The review provides the basis on which to choose an appropriate method to forecast the types of

disturbances encountered in a production sites.
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2.2 MODEL PREDICTIVE CONTROL

2.2.1 Introduction
Model Predictive Control (MPC) is a discrete-time and model-based control technique. It uses

a model of the system to predict the future evolution of the controlled variables under a specific

sequence of manipulated variables. The MPC works by finding the sequence of the manipulated

variables that minimises a certain cost function over a future period, called prediction horizon, in

presence of disturbances and constraints on the controlled and manipulated variables.

Once the control sequence has been found, the controller applies the first sample of the control

sequence. At the following time step, the controller finds again the control sequence that minimises

the objective function and applies the first sample of the new control sequence. The cost function

for a state 𝑥 at instant 𝑡 is defined in Mayne et al. (2000) as

𝑉𝑁 (𝑥, 𝑡, 𝒖) :=
𝑡+ 𝑝−1∑︁
𝑖=𝑡

𝑙(𝑥 (𝑖) , 𝑢 (𝑖)) +𝑉 𝑓 (𝑥 (𝑡 + 𝑝)) (2.1)

where 𝒖 = {𝑢(𝑡), 𝑢 (𝑡 + 1) , . . . , 𝑢 (𝑡 + 𝑝 − 1)} is the sequence of controller outputs 𝑢 (𝑖).

Each 𝑢 (𝑖) ∈ U is the value of the controller output at discrete time instant 𝑖. The setU is a compact,

convex subset of R𝑚. The variable 𝑥 (𝑖) ∈ X is the state of the system at instant 𝑖, where X is a

convex, compact subset of R𝑛. The prediction horizon is 𝑝 and 𝑙(𝑥 (𝑖) , 𝑢 (𝑖)) represents the cost at

instant 𝑖, dependent on the values of the state and the values of the manipulated variables. The costs

𝑙(·) at different instants 𝑖, called also stage costs, are summed over the prediction horizon. The term

𝑉 𝑓 (𝑥 (𝑡 + 𝑝)) represents the terminal cost. Unlike the stage cost, the terminal cost is dependent only

on the state of the system at the end of the prediction horizon.

The reviews of MPC by Afram and Janabi-Sharifi (2014), Darby and Nikolaou (2012) and Farina

et al. (2016) highlight the following features of the MPC, which are of interest for this project:

• It is a multivariable control, able to capture and control the influences between different

sections of the controlled system.

• It can handle constraints on manipulated and controlled variables, allowing the system to be

at a safe and economical operating point in case of a disturbance.
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• It is considered by some researchers to be the most appropriate control method to benefit

from an apriori knowledge of future and predictable disturbance.

2.2.2 Handling of external disturbances

2.2.2.1 Definition of external disturbance
The term external disturbance is used in this thesis to indicate the inputs of the system that the

controller cannot manipulate. The term 𝑑(𝑡) in the following system of equations represents the

external disturbance

𝑥 (𝑡 + 1) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) + 𝐵𝑑𝑑(𝑡)

𝑦(𝑡) = 𝐶𝑥(𝑡) + 𝐷𝑢(𝑡) + 𝐷𝑑𝑑(𝑡) + 𝑑𝑠(𝑡)

𝐵𝑑 = [𝐵𝑚 𝐵𝑢] , 𝑑 = [𝑑𝑚 𝑑𝑢]𝑇
(2.2)

where 𝑥(𝑡) is the state of the controlled system at instant 𝑡, 𝑦(𝑡) is the vector of the controlled

measurable variables, 𝑢(𝑡) is the vector of the manipulable inputs, 𝑑𝑠(𝑡) indicate the noise of

sensors. 𝐴, 𝐵, 𝐵𝑑 , 𝐶, 𝐷, 𝐷𝑑 are matrices that represent the relations between inputs of the system,

system state and controlled variable.

The vector of the external disturbances at instant 𝑡 can be considered as 𝑑(𝑡) = [𝑑𝑚(𝑡) 𝑑𝑢(𝑡)]𝑇 , where

[·]𝑇 stands for the transpose of a matrix. The vector of the external disturbances is 𝑑𝑚(𝑡) which

can be measured by a sensor in a system, while 𝑑𝑢 is the vector of the external disturbances which

cannot be measured. For example, the mass flow of the feed to a column is an external measurable

disturbance for the temperature controller of the column. Similarly, the matrix 𝐵𝑑 , that describes

the relations between external disturbances, state and outputs of the system, is composed of a part

related to the measurable external disturbances and a part related to the unmeasurable ones. The

focus in this thesis is on measurable time varying disturbances and hence 𝑑 = 𝑑𝑚 in Eq. 2.2.

Therefore, this work distinguishes itself from other works such as the one of Muske and Badgwell

(2002) and Carrasco and Goodwin (2011). Those works focus on unmeasured disturbances, which

are also considered constant over a specified interval.
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Figure 2.1: MPC frameworks to handle external disturbances

2.2.2.2 MPC frameworks to handle disturbances
Five common MPC frameworks exist to handle external disturbances. Figure 2.1 lists the methods

and provides a short description for each of them. Following Mayne (2016), Table 2.1 shows the

objective functions and the constraints of each framework.

Symbology In Table 2.1, 𝑙(·, ·) represents the stage cost for a certain state and control action.

The variable 𝑥𝑢(𝑖, 𝑥, 𝑑) ∈ 𝑋 ⊆ 𝑅𝑛, 𝑖 = 0, . . . , 𝑝−1 is the value of the state at instant 𝑖, given an initial

state 𝑥 at instant 𝑖 = 0, when a series of controller output 𝒖 = {𝑢(𝑖), . . . , 𝑢(𝑝 − 1)} , 𝑢 (𝑖) ∈ U ⊆ R𝑚,

and a disturbance sequence 𝒅 =
{
𝑑(𝑖), . . . , 𝑑(𝑝 − 1)

}
, 𝑑(𝑖) ∈ D ⊆ R𝑙 is assumed to have been

applied to the system.

The state space is X, while X 𝑓 is the space of the terminal state, U is the space of the controller

outputs, D is the space of the disturbance at an instant 𝑖 while D𝑝 represents the space of the

disturbance sequence 𝒅, I0:𝑝−1 is the set of values that 𝑖 can assume, 𝑛 is the dimension of the

state, 𝑚 is number of manipulated variables of the controller, 𝑙 is the number of disturbances

considered. Finally, 𝑢(𝑖, 𝒅) indicates that the control action at instant 𝑖 takes explicitly into account

the disturbance sequence 𝒅.
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Table 2.1: Cost functions and constraints for various MPC formulations

MPC Type Cost function Constraints

Frozen time
MPC

𝑉𝑁 (𝑥, 𝒖) =
𝑝−1∑︁
𝑖=0

𝑙(𝑥𝒖(𝑖, 𝑥, 𝒅), 𝑢(𝑖, 𝒅)) +𝑉 𝑓 (𝑥𝒖(𝑝, 𝑥, 𝒅))

𝑢(𝑖, 𝒅) ∈ U ⊆ R𝑚,
𝑥𝑢(𝑖, 𝑥, 𝒅) ∈ X ⊆ R𝑛 ,
∀𝑖 ∈ I0:𝑝−1

𝑥𝑢(𝑝, 𝑥, 𝒅) ∈ X 𝑓

𝒅 =
[
𝑑(0) . . . 𝑑(𝑝 − 1)

]
, 𝑑(𝑖) = 𝑑(0) ∈ D ⊆ R𝑙 ∈ R𝑙 , 𝑖 = 0 . . . 𝑝 − 1

𝑙 is the number of disturbances.
The values over time of the disturbances are constant and equal to the initial

value 𝑑(0)

Preview
MPC and

deterministic
MPC

𝑉𝑁 (𝑥, 𝒖) =
𝑝−1∑︁
𝑖=0

𝑙(𝑥𝑢(𝑖, 𝑥, 𝒅), 𝑢(𝑖, 𝒅)) +𝑉 𝑓 (𝑥𝑢(𝑝, 𝑥, 𝒅))

𝑢(𝑖, 𝒅) ∈ U ⊆ R𝑚,
𝑥𝑢(𝑖, 𝑥, 𝒅) ∈ X ⊆ R𝑛,
∀𝑖 ∈ I0:𝑝−1

𝑥𝑢(𝑝, 𝑥, 𝒅) ∈ X 𝑓

𝒅 =
[
𝑑(0) . . . 𝑑(𝑝 − 1)

]
, 𝑑(𝑖) ∈ D, 𝑖 = 0 . . . 𝑝 − 1

The values 𝑑(𝑖) are perfectly known in the preview MPC. They are supposed to
be known in the deterministic MPC

Robust MPC

Robust MPC
Nominal case

𝑉𝑁 (𝑥, 𝝅) =
𝑝−1∑︁
𝑖=0

𝑙(𝑥𝜋(𝑖, 𝑥, 0 ), 𝜇𝑖(𝑖, 0))

+𝑉 𝑓 (𝑥𝜋(𝑝, 𝑥, 0))
0 = [0, . . . , 0] is a sequence
of zero vectors

𝜇𝑖(𝑥𝝅(𝑖, 𝑥, 𝒅)) ∈ U,
𝑥𝜋(𝑖, 𝑥, 𝒅) ∈ X,
∀(𝑖, 𝒅) ∈ I0:𝑝−1 × D𝑝

𝑥𝜋(𝑝, 𝑥, 𝒅) ∈ X 𝑓 ,

∀𝒅 ∈ D𝑝Robust MPC
Worst case

𝜇𝑖(𝑥𝝅(𝑖, 𝑥, 𝒅)) ∈ U,
𝑃(𝑥𝜋(𝑖, 𝑥, 𝒅) ∈ X) ≥ 1 − 𝜀

𝑃(𝑥𝜋(𝑝, 𝑥, 𝒅) ∈ X 𝑓 ) ≥ 1 − 𝜀,

∀𝑖 ∈ I0:𝑝−1 ,

∀𝒅 ∈ D𝑝

𝒅 =
[
𝑑(0) . . . 𝑑(𝑝 − 1)

]
, 𝑑(𝑖) ∈ D ⊂ R𝑙 , 𝑑Min 𝑖 ≤ 𝑑(𝑖) ≤ 𝑑Max 𝑖,

𝑖 = 0 . . . 𝑝 − 1
The values of 𝑑(𝑖) are not known but 𝑑Min 𝑖 and 𝑑Max 𝑖 are known.
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Table 2.0: Cost functions and constraints for various MPC formulations

MPC Type Cost function Constraints

Stochastic
MPC

𝑉𝑁 (𝑥, 𝒖) =

𝐸𝑤

{ 𝑝−1∑︁
𝑖=0

𝑙(𝑥𝜋(𝑖, 𝑥, 𝒅), 𝜇𝑖(𝑖), 𝒅)

+𝑉 𝑓 (𝑥𝜋(𝑝, 𝑥, 𝒅))
}

Hard version

𝜇𝑖(𝑥𝝅(𝑖, 𝑥, 𝒅)) ∈ U,
𝐸𝑤(𝑥𝜋(𝑖, 𝑥, 𝒅)) ∈ X,
∀(𝑖, 𝒅) ∈ I0:𝑝−1 × D𝑝

𝐸𝑤(𝑥𝜋(𝑝, 𝑥, 𝒅)) ∈ X 𝑓

∀𝒅 ∈ D𝑝

Soft version

𝜇𝑖(𝑥𝝅(𝑖, 𝑥, 𝒅)) ∈ U,
𝐸𝑤(𝑥𝜋(𝑖, 𝑥, 𝒅)) ∈ X,
∀(𝑖, 𝒅) ∈ I0:𝑝−1 × D𝑝

𝐸𝑤(𝑥𝜋(𝑝, 𝑥, 𝒅)) ∈ X 𝑓

∀𝒅 ∈ D𝑝

𝒅 =
[
𝑑(0) . . . 𝑑(𝑝 − 1)

]
, 𝑑(𝑖) ∼ 𝐷𝑖, 𝑑(𝑖) ∈ D ⊆ R𝑙 , 𝑖 = 0 . . . 𝑝 − 1 The

values 𝑑(𝑖) are not constrained and follow a probability distribution 𝐷𝑖

that is defined according the probabilistic model of the disturbance.

Using the term 𝑥𝝅
(
𝑖, 𝑥, 𝒅

)
instead of 𝑥𝒖

(
𝑖, 𝑥, 𝒅

)
highlights that an explicit offline solution has

been used. The formulation with an explicit offline solution is preferred in the case of robust and

stochastic MPC. The reason is that finding a solution online might be computationally expensive

(Bernardini and Bemporad, 2012; Farina et al., 2016; Mayne, 2016). The control action 𝑢 is defined

by a policy 𝜇. The policy depends on the value of the state 𝑥 at an instant of time 𝑖, and it is stored in a

look-up table. The control action is defined as 𝑢 = 𝜇(𝑖, 𝑥) = 𝐹(𝑥(𝑖)) · 𝑥(𝑖)+𝐺(𝑥(𝑖)) (Bemporad et al.,

2002a,b). The term 𝑥𝝅
(
𝑖, 𝑥, 𝒅

)
is the value of the state at instant 𝑖, given an initial state 𝑥 at instant

𝑖 = 0, when a series of controller policies 𝝁 = {𝜇(𝑖, 𝑥), . . . , 𝜇(𝑝 − 1, 𝑥)} , 𝜇 (𝑖, 𝑥) ∈ U ⊆ R𝑚 and

a disturbance sequence 𝒅 would have been applied to the system.

A distinction has to be made between the values 𝑑 that have been really applied to the system and

the values 𝑑 that the controller uses for the calculation of the objective function. There can be a

mismatch that has an impact on the calculations of the controller. For example, assuming in the

Frozen Time MPC that the values of disturbance 𝑑 are equal to the 𝑑(0) over the whole prediction
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horizon 𝑝 does not mean that the value of the disturbance applied to the system is going to be

constant. This section discusses the assumptions of different MPC formulations on values of the

disturbance sequence 𝒅.

Frozen Time MPC In Frozen Time MPC (FTMPC), the measured value of the external

disturbance is considered to be constant also for the whole prediction horizon. This is the most

used approach to handle external disturbances in commercial MPC, according to Camacho and

Bordons (2008). This way of handling disturbance is called Frozen Time MPC (FTMPC) by

Cairano et al. (2014). In the formulations in Table 2.1, the disturbance is assumed to be equal to

the value of the disturbance measured at instant zero, therefore 𝑑 (𝑖) = 𝑑(0), 𝑖 = 0, . . . , 𝑁 .

Preview MPC In Preview MPC, the controller receives and uses the actual future evolution

of the external disturbance for the length of the prediction horizon (Carrasco and Goodwin, 2011;

Mehra et al., 1997). Preview MPC can be considered a subset of optimal preview control. Optimal

preview control is characterized by a perfect knowledge of the disturbance future evolution, but

different control techniques can be used (Birla and Swarup, 2015). The formulations in Table 2.1

are like those of the Frozen Time MPC but the elements 𝑑 (𝑖) are allowed to vary over time.

Robust MPC In Robust MPC, the disturbance evolution in the future is not supposed to be

known. However, the maximum and minimum values of the disturbance are known. The controller

should consider all possible evolutions of the disturbance in a bounded set D ⊂ R𝑙 (Farina et al.,

2016; Mayne, 2016, 2014). Therefore, Table 2.1 indicates that the controller actions and states

should stay within their constraints over the prediction horizon, for all possible evolutions of the

disturbances (𝑢 ∈ U, 𝑥 ∈ X, 𝑥 𝑓 ∈ X 𝑓 ,∀
(
𝑖, 𝒅

)
∈ I0:𝑝−1 × D𝑝). Two cases are often considered

for the objective function: the nominal case, that does not consider the presence of disturbances,

and the worst case scenario. For the worst case-scenario, a min-max approach is used and the

controller considers the action that minimizes the objective function in the case of the worst

possible disturbance instance (Bernardini and Bemporad, 2012).

Stochastic MPC In Stochastic MPC, there may not be upper and lower bounds of the

disturbance. Therefore, the disturbances can potentially assume any possible value in the real
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coordinate space of dimension 𝑙, in mathematical terms D ⊆ R𝑙 . This is different from the case

of robust MPC where the possible values of the disturbances are necessarily a subset of R𝑙 , or

in mathematical terms D ⊂ R𝑙 . In stochastic MPC, the value of the disturbance is defined by a

probability distribution function. The MPC minimizes the expected value of the objective function

for all possible disturbance sequences 𝒅. Hard constraints for the controller outputs are always

present. However, the constraints on the controlled variables can be hard or probabilistic.

In the hard formulation of the problem, the expected value of the state 𝐸𝑤

(
𝑥𝜋

(
𝑖, 𝑥, 𝒅

))
should be

within the constraints X for all values that the disturbances 𝒅 can have over the prediction horizon

until the instant 𝑝−1. Additionally, such constraint should be valid also at the end of the prediction

horizon, where terminal constraints enter into force, which are possibly different from those valid

over the prediction horizon, and oblige the expected value of the state to be within a space X 𝑓 . In

mathematical terms, this is translated in the conditions 𝐸𝑤

(
𝑥𝜋

(
𝑖, 𝑥, 𝒅

))
∈ X, ∀

(
𝑖, 𝒅

)
∈ I0:𝑝−1 ×D𝑝

and 𝐸𝑤

(
𝑥𝜋

(
𝑁, 𝑥, 𝒅

))
∈ X 𝑓 , ∀𝒅 ∈ D𝑝 (Mayne, 2016). However, in case of potentially unlimited

disturbances, a hard constraint for the controlled variables is not possible because no feasible

solutions can be found. Chance constraints are used in these cases. In chance constraints, the

probability 𝑃(·) that the state 𝑥𝜋(𝑖, 𝑥, 𝑑) is within its constraints is defined. Then, the constraint is

that such probability is bigger than a certain value. The value is generally slightly smaller than

one. This means that with a very high probability, almost equal to one, the limits imposed to the

controlled variables are respected (Farina et al., 2016; Mayne, 2016). The mathematical conditions

𝑃 (𝑥𝜋(𝑖, 𝑥, 𝑑) ∈ X) ≥ 1−𝜀 and 𝑃

(
𝑥𝜋

(
𝑁, 𝑥, 𝒅

)
∈ X 𝑓

)
≥ 1−𝜀 are therefore used, where 𝜀 is a small

number to be defined.

Deterministic MPC In Deterministic MPC, the controller does not have information on the

probabilities of the values that a disturbance can have. The assumption is that the future values of

the disturbances that are provided to the controller are certain, although they are not. This approach

is a simplification of the stochastic MPC. The formulations of objective functions are identical to

those of preview MPC

The approaches further analysed Of the four approaches that consider a disturbance as

evolving in the future (preview, robust, stochastic MPC and deterministic MPC), the approach of
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the robust MPC has not been considered further.

Indeed, the robust MPC controller must find a sequence of controller outputs that satisfies all

constraints for all possible sequences d̂ of the disturbance 𝑑(·) between the upper and lower bounds.

This is a stricter requirement than those of the other approaches, that are more precise in knowing

the future evolution of the disturbance for each instant of time over the prediction horizon.

For this reason, if the uncertainty of the disturbance is high (the upper and lower bounds of the

disturbances are far from each other), the robust MPC might not be able to calculate a solution

that satisfies all constraints, although there might be one if a more precise knowledge of the future

disturbance evolution were used. Therefore, the controller does not intervene or it stops working.

However, such an action contradicts the aim of the research in this thesis, which is to increase

the level of automation of process plants in presence of disturbances. Furthermore, violations of

some constraints during a disturbance are very likely and also relatively acceptable if short in time,

according to the professional experience of the present author. The focus of this PhD has been

posed therefore on Frozen Time MPC (FTMPC), preview MPC, stochastic MPC and deterministic

MPC.

2.2.3 Frozen Time MPC (FTMPC)

2.2.3.1 FTMPC in process industry
FTMPC is the basic strategy to handle disturbances in an MPC (Binder et al., 2019; Camacho

and Bordons, 2008; Havlena, 2011). It is also the one available in commercial implementations

of MPC controllers as Havlena (2011) stated while working for Honeywell, and as the present

author experienced more recently (until 2016, while employed in industry) with the products from

Aspentech. The value of the disturbance is assumed constant over the prediction horizon and equal

to the measured value at the current instant of time.

Majanne (2005) compared a FTMPC with a control scheme based on PI controllers to control the

steam pressures at various points in steam distribution network. The rates of the mass flows of

steam were used as measured disturbances for the feed-forward action of the FTMPC. According

to the author of the paper, the FTMPC provided a slight improvement of the set-point tracking over
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the scheme with PI controllers. The author stated that the main advantages are a simplified control

structure (the MPC replaces six PI controllers) and ease of tuning.

Olsen et al. (2005) implemented an FTMPC to control the distillation column of the benchmark

model of a VAc production plant developed by Luyben and Tyréus (1998). The controller had to

keep at their set-points the level of the reboiler and the concentration of water in the outflow from

the bottom of the column. The feed of the column was used as disturbance variable for the feed-

forward action. The authors considered two cases. In one case the composition of the feed changed

as a step, and the authors of the paper considered the response of the controller as unacceptable

because the concentration of water violated its constraints. In the other case, the pump serving feed

of the column has been temporarily shut-off for five minutes and the reaction of the controller was

considered only acceptable. The authors thought that the controller was aggressive. In addition,

the sampling of the measurements of the concentration of water was much larger than the sampling

of controller. In their opinion, the aggressiveness and the delays of the measurements led to poor

performance.

Shen et al. (2009) implemented an FTMPC for a water treatment plant. The controller should

keep the quality of the effluents constant while minimizing the energy consumption. The measured

disturbance is a nearly periodic oscillation of the concentration of pollutants. The authors of the

paper considers the FTMPC a failure because it worsens the performance of the controller compared

to the situation where no feed-forward action is used in the MPC. To improve the controller action,

the authors filter the values of the measured disturbance by using a moving average filter.

2.2.3.2 Conclusions on the FTMPC
FTMPC is the most common approach used to handle external disturbances in an MPC. The

disturbance is assumed constant in the future and its values is equal to the one measured at current

time. It is a simple technique to implement but its real benefits are questionable. There might be a

slight improvement of performance with FTMPC but unsatisfactory performance has been reported

in a few papers because the control action can be too aggressive.
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2.2.4 Preview MPC

2.2.4.1 Preview of set-points
In case of a preview of set-points, the set-points are provided in advance to the controller. Therefore,

the controller has the information that the set points will change to a new value in a specific time

𝜏𝑠𝑝. In this case, the controller might change the controller outputs before the set-point changes.

In this way the controller outputs are not changed abruptly when the set-point changes and a better

tracking of the set-points can be reached in case of slow systems.

2.2.4.2 Preview of external disturbances
In case of a preview of external disturbances, the disturbances are measured before they enter into

the system. At first, this might seem similar to classical control with a feedforward framework

(Liptak, 2005). However, classic feedforward control is not an optimal control framework. Fur-

thermore, they do not allow handling of constraints on the controlled variables, as a preview MPC

can. It is necessary to measure the disturbance well in advance, before it has an impact on the

controlled variable. If 𝜏 is the delay between the instant the disturbance is measured and the instant

the disturbance enters in the system, then the controller has information about the value of the

disturbance at instant 𝑡, that is 𝑑(𝑡), and all other values 𝑑 (𝑖) , 𝑖 = 0, . . . , 𝜏 as well. Therefore, a

disturbance sequence 𝒅 is available to the controller.

2.2.4.3 Preview MPC in fields different from process industry
Mehra et al. (1997) developed an MPC control that takes into account the irregularities of the street

to improve the control of the suspensions of the vehicle. A sensor positioned at the very front of the

car measures the irregularities of the road. With information from this sensor and from the speed

of the car, the controller quickly calculates the profile of the road that the suspensions will have to

compensate and sends appropriate commands to the active suspension.

Takaba mentioned the industrial case of a cold mill steel plant. The strips must have a uniform

thickness at the end of the process. However, a control action that is not adequate to the thickness

of the strips at the beginning of the process can ruin the strips. A sensor can measure the thickness

of the strips upstream and provide such information as disturbance preview to the controller that

adjusts the force applied on the metal bars.
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Koerber and King (2013) used an MPC with preview to control a wind turbine. By adjusting the

position of blade, the controller has to keep the rotational speed of the turbine below a certain

mechanical constraint and keep structural oscillations of the wind tower within certain amplitudes.

The disturbance previewed is the wind speed, measured some hundred meters far from the tower.

The authors tested the control both in normal turbulent conditions and in presence of abrupt events

such as gust. Compared to other MPC solutions without preview and to a solution based on classical

control, the MPC with preview shows better performance in keeping the controlled variables far

from their safety constraints.

2.2.4.4 Preview MPC in process industry
The reason for reviewing other industrial domains is because there are not many reported applic-

ations of preview control in the process field. However, there were applications in the Japanese

industry in the late 1990s. Nunokawa et al. (1997) applied unconstrained preview optimal control,

but with no MPC, to a coke oven plant. In this process the coal is charged in the furnace regularly,

coke is distilled, the produced coke is removed from the furnace, and new coal is charged in the

furnace. New coal charges cause variations of the furnace temperature. The resulting temperature

overshooting can be minimized by knowing when new coal will be charged in the furnace. The

problem formulated is not constrained, and there is no disturbance propagation issue that must be

considered. Also Yoshitani and Hasegawa (1998) considered a problem related to steel manufac-

turing. The process considered is called annealing and consists of the heating, the soaking, the

cooling and the overaging furnace. The temperature of the strips at the outlet of the process must be

constant. However, the desired thickness of the strip has an impact on the temperature. Reducing

the temperature variations is possible if the controller knows in advance the thickness of the strip

and the instant when the set-point of the thickness will be changed.

2.2.4.5 Conclusions on Preview MPC
The primary applications of Preview MPC that have been reported are not in process engineering.

However, the examples from Japan show the feasibility of applying preview MPC also in the process

industry. The main issue of preview MPC is that there should be a sufficiently long delay 𝜏 between

the instant the disturbance is measured and the instant the disturbance enters into the system.
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If the delay 𝜏 is too small, preview MPC cannot be used and a prediction of the disturbance should

be used instead. In case of process plants, it might be hard to have transport delays which are large

enough because the process units tend to be close to each other.

2.2.5 Stochastic MPC

2.2.5.1 Stochastic MPC in process industry
As of 2016, Farina et al. (2016) reported that they had not found any implementation of stochastic

MPC in real processes. However, some research papers applied stochastic MPC and stochastic

optimisation to industrial processes. In this research area, the uncertainties considered are classified

in external uncertainties, such as feeds or throughput requests, or internal uncertainties, such as

model uncertainties (Henrion and Möller, 2003; Li et al.).

The external uncertainties are the interest of this thesis section, and they can be considered similar

to the external disturbances. The aim of the papers that have been considered in the field of process

control was to find the optimal set-points of the flows inside a petrochemical plant. The feeds and

the requests of final product are the disturbances. The problem can be analysed from a steady state

or a dynamic point of view (Li et al.). In the steady state case, the disturbance is considered constant,

but its exact value is not known. The problem is to find the set-points in the process that maximise

the profits of a plant and be sure that the controlled variables remain within their constraints (Li

et al.; Mesfin and Shuhaimi, 2010). In the dynamic case, the disturbance is not constant over the

prediction horizon, and it is affected by uncertainty. The aim can be economical, for example

reducing the steam energy consumption of a distillation column in case of feed disturbances (Li

et al., 2002), or more process related, such as reducing the variations of the outlet flow of a tank

whose inlet feed is not constant (Li et al.).

Since such studies are done in a design phase, the disturbance model is not learnt by the control

system, instead, it is defined by the user. The approach found in Li et al. (2002), Li et al. and in

Bahakim and Ricardez-Sandoval (2014) is to define the disturbance over the prediction horizon as

a vector composed of stochastic variables, one variable for each time step. Each stochastic variable

is defined by a mean value and variance. In Li et al. (2002) and in Li et al. the variables are

considered Gaussian. In Bahakim and Ricardez-Sandoval (2014) the approach is that the user can

choose which distribution to use.
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2.2.5.2 Stochastic MPC in other fields and learning MPC
Stochastic MPC has also been used in fields different from process industry. Cairano et al. (2014)

employed stochastic MPC to control the charge and discharge power which regulate the state of

charge of the battery of a hybrid electric vehicle. The disturbance is the driving style of the driver,

more precisely the power requested by the driver. An FTMPC was used as term of comparison. In

real-world scenarios, the approach based on stochastic MPC reduced the vehicle fuel consumption

by 8%-12% compared to the FTMPC. The disturbance model is created using a Markov chain. A

Markov chain model defines a set of probabilities

𝑃 (𝑑(𝑡 + 1) = 𝑏 | 𝑑(𝑡) = 𝑎) , ∀𝑎 ∈ D, ∀𝑏 ∈ D (2.3)

which are the probabilities that the disturbance 𝑑 has a value 𝑏 in the instant 𝑡 + 1 if the disturbance

was equal to 𝑎 in the former instant of time 𝑡. Using a probabilistic model of the disturbance,

the MPC can optimally controls the system. This paper is interesting for the current PhD project

because the controller updates the model of the disturbance autonomously. Such MPC frameworks

that learn and update the model of the disturbance or the model of the controlled system are called

learning MPC (Aswani et al., 2013; Cairano et al., 2014; Klenske et al., 2016).

2.2.5.3 Conclusions on the stochastic MPC
Stochastic MPC has been used in research projects related to process industry to analyse how a

disturbance might affect the process and the control. However, such studies were done for the

design phase of a plant and not for a plant in operation. In the automotive field, Cairano et al.

(2014) proposed a learning MPC framework that updates the model of the disturbance. Including

a disturbance forecast in an MPC framework brings advantages also for stochastic MPC.

The main issue is defining a probabilistic model of the disturbance and this requires prior knowledge

or a set of data from which to derive the probabilistic model. Prior knowledge is often hard to have

when dealing with plant-wide disturbances because the causes of a disturbance can be diverse and

it can also be difficult to have probabilistic first principle models of each part of the plant. If the

probabilistic model is based on data, the problem can be having enough data to start predicting the

time series and managing the amount of data in an efficient way.
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A second issue with stochastic MPC is the computational costs of considering the probabilities in

the calculations of the optimal decision. This might force the use of explicit formulations of the

MPC.

2.2.6 Deterministic MPC

2.2.6.1 Deterministic MPC in process industry
Deterministic MPC receives a multi-step prediction that does not include any uncertainty measure,

unlike stochastic MPC. The mathematical formulation of deterministic MPC is equivalent to the

one of the preview MPC. The difference is that the disturbance forecast is measured in preview

MPC, while it is predicted and generally more uncertain in deterministic MPC.

The review of literature revealed there are not many papers using deterministic MPC in process

control. Honeywell, a supplier of automation solutions, deposited a patent in the USA in 1995 called

“Neural net based disturbance predictor for model predictive control” (Mathur and Ravi, 1995). The

patent proposed to use an MPC together with an Artificial Neural Network (ANN). The ANN should

predict the evolution of the disturbance, and the MPC should compensate that specific disturbance.

The patent describes the idea and the advantages of predicting plant wide disturbances for control

purpose. However, it does not describe in detail the possible implementation. Honeywell deposited

a second patent in 2011. The title is “System and method for predicting future disturbances in model

predictive control applications” (Havlena, 2011). In this case, they suppose that a mathematical

model of the disturbance is available, but they do not provide any possible mathematical formulation

of the model.

Bordons and Cueli (2004) implemented a deterministic MPC in a real olive oil mill. This mill

has an on-off controller to regulate the feed of fresh olives in a device called thermomixer. The

on-off controller is the source of disturbance considered. The thermomixer has three tanks and

the temperature of the last tank must be kept constant. However, the temperature is affected by

the varying level which oscillates due to the on-off controller that has been mentioned before.

The oscillations are very regular and the authors tuned an Auto Regressive model (AR model)

to predict them. By adjusting the heating, the MPC uses the prediction of the disturbance to

keep the temperature of the olive oil more constant. The authors compared such controller to an
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FTMPC and an MPC controller which does not include any information about the future values of

the disturbance. The proposed controller shows the best set-point tracking. The worst controller

is the one without any disturbance information. Although Bordons and Cueli (2004) focused on

plant-wide disturbances, they did not focus also on the role of the controller in the disturbance

propagation. Also, they consider only persistent disturbances and not abrupt disturbances. Finally,

the persistent disturbance they consider resembles a sinusoidal disturbance and does not have a

complex repeating pattern.

More recently, Binder et al. (2019) use as well an Auto Regressive model (AR) for predicting

process disturbances in conjunction with an MPC. The authors highlight that there are very few

works where the disturbance is predicted in process control, and cite only Bordons and Cueli (2004)

as example. Their case study is an oil production well with an electric submersible pump (ESP)

installed. The disturbance is the pressure of the oil well, which is the back-pressure of the ESP.

The manipulated variables are the speed of the pump and the opening of a valve. The controlled

variables are the mass flow rate through the ESP, the outlet pressure and the electric current flowing

in motor of the pump. The authors compare their proposed MPC working in conjunction with AR

model with an FTMPC. The proposed solution improves the performance in set-point tracking of the

controller. By contrast, the aggressiveness of manipulated variables remains unchanged. Although

such work is about process control applications, it does not focus on plant-wide disturbance and

their propagation.

2.2.6.2 Deterministic MPC in other fields
Including weather forecast in a deterministic MPC is common in building automation, according

to the review of Afram and Janabi-Sharifi (2014). Oldewurtel et al. (2012) compared a stochastic

MPC with a deterministic MPC for building automation. They used a stochastic MPC to minimise

the energy consumed to keep the temperature inside a building within desired constraints. The

external disturbance was the outside temperature. The profile of the outside temperature is the sum

of two components. These two components are a temperature profile provided by the forecasting

agency and considered certain, and an uncertain noise. By considering only the temperature profile

provided by the forecasting agency, the authors formulated the deterministic version of the MPC

problem. This is interesting because it shows that the disturbance forecasting is independent of
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the MPC formulation and solution in the deterministic approach. However, the stochastic MPC

was superior to the deterministic MPC regarding energy consumption and number of times the

temperature of the building violated the constraints.

2.2.6.3 Conclusions on deterministic MPC
Some works applied deterministic MPC to process control. Honeywell filed two patents for the use

of time series forecasting in conjunction with MPC to handle plant-wide disturbances (Havlena,

2011; Mathur and Ravi, 1995). However, the patents do not provide details for an implementation.

Bordons and Cueli (2004) implemented a deterministic MPC that improves the set-point tracking of

a system affected by a plant wide disturbance in a real olive oil mill. However, the authors focused

only on very regular persistent disturbances and they did not focus on propagation of disturbances.

A more recent paper by Binder et al. (2019) applied deterministic MPC to improve the set-point

tracking of a pump used for extraction of oil from a well. Although, it is not a work related to plant

wide disturbances, Binder et al. (2019) confirmed there have not been apparently many other works

using deterministic MPC in process control.

Deterministic MPC has been used more in building automation, where the weather condition is

the disturbance that can be forecasted. A paper in the field of building automation written by

Oldewurtel et al. (2012) showed that the performance of a deterministic MPC can be poorer than

the performance obtainable with a stochastic MPC.

However, the formulation of deterministic MPC is independent from the method used for the

disturbance forecasting. This simplifies the problem.

2.2.7 Conclusions on model predictive control
This section reviewed common frameworks used in MPC to take into account information about

the future evolution of external disturbances. Four main approaches have been considered.

The most common approach is Frozen Time MPC (FTMPC), where the disturbance is assumed

to be constant over the prediction horizon and equal to the value of the disturbance measured at

the current time. This approach might improve slightly the performance of a controller in some

cases. However, a few papers reported that the behaviour of a controller using this approach can be

aggressive, leading to very poor performance.
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Instead, several papers showed that providing information of the future trend of an external disturb-

ance improves the reaction of an MPC controller to disturbance.

In preview MPC the disturbance is measured 𝜏 time instants before it enters in the system. Therefore,

the controller has information of the values of disturbance sequence 𝑑 (𝑖) , 𝑖 = 0, . . . 𝜏. An issue

for preview MPC in process plants is that it might be hard to have values of 𝜏 that are large enough

because the process units tend to be close to each other and the transport delays are relatively small.

In stochastic MPC the disturbance is affected by uncertainty, and the MPC minimizes the expected

value of the objective function and the constraints are formulated as chance constraints.

The deterministic MPC uses a simplified assumption compared to the stochastic approach. The

disturbance sequences are predicted and the prediction is affected by uncertainty. However, the

controller assumes that the values of the disturbance are certain. The formulation of the objective

function and of the constraints is identical to that of the preview MPC control. Although the

performance of a deterministic MPC might be inferior to the performance of a stochastic MPC, the

advantage of a deterministic MPC is that the problem of disturbance forecasting is independent of

the formulation and solution of the MPC problem. For this reason, the deterministic MPC seems

to suit better the needs of this thesis for this initial work.

Furthermore, this section introduced the concept of learning MPC. Learning MPC is a control

framework that learns and updates online the model of the disturbance or the model of the system

and provides such model to the MPC (Aswani et al., 2013; Cairano et al., 2014; Klenske et al.,

2016).

2.3 TIME SERIES FORECASTING

2.3.1 Introduction
Searches of the literature during the PhD studies did not reveal many papers related to time

series forecasting for process disturbances. Therefore, the current section investigates time series

forecasting in the following research areas: wind speed and wind power forecasting (Hu et al.,

2016; Jung and Broadwater, 2014; Li and Shi, 2010), electric load forecasting (Hong and Fan,

2016; Khotanzad et al., 1998), finance and business (Cavalcante et al., 2016; Patel et al., 2015;
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Figure 2.2: Depiction of available time series forecasting methods

Taylor and Letham, 2018), traffic forecasting (Vlahogianni et al., 2014).

There are three main types of time series forecasting methods, as Figure 2.2 shows

1. Methods based on purpose-built models

2. Statistical methods

3. Machine learning methods, also called black-box or data-driven models
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Purpose-built models are created relying on knowledge rather than on past data. This class might

include, for example, first principle models, which use equations based on fundamental physical

principles (Jung and Broadwater, 2014; Yesilbudak et al., 2013), but also economic models that

describe the fundamental laws of demand and supply. These models were not reviewed further for

this PhD because they are out of the scope.

Conventional statistical methods for time series forecasting use standard mathematical models

to represent the relationship between inputs and outputs. A generic model is defined, and its

parameters are tuned to fit the existing relationships, in contrast to purpose-built models which

describe mathematically those relationships based on physical first principles. The statistical

methods are represented by Markov chain models, exponential smoothing methods and the family

of Autoregressive Integrated Moving Average models with eXogenous inputs (ARIMAX), which

includes its subtypes autoregressive moving average (ARMA), autoregressive (AR) and moving

average (MA). Section 2.3.2 describes these models.

Unlike statistical methods, machine learning methods do not have a strongly pre-defined structure.

Through a training process which uses past data, machine learning method are able to represent the

relationship between inputs and outputs. The models resulting from most of the machine learning

methods are not analytical. In these cases, it is not possible to analyse the impact of the parameters

on the model. For this reason, the models created are defined as “black box models”.

There are two main approaches for time series forecasting within machine learning. The first one is

the same approach used by the time series forecasting community for statistical methods, which is

finding a model, given a set of past data, that describes the data and forecasts the future values. The

other approach is the one of data mining community. In that approach, the aim is finding the time

series pattern in the past which is the most similar to the present one, assuming that the present

time series will continue as the found pattern.

2.3.1.1 A historical point of view
According to Bontempi et al. (2013), linear statistical methods, and specifically ARMA models

(described in paragraph 2.3.2.2) were predominant until early 80s. The authors state that the

linear statistical methods showed their limits in real applications often characterised by non-linear
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behaviour and this led to a focus on non-linear time series models. However, De Gooijer and

Hyndman (2006), and Bontempi et al. (2013) said that the theory behind non-linear statistical

methods does not yet have such a solid basis as the theory behind linear models. In particular, De

Gooijer and Hyndman (2006) state that non-linear methods do not allow the writing of a closed

form analytical expression for multi-step forecast. The result is that starting from the early 90s

machine learning methods became a competitor of classical statistical methods.

This move of researchers from the statistical perspective to machine learning methods, in particular

computational approaches using Artificial Neural Networks (ANN), has been confirmed by Patel

et al. (2015) for the financial field, and by Vlahogianni et al. (2014) for the traffic forecasting

field. For the field of traffic forecasting, Vlahogianni et al. (2014) state that the classical statistical

methods show their limits in the presence of structured and unstructured data, complex road setting

or unstable traffic conditions.

Bontempi et al. (2013) mentioned cases where ANN outperformed statistical methods based on

linear regression and Box- Jenkins methods (ARMA-ARIMA methods). However, there are more

cautious views. In a recent critical review of methods for electricity load forecast, Hong and Fan

(2016) state that there is "the myth of the best technique". In their view, a technique should be

chosen case by case. There is an additional problem, which is that there is a lack of benchmarks that

would allow a fair comparison of the methods for specific cases. This is the opinion of Hong and

Fan (2016) for electric load forecasting, Weron (2014) for electricity price forecasting, Vlahogianni

et al. (2014) for traffic forecasting, and Jung and Broadwater (2014) for forecasting of wind speed

and electric power generated by wind turbines.

2.3.2 Statistical methods
Statistical methods use standard models that assume that the time series to be forecasted derives

from a stochastic process. Indeed, such models can be considered standard because they have

not been developed starting from physical first principles, rather trying to represent a variety of

common responses of systems found in real situations. However, within a class of models the exact

response of the model changes depending on the number and on the values of parameters used for

the specific model.
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Table 2.1: Commonly used statistical models for time series forecasting

Models Description Comments

Exponential
smoothing

Examples of exponential smoothing models discussed

by Hyndman et al. (2005)

Example 1

𝑦(𝑡) = 𝐻𝒙(𝑡)𝑧−1 + 𝜀(𝑡)𝒙(𝑡) = 𝐹𝒙(𝑡)𝑧−1 + 𝐺𝜀(𝑡)

Example 2

𝑦(𝑡) = 𝐻𝒙(𝑡)𝑧−1(1 + 𝜀(𝑡))𝒙(𝑡) = (𝐹 + 𝐺 𝜀(𝑡)) 𝒙(𝑡)𝑧−1

𝐻, 𝐹, 𝐺 are matrices, 𝑦(𝑡) is the output state at time

𝑡, 𝑥(𝑡) is an unmeasured state, 𝐵(−𝑖) = [𝑧−𝑖, . . . , 𝑧−𝑖−𝑝]

, where 𝑧−𝑖 is the shift operator, 𝜀(𝑘) are samples of

i.i.d N
(
0, 𝜎2) , noise with independent and

identically distributed Gaussian samples

It is popular in academia

but in the electric load

forecast is not used in

practice (Hong and Fan,

2016).

It cannot handle well cycles

which are not periodic.

ARIMAX
and derived

models

𝑦(𝑡) =
𝛽 (𝑏)

𝜙 (𝑝) ∇ (𝑑) 𝑢(𝑡) +
𝜃(𝑞)

𝜙 (𝑝) ∇(𝑑)
𝜀(𝑡)

𝑢 is an exogenous input, 𝜀(𝑡) is white noise, 𝑧−𝑖 is the

shift operator.
𝜙 (𝑝) = 1 − 𝜙1𝑧

−1 − . . . − 𝜙𝑝𝑧−𝑝

∇ (𝑑) =
(
1 − 𝑧−1

)𝑑
𝜃 (𝑞) = 1 + 𝜃1𝑧

−1 + . . . + 𝜃𝑞𝑧−𝑞

𝛽 (𝑏) = 𝛽1 + 𝛽2𝑧
−1 + . . . + 𝛽𝑏𝑧−𝑏+1

The predicted variable can

take only discrete values.
.

Markov
chain

The model defines the probabilities

Pr (𝑦(𝑡) = 𝑦0 | 𝑦(𝑡 − 1) = 𝑦1, . . . , 𝑦(𝑡 − 𝑛) = 𝑦𝑛),

∀𝑦0, 𝑦1, . . . , 𝑦𝑛 ∈ 𝑆

where 𝑆 is a discrete space state and 𝑛 is the order of

the Markov chain

The predicted variable can

take only discrete values.
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Therefore, the forecaster chooses a class of models and sets the number of parameters, according

to his ability and experience. The parameters of the model, sometimes called coefficients, are then

optimised to match the behaviour to the behaviour observed in the real system. Table 2.1 provides

the structure of the models presented in this section. For example, the functions describing the

ARIMAX class of methods link the previously recorded value of a time series, external inputs and

noise to the predicted value of the time series. In case of a significant mismatch between the value

predicted and the actual value, the forecaster can change the structure of the model, removing or

adding some relationship between input and output described by the blocks in the ARIMAX block

of the Table. To obtain good predictions with statistical methods, Weron (2014) says that the quality

of the data is important. Good data have, for example, a high signal-to-noise ratio, defined as the

ratio between the variance of the signal and the variance of the noise. The experience and ability

of the forecaster to choose the right model structure plays a role according to Weron (2014), and

Hong and Fan (2016).

Table 2.1 describes the statistical methods that have been investigated for this thesis. The names

of the methods are in the first column of the table. The second column provides a mathematical

description of the model to calculate the value 𝑥(𝑡) of a generic time series at instant 𝑡. The third

column gathers the comments found in the literature. The notation with the back-shift operator 𝑧−𝑖

has been used. With a such notation 𝑧−𝑖𝑥(𝑡) = 𝑥(𝑡 − 𝑖), where 𝑥 (𝑡 − 𝑖) is the value of 𝑥 at instant

𝑡 − 𝑖.

2.3.2.1 Exponential smoothing models
The exponential smoothing models are those listed in the first row of Table 2.1. It is a class of

methods where one or more values in the past contribute to the calculation of the forecasted value.

Table 2.1 shows two examples of exponential smoothing methods that were analysed by Hyndman

et al. (2005). The first is an example of an additive exponential smoothing model. In the second

example, the past data are linked to the new value in a multiplicative way. Hyndman et al. (2005)

showed that only the first example has an equivalent ARIMA model.

One disadvantage of the exponential smoothing methods is that they are not always able to handle

cycles who do not have an precise periodicity (Hyndman, 2011).
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2.3.2.2 ARIMAX models
The model in Table 2.1 is an ARIMAX (Auto Regressive Integrative Moving Average with eXo-

genous inputs) model for linear systems. It is a general model composed of four components,

which are the AR (autoregressive), the I (integrative), the MA (moving average), the X (eXogenous

inputs) components. Each component has a different contribution to the predicted value 𝑥(𝑡) of

a time series. In the table, 𝜙(𝑝) represents the Auto-Regressive (AR) component, which models

the effect of the past 𝑝 values 𝑥(𝑡 − 1), . . . , 𝑥(𝑡 − 𝑝) of a time series on the last value of the time

series 𝑥(𝑡). ∇(𝑑) represents the integrative (I) component, which models the effect of applying 𝑑

times the differencing operation (which is used to remove trends and patterns for the preprocessing

of data) on the values 𝑥 (·). The term 𝜃(𝑞) is the Moving Average (MA), which models the ef-

fect of last 𝑞 + 1 samples of white noise 𝜀(𝑡), 𝜀 (𝑡 − 1) , . . . , 𝜀(𝑡 − 𝑞) on the variable 𝑥(𝑡). The

term 𝛽(𝑏) represents the eXogenous component and models the effect of the last 𝑏 external inputs

𝑢(𝑡), 𝑢 (𝑡 − 1) , . . . , 𝑢(𝑡 − 𝑏 + 1) on 𝑥(𝑡).

Other models can be derived from the general ARIMAX model, by choosing only some of the

mentioned components. For example, Bordons and Cueli (2004) and Binder et al. (2019), the two

works found which used predictions of process disturbances in conjunction with MPC, used AR

models to predict such disturbances. However, they showed the applications of AR models only on

persistent disturbances and not on abrupt disturbances.

Venkatasubramanian et al. mention the use of ARMA models for fault diagnosis. For fault

diagnosis, an ARMA model of the system of interest is created and validated. Later, if there is a

mismatch between the values predicted by the model and the real data of the system, the mismatch

is a symptom of a fault in the system.

ARIMA models are used, for example, for electric load forecasting. Hong and Fan (2016) state

that the ARIMA models are in such field the most common univariate models together with the

exponential smoothing models, where univariate models are those that do not rely on exogenous

variables such as weather variables.

The class of ARIMAX and its derivate models is popular. However, there are two drawbacks. This

class of model was designed to model linear systems or approximate non-linear systems around

a given operating point. Instead, the time series of disturbances in process industry are often
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Figure 2.3: List of considered time series forecasting methods

non-linear. Furthermore, according to Hyndman (2011), this class of model can predict time series

characterised by oscillations but -the quality of the prediction can decrease when the period of such

oscillations is not constant. This might a problem when the time series of a persistent disturbance

is not regular, but especially when dealing with abrupt disturbances.

2.3.2.3 Markov chains
Markov chains are discrete probabilistic models. Saying that the model is discrete means that

𝑥(𝑡) ∈ 𝑆, ∀𝑘 where the set 𝑆 is a discrete set. The model provides the probability that a time series

has a certain value within a set at instant 𝑡, given the values of the time series in the past, as Table

2.1 describes. These conditional probabilities are called transition probabilities. The order of the

Markov chain, the number 𝑛 is the description in the Table 2.1, is the number of values that are

observed by the model to provide the transition probabilities (Shamshad et al., 2005).

Guo et al. (2008) used Markov chains the predict the residence time of synthetic gas in a gasifier,

that is the time, on average, that a particle of synthetic gas spends inside the gasifier. The transition

probabilities described the probability that the flow through the gasifier could change from one

instant of time to an other.
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Cheng and Duran (2004) focused on the problem of worldwide supply of crude oil. They created

a model that describes the levels of the oil reservoirs at different locations over time. The levels

of such reservoirs are affected by the stochastic request and supply of oil. Oil is supplied through

tankers, which might need a variable amount of time for their navigation. Their final aim was to

optimally dispatch the tankers at several locations, minimising the cost of the fleet and taking into

account the uncertainties.

Markov chains have also been used for wind speed forecasting (Shamshad et al., 2005), electricity

price forecasting (Weron, 2014) and they have been particularly successful for the time series

forecasting used in speech recognition (Längkvist et al., 2014).

The main advantage of the Markov chains is that they provide a probabilistic model. This permits

taking the probabilistic nature of the disturbance into account in a stochastic MPC.

The main drawback of Markov chains is the discretization of the predicted variable. For example,

if the feed of a column is affected by a disturbance, only some discrete values of the feed would be

considered by the Markov chain for forecasting. The question would be, which values should be

considered.

2.3.3 Machine learning methods
Figure 2.3 shows the examined methods. Machine learning methods use two approaches to do

time series forecasting. In the black box regression approach, the machine approximates the model

behind the system (Sapankevych and Sankar, 2009).

By contrast the data mining approach, consists of finding which parts of the past time series are

similar to the present one. Once a similar trend has been discovered in the past, the present time

series is assumed to evolve as the similar past ones (Aghabozorgi et al., 2015; Fu, 2011; Yesilbudak

et al., 2013).

The following sections will examine selected machine learning methods. The list of methods is

not exhaustive, still there is a reason they have been chosen. The 𝑘-NN is arguably one of the

simplest machine learning techniques, used to analyse non-linear time series (Kantz and Schreiber,

2004) and specifically plant-wide disturbances (Thornhill, 2005b). The Artifical Neural Networks
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Table 2.2: Machine learning methods for time series forecasting

Method Description Comments

Nearest
neighbours

Given a time series 𝒚 = [𝑦 (1) . . . 𝑦(𝑡)], 𝒚𝐸 =
[𝑦(𝑡 −𝑚 + 1), . . . , 𝑦(𝑡 −𝑚 + 1)] is the subsegment
of 𝒚 made of the last 𝑚 samples. The algorithms
finds the nearest neighbour of 𝒚𝐸 , that is the
subsegment 𝒚1of length 𝑚 of 𝒚 which minimizes
a certain distance (generally Euclidean) with 𝒚𝐸
(Yesilbudak2013). The algorithm supposes that
𝒚𝐸 will evolve as 𝒚1 did.
The 𝑘−Nearest neighbours is a variant of Nearest
neighbour. It finds the 𝑘 time subsegment 𝒚 𝑗 that
minimize the distance with 𝒚𝐸 .

Easy to implement. However, it is not
robust against noise because two sub-
segments might look similar in noise
rather than similar in pattern shape
(Aghabozorgi et al., 2015). If the
time series is not regular, the predic-
tion might deteriorate. Searching seg-
ments which are similar to the present
one can be computationally expensive
(Fu, 2011)

Support
vector

regression

Support vector regression supposes that predic-
tion 𝑦̂(𝑡 + ℎ) at ℎ steps ahead is
𝑦̂(𝑡 + ℎ) = 𝑑𝑇 𝜙 (𝒚(𝑡)) + 𝑏 where 𝒚(𝑚) =
[𝑦(𝑡) 𝑦 (𝑡 − 1) . . . 𝑦 (𝑡 − 𝑚)] is the vector made
of the last 𝑚 samples of the time series, and 𝑑

and 𝑏 are parameters to be found through a min-
imization process. Such relationship is not found
in a dimensional space of size 𝑚 rather in a high
dimensional space of size 𝑑. Indeed, 𝜙 (𝑥) in
the former expression is a non-linear function
𝜙 : R𝑚 → R𝑑 .

Among the most used machine learn-
ing techniques for time series forecast-
ing for the electric load (Weron, 2014).
It is very robust against noise present
on the time series. The optimisation
problem always has one solution be-
cause the objective function is convex.
The choice of the kernel is arbitrary.
It takes less time than Artificial Neural
Network to be trained (Weron, 2014)
The training phase is done offline.

Artificial
neural

network

An artificial neural network is composed of nodes
(neurons) disposed in layers and connected each
other through weighted arcs. The output of one
node 𝑗 is
𝑦 𝑗 = 𝑓

(∑𝑛
𝑖=1 𝑤𝑖, 𝑗 𝑦𝑖

)
where 𝑑𝑖, 𝑗 is the weight of the arc that connect
the node 𝑖 to the node 𝑗 , 𝑦𝑖 are the outputs of
other nodes connected to 𝑗 and 𝑓 (·) is a non-
linear function, for example a sigmoid function
𝑓 (𝑥) =

1
1 + exp (−𝑥)

The prediction 𝑦̂(𝑡 + ℎ) is the result from the last
nodes of a network.

Among the most used machine learn-
ing technique for time forecasting. It
is capable of modelling non-linearity.
It is a black box model, it cannot
provide any insight into the model and
show the most important relationships
in a system. It requires a significant
amount of training data, done offline
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(ANN) are consistently present in the reviews considered (Cavalcante et al., 2016; De Gooijer

and Hyndman, 2006; Jung and Broadwater, 2014; Weron, 2014). The Support Vector Regression

(SVR) receive maybe less attention than ANN but are still part of the most used techniques for

time series forecasting (Jung and Broadwater, 2014; Suganthi and Samuel, 2012; Weron, 2014) and

were also used in solutions that won forecasting competitions (Chen et al., 2004) while providing

some advantages over ANN.

2.3.3.1 Nearest neighbours
The nearest neighbour method, explained in the first row of Table 2.2, supposes that the current

time series segment will evolve in future as a past time interval, similar to the present one according

to a specific norm, evolved in the past (Kantz and Schreiber, 2004).

The similarity between the present and the past segment is evaluated through a distance function.

Although the Euclidean distance is commonly used, several distance metrics are available in the

literature and, apparently, there are no formal methodologies to choose a priori the best one for

each case (Yesilbudak et al., 2013).

Next to the nearest neighbour method, there is the 𝑘-nearest neighbours method (𝑘-NN). The 𝑘-NN

method selects, instead of one segment, the 𝑘 most similar segments. The algorithm considers

the segments of length ℎ, which follows each nearest neighbour, where ℎ is the desired length of

the prediction. Averaging these 𝑘 time segments of length ℎ, the algorithm obtains the prediction

vector.

A consistent advantage of the 𝑘-NN is that it has been already used for predicting process dis-

turbances. Indeed, Thornhill (2005b) used such method to do one-step predictions of persistent

process disturbances. Figure 2.4, taken from Thornhill (2005b), visualises the approach. The

repeating pattern, identified by the k-NN, is highlighted. The little circle next to each highlighted

pattern indicates how each nearest neighbour continued one step further. Averaging these values,

the prediction 𝑦̂(𝑡 + 1) is obtained. Furthermore, Figure 2.4 suggests that a possible advantage of

the 𝑘-NN is is that it does not need a training to predict new patterns. Once a new pattern appears

in a time series, it can be predicted once it reappears.

Nonetheless, it is not sure that the 𝑘-NN would suit the needs of this thesis. The prediction obtained
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Figure 2.4: Depiction of available time series forecasting methods (from Thornhill (2005b)).

in Thornhill (2005b) was not a multi-step prediction, and the aim was not to obtain the best possible

prediction rather to identify the source of the disturbance by comparing the quality of disturbances

using the same method on different time series. Also, Thornhill (2005b) did not test the method on

abrupt disturbances.

An issue with the 𝑘-NN is that the method might not be robust against noise. The distance between

two segments might be small because the time series are noisy and not because the underlying

pattern is similar (Aghabozorgi et al., 2015). Furthermore, it can be computationally expensive to

search the nearest neighbours when the dataset increases in size (Fu, 2011).

In summary, the nearest neighbour method can be promising because it is simple to code. It is

based on the concept of self-predictability and the disturbances in a process site are generally

characterised by a repeating pattern. It might be able to predict new patterns of a disturbance as

soon as they appear. Despite the fact that it is a method which is not mentioned in the reviews

analysed for the forecasting of wind speed (Jung and Broadwater, 2014), electric load (Hong and

Fan, 2016), electricity price (Weron, 2014) and finance (Patel et al., 2015), it has been used for one-

step prediction of time series of process disturbances. This thesis will show it provides good results

also for multi-step predictions and not only for persistent but also for abrupt process disturbances.

2.3.3.2 Support vector machines / Support vector regression
There are two main types of support vector machines (SVM) for time series forecasting in the

literature (Patel et al., 2015): the support vector classification (SVC) and the support vector
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regression (SVR) method. The SVC is used for a qualitative forecasting, such as indicating whether

a price stock might increase or decrease. By contrast, SVR provides a quantitative prediction and

hence is of more interest for this thesis.

As shown in Table 2.2 on page 69 describes, SVR aims to find a linear relationship between the

value to be predicted and former samples of a time series. Since the relationships between inputs

and outputs of many systems might be not linear, the inputs are transformed to a higher dimensional

feature space using a function 𝜙 (𝑥) :R𝑚→R𝑑 , where R𝑑 is the high dimensional space. Then,

through an optimization problem, it is possible to find the parameters that describe the linear

relationship in the high dimensional space between input and output.

An advantage of SVR is that such optimisation problem is always solvable because the problem

formulation is convex. Moreover, the found solution is also the global optimum (Patel et al.,

2015). Instead, other methods, such as ANN, might not find converging parameters through

their optimization problem. Furthermore, the SVR is also considered resistant to the problem of

over-fitting (Hong and Fan, 2016; Huang et al., 2005).

SVR has been applied for the forecasting of stock prices and electric load forecasting (Sapankevych

and Sankar, 2009). In electric load forecasting, the SVR method has been effective for real

problems. It attracted attention, according to Sapankevych and Sankar (2009), and Hong and Fan

(2016), because it was the method which won the EUNITE 2001 competition for electric load

forecasting, which was based on real data. Chen et al. (2004) described the winning algorithm.

A drawback of SVR is that the optimisation phase must use a function called kernel to transform the

data in a high dimensional space. Unfortunately, the choice of the kernel is arbitrary Sapankevych

and Sankar (2009).

Furthermore, since the training of SVR is made offline, further training is needed whenever a new

disturbance pattern occurs.

2.3.3.3 Artificial neural networks
Artificial neural networks are widely used for time series forecasting and are the only machine

learning technique that has been constantly mentioned in the analysed reviews of methods for time

series forecasting (Cavalcante et al., 2016; De Gooijer and Hyndman, 2006; Hong and Fan, 2016;
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Jung and Broadwater, 2014; Patel et al., 2015; Vlahogianni et al., 2014; Weron, 2014).

An ANN contains several nodes, each representing a non linear function that takes as inputs the

output of other nodes. The nodes are generally distributed in layers. The inputs of the input layer

are the most recent values of the time series. The outputs of the nodes of the output layer are the

predicted values.

Furthermore, ANN have been implemented in real cases for time series prediction. Khotanzad

et al. (1998) developed on ANN to do a multi-step forecast of electric load. As of 1997, thirty-five

companies focusing on electricity generation in North America used this tool.

An advantage of the ANN is that they are capable of modelling non-linear and complex behaviours

(Cavalcante et al., 2016; Hippert et al., 2001; Jung and Broadwater, 2014; Li and Shi, 2010).

However, ANNs do not provide the user with an insight into the functioning of the system once

the model has been identified, since they are black-box models (Hong and Fan, 2016). The lack

of interpretability of the model is judged as a drawback by some, as mentioned in Hong and Fan

(2016), because it does not allow the user to understand which changes must be done to improve a

prediction. Finally, as with SVR, they do need a new training whenever a new disturbance pattern

might appear in the process. Furthemore, an ANN needs more training data compared to the SVR

method, limiting the ability to adapt to new disturbance patterns.

A further disadvantage is that the weights found after the training might not be optimal (Li and Shi,

2010; Sapankevych and Sankar, 2009). The reason is that the function to be minimized for training

might have more local minima: the optimisation procedure might finish in a point which is not a

global minimum. Finally, ANN require a large amount of data for the training.

Starting from 2006 large (deep learning) ANNs started to receive attention for their results in

computer vision, speech recognition and text translation (LeCun et al., 2015). Deep learning

ANNs have more layers and far more nodes compared to the networks developed before 2006.

This was became possible due to advances in computational power and use of different activation

functions.

Despite the considerable benefits of deep neural networks in other sectors, the application of deep

neural networks to time series has been limited, according to the review of Längkvist et al. (2014).
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Cavalcante et al. (2016) confirmed it for the time series forecasting for the financial sector, and Hu

et al. (2016) confirmed it for wind speed forecasting.

2.3.4 Conclusions on time series forecasting
This section described some methods for time series forecasting. This is relevant for one of the

technical objectives consisting in providing a multi-step prediction of a process disturbance.

The section started with an introduction to three approaches for time series forecasting: purpose-

built models, statistical methods, and machine learning methods. The focus was later on the

statistical methods and machine learning methods.

Exponential smoothing, ARIMAX and Markov chain models belong to the statistical methods.

Exponential smoothing and ARIMAX are popular methods. AR models have also been used

to predict very regular persistent disturbance in process control applications. This is promising.

However, exponential smoothing and ARIMAX models can have issues in modelling time series

characterised by oscillations which are not strictly periodic. This can be a problem not only in

case the time series of a persistent disturbance is not extremely regular, but especially for abrupt

disturbances. Furthermore, ARIMAX models are designed to model linear time series, whereas

the disturbances occurring in industrial plants are often non-linear.

Markov chains provide a probabilistic model, and this is an advantage if a stochastic MPC will be

implemented. However, Markov chains need to discretise the space state of the predicted variable.

After the statistical methods, the machine learning methods were introduced. The machine learning

methods were classified as those using a black-box approach and those using a data mining approach.

The data mining approach, based on the research of similarities and patterns in the time series, is

very intuitive and it can be easily implemented. On the other hand, the methods based on the black

box regression might provide better predictions. However, they must be trained offline and are not

adaptive to new disturbance patterns, and they need a significant amount of data for the training.

The latter points were considered a barrier and therefore the 𝑘-Nearest neighbours method seems

more promising.
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However, the review of literature showed that the 𝑘-Nearest neighbours approach has some draw-

backs. The concept of similarity based on a distance function can be misleading in the presence of

noise. Two time series segments might look similar because of the noise and not because of the real

underlying signal (Aghabozorgi et al., 2015). Furthermore, an algorithm based on the data mining

approach looks back through a time series to search segments which are similar to the present one.

This operation can be computationally expensive (Fu, 2011).

2.4 SUMMARY
This thesis proposes a framework where an MPC uses predictions of a plant-wide disturbance to

reject and stop the propagation of this disturbance. This chapter provided a literature review of MPC

and time series forecasting. The aim was to identify the techniques that seem more appropriate to

achieve the research objective of the PhD.

The section regarding MPC described the common frameworks used to handle external disturbances.

The focus was to analyse the difference between how an external disturbance might evolve in reality

and how, instead, the considered MPC frameworks assume that the disturbance will evolve. The

frameworks that have been considered are frozen time MPC (FTMPC), preview MPC, robust MPC,

stochastic MPC and deterministic MPC.

The review showed that the commonly used framework to handle disturbances is the FTMPC.

Although the FTMPC can improve the set-point tracking of controlled variables, it can also lead

to very poor performance in some cases because the control action is too aggressive. Providing a

multi-step prediction or preview of the disturbance to an MPC controller improves the performance.

Over the frameworks considered, deterministic MPC seems to be promising at this stage. Although

the performance achievable might be inferior to stochastic MPC, such framework leads still to an

improvement of performance. Furthermore, the problem of disturbance prediction is independent

of MPC formulation and this simplifies the problem.

The present chapter also described the problem of doing a multi step prediction of the time series

of process disturbances. Since the prediction of process disturbances had few applications, the

review focused rather on methods to predict time series independently from the specific sector

of application, focussing on statistical methods and machine learning methods for time series
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forecasting. The arguments in this chapter suggest that machine learning methods might suit better

the needs of predicting process disturbances. Within the machine learning methods analysed, the

𝑘-nearest neighbours seems the most promising because of limited amount of data required for

training, for ability to adapt to new disturbance patterns without needing new offline training, and

simplicity.
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C h a p t e r 3

DISTURBANCE PROPAGATION IN A
PRODUCTION SITE

This chapter describes the structure of a production plant, steam utility and electrical utility present

in a production site. Then it investigates and describes the mechanisms of disturbance propagation

within these areas of a production site.

By understanding the disturbances propagating in a production site and how they propagate, the

analysis in this chapter identifies the problems that can be solved or attenuated with the control

technique proposed in this thesis.

3.1 INTRODUCTION
This chapter deals with the first of the technical objectives listed in Section 1.6. The aim is to review

and highlight the causes of the most important persistent and abrupt disturbances propagating in

chemical and oil process sites.

The areas of a production site that Chapter 1 considered relevant are the production plants, the

steam utility and the electrical utility. Fig. 3.1 represents each of these areas with a bubble, each

Figure 3.1: Possible path of disturbance propagation
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connected to another with two arrows, underlining that possibly a disturbance can propagate in both

directions.

Production plants have caught most of the attention in the past in the field of disturbance propagation.

However, utilities can be the source of disturbances. Thornhill (2005a), Chioua et al. (2016) and

Zhou et al. (2019) reported cases of sticking valves controlling steam and ultimately variables in

a process. Cecilio et al. (2011) deduced a relationship between plant and utility in a case study

with a cooling water utility and in a case study with an electric utility. However, there is a lack

of knowledge about the causes of the disturbances that originate from site utilities in the literature

relative to plant-wide disturbances. Furthermore, the research community has not investigated in

detail the comprehensive paths used by disturbances to propagate between plants through utilities.

Literature shows a lack of examples showing specifically persistent and abrupt disturbances

propagating in utilities. In these cases, the chapter reviews the interactions that might lead to

a propagation of a disturbance, and the analysis is qualitative. However, Chapter 5 and Chapter 6

provide later a quantitative analysis using certain case studies to test the idea proposed in this thesis

of an MPC with disturbance forecasting.

Presenting the material, there are conditions that can lead to a sudden breakage or to a controlled

trip of the unit described. Trips are a major disturbance. However, this chapter is going to describe

the conditions that lead to a trip only when the control can prevent the trip. Otherwise, trips of

units are not relevant for this thesis. Indeed, if the whole production has to stop after a trip of a

unit, then the control cannot do much . If only a unit has to stop, the disturbance for other units, for

example in terms of a flow or pressure variation, is a simple step. In the latter case there is no need

of a controller with a detailed multi-step prediction of the disturbance.

The chapter starts describing in Section 3.2 the structure and functioning of a process production

plant, steam utility and electrical utility. The chapter continues explaining the disturbance propaga-

tion mechanism between these areas. Section 3.3 focuses on the disturbance propagating within a

production plant. Section 3.4 focuses on the disturbance propagation between electrical utility and

production plant. Section 3.6 ends the discussion describing the interactions between steam utility

and production plant. The chapter finishes with a summary at Section 3.7.
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Figure 3.2: The principle of recycling in chemical plants

3.2 DESCRIPTION OF THE SYSTEMS CONSIDERED

3.2.1 Process plant
The present work is mainly interested in the plants of the chemical and oil industries. The process

plants of oil and chemical industries show similarities, sharing the same type of machinery and

often the same process units.

3.2.1.1 The structure of a chemical plant
In a chemical plant, the reaction stage involves the conversion of reactants into a mixture of

components that must be separated. The separation can be achieved through several techniques

such as filtration, evaporation and absorption but the predominant one is distillation. The mixture

exiting from the reactor is made of the final product (or products), material and residual of reactants

that can be recycled. Fig. 3.2 shows this structure.

3.2.1.2 The structure of an oil refinery
By contrast with a chemical plant, oil refineries tend to lack recycles. The extracted oil is first

filtered removing water and salts, then it is distilled using a crude oil distillation unit. The crude oil

distillation unit is a distillation columns where the crude oil enters and it is split into the different

components. The components can be further processed downstream but the important point is the

there is no recycle as the product move downstream.
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3.2.1.3 The plant configurations that lead to disturbance propaga-

tion
There are elements that lead the propagation of disturbances. One element is the presence of

recycles in the plant (Luyben et al., 1998), which is predominant in chemical plants. A disturbance

reaching the end of the process can propagate to the initial part of the process and propagate further

downstream, following a loop while affecting the whole plant.

Another element, common to chemical plans and oil refineries, is the presence of process-to-process

heat exchangers, leading to heat integration. While a utility exchanger allows the importing of heat

from heat sources or the discarding of heat to the environment, process-to-process exchangers

are used to transfer heat from one part of the process to another, or between different plants in a

production site (Luyben et al., 1998).

A further element is that process plants often lack buffer tanks in order to reduce the capital costs.

However, buffer tanks can stop the propagation of disturbances downstream, as Section 3.3 will

explain.

3.2.2 Steam system
Typical uses for steam in a production site include:

• Heating applications

• Chemical reactions, stripping of contaminant, fractioning of hydrocarbons

• Mechanical drive in place of or in conjunction with electric motors

• Mechanical drive for electrical generation

• Steam ejectors, used to create vacuum

• Pressure regulation in a reaction (especially when the reactants have low solubility in water)

Units in a production site have different requirements. For example, turbines require superheated

steam while reboilers require saturated steam. Furthermore, the specifications for pressure and

temperature of steam is not the same for every unit.
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Figure 3.3: Distribution in a steam utility.

3.2.2.1 Levels of pressure of steam
Steam utilities are made of a network of headers supplying steam to one or more units at generally

three or more pressure levels, as Fig. 3.3 shows. Such pressure levels are not defined by standards

but Towler and Sinnott (2013) mention:

• High Pressure (HP) steam at around 40 bar

• Medium pressure (MP) steam at around 20 bar

• Low Pressure (LP) steam at around 3 bar

One or more steam generators can provide steam to the network. There is at least one steam

generator producing steam at highest pressure. Other generators, if present, might produce steam

at lower pressure. The pressure at each header is controlled taking steam from the upper level or

venting steam. Depending on the network, the pressure can be controlled also redirecting steam

to steam turbines or controlling the steam generators present at that pressure level (Dzedzemane

et al., 2018; Majanne, 2005).

3.2.2.2 Propagation of disturbance between different headers
Disturbances propagate from one level of pressure to another. Rejecting disturbances from a lower

level implies that the flow rate of steam from the header at higher pressure changes. This impacts
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the pressure of this header, propagating the disturbance further (Dzedzemane et al., 2018; Majanne,

2005).

The other way round, variation of pressure from an upper level impact the amount of steam flowing

through let-down valves to the lower levels and consequently the pressure.

3.2.2.3 Propagation of disturbance along one header
Disturbances propagate along one header. Since pressure is the same for one header, all units

connected to that header are affected by a possible disturbance (Adams et al., 2008). The units

can belong to different production plants. Through the headers, disturbances can become site-wide

disturbances.

However, the propagation of disturbances along one header can be mitigated by controllers regu-

lating the flow of steam. Variations of pressure of a header implies a variation of mass flow rate

through the valve regulating the inlet of steam to a unit. Using flow rate controllers in cascade to

the main controller of a unit, for example a temperature control of a unit, can reject the effects of

variations of pressure on the flow of steam.

3.2.2.4 Disturbances from Heat Recovery Steam Generators (HRSG)
Some of the steam generators in steam distribution network can introduce disturbances because

their production of steam is not constant (Dzedzemane et al., 2018). This is the case of Heat

Recovery Steam Generators (HRSGs). HRSGs recover the available heat from the exhausts of

other processes to produce steam.

Examples of such a process can be, for example, the burning of waste products from production or

the exhaust of a gas turbine used for electricity generation. The heat available for recovery fluctuates

over time and so fluctuates the heat produced by HRSGs. This is the cause of the disturbance.

In some cases HRSGs have an additional firing (Kehlhofer et al., 2009; Working Group CIGRE,

2003). The additional firing can compensate the fluctuations of the recovered heat.
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3.2.3 Electrical utility and electromechanical loads
Most process production sites are connected to the public electrical grid. Still, it might be eco-

nomical beneficial to have generation units in-site (Khan, 2008). In some cases having an in-site

electrical generation is necessary because public grid is unavailable for example in oil platforms,

LNG plants, and ore mines.

Most electric loads in oil and chemical plants are electric motors connected to rotating machines,

such as compressors or pumps. Such machines are the interface between electric utility and process.

For this reason, this chapter analyses the electric motors and the compressors, which are particularly

interesting for the industrial partners of this PhD project. Nonetheless, other industries might have

different types of loads that are important. For the steel making industry, for example, electric

furnaces have a relevant role.

3.2.3.1 Overview of an industrial distribution network
Fig. 3.4 shows the diagram of an example of industrial distribution grid, made of the main

substation, a primary distribution grid, a secondary distribution grid and an on site generation unit

(Mohd Noor, 2018).

In the main substation, the electricity through the transmission lines arrives from the public

electricity grid to the production site. Large loads, such as electric motors are connected to the

primary grid. Loads requiring little power, such as instrumentation and controllers, are connected

to the secondary grid.

Electricity has the highest voltage in the electrical distribution network at the main substation,

connected to the transmission line. Larger loads require generally larger voltages. Therefore,

voltage is gradually stepped down using transformers. One or more loads share a feeder at a

specific voltage.

Frequency is equal all over the grid. The speed of electric motors (with the exception of DC motors,

not so common in industrial settings any more) depends on the frequency of grid. Some motors

have to run at constant rotational speed and are installed connected directly to a feeder. For other

applications, motors need to change their speed. In these cases a variable speed drive is installed
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Figure 3.4: Example of an industrial distribution grid (from Mohd Noor (2018)).

between feeder and motor, which is a power electronics device whose function is to modulate the

voltages or currents entering the motor to control its rotational speed.

There are two types of electric AC motors. According to TMEIC (2019), a joint venture between

Toshiba and Mitsubishi, synchronous motors are prevalent for loads larger than 30 MW. Asyn-

chronous motors are otherwise preferred. However, these limits have changed in the last years. In

2010, synchronous motors were preferred for loads larger than 1.5-2 MW according to experts from

ABB (Steimer et al., 2010). Asynchronous motors are cheaper and need less maintenance than

synchronous motor. However, they are less efficient. In this thesis, the focus is on asynchronous

motors which are more common.
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3.2.3.2 Propagation of voltage disturbances
Disturbances of the voltage are caused by variations of the currents. For the same power delivered,

an increase of currents decreases the voltage. For example, during short circuits and starting of

loads the inrush currents can be very high and the voltage can drop.

Disturbances of the voltage can come from the grid and propagates through the electric distribution

network, or propagate from any point of the electrical distribution network. In the latter case, the

magnitude of the variation of the voltage diminishes generally the further the point of measurement

is from the source of disturbance. because the impedance between these two points is larger (Khan,

2008).

3.2.3.3 Propagation of frequency disturbances
The main frequency is the same all over the electric distribution network and it is equal to the

frequency of the public grid. It changes because of the imbalance between active power produced

and consumed. Since the balance is never perfect, the frequency changes continuously within two

limits.

On the top of the sinusoidal signal with the fundamental harmonic, the electric signal can be affected

by harmonics. The IEEE Industry Applications Scoiety (1999) defines a harmonic as “a sinusoidal

component of a periodic wave or quantity having a frequency that is an integral multiple of the

fundamental frequency”. The harmonics are a main problem and they can propagate. However,

according to interviews with experts from ABB reported by Borghesan et al. (2019b), they pose

mechanical issues to process units but they are not sources of propagation of process disturbances.

3.2.3.4 Compressors
A compressor is a device that increases the pressure of a gas. A way to control the pressure is by

changing its rotational speed.

Using variable speed drives has maintenance and control advantages over using gas or steam turbine

to drive the compressor. Electric motors are more robust than turbines and can change their speed

faster.

However, electric motors have some disadvantages. There must be always a very close balance
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between electrical energy produced and consumed. Using electric motors on an offshore platform

can be an issue because any imbalance of power, even short, in such a small electric system can

lead to a trip of all loads (Lerch, 2016).

Furthermore, short disturbances of power delivered can lead the compressors into surge. Indeed,

in such cases the speed of an electric motor decreases rapidly, bringing the connected compressors

into surge. Anti-surge system can be activated to try to avoid the trip. Still, in some case a trip is

unavoidable as this chapter will discuss later.

3.3 PROPAGATION OF DISTURBANCES WITHIN A PLANT

3.3.1 Overview of propagation mechanisms
The unit chosen to illustrate the effects of a disturbance within a plant is a distillation column,

which is a key unit in chemical plants and refineries. The separation phase of such plants is often

made by a distillation train, where a disturbance can propagate from one column to the following.

Figure 3.5 shows the scheme of a column and its main items of equipment. There are three main

disturbances considered, shown on the left side of the graphic in Fig. 3.6:

• Variation of the pressure

• Variation of the energy entering or exiting the column

• Variation of the inflow rate and its composition of the feed

The graphic in Fig. 3.6 shows how a disturbance from one of the mentioned sources can propagate

within a distillation column. The graphic shows the mentioned causes on the left in blue boxes,

the impact on energy and mass balance of a column, which are the first-principle phenomena

that regulates the functioning of a column, in yellow boxes, the visible phenomena that manifest

themselves in disturbances characterized by fast and complex characteristics in green boxes, and

final effects on the process in red boxes.

Purple boxes are used to highlight the interactions between utilities and production plants. Steam

utility can affect the energy inside the column. Steam utility can also affect the vacuum system
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Figure 3.5: Depiction of a distillation column.

and therefore the pressure of a column. Electrical utilities can potentially impact flow rates and

pressures through rotating machines such as compressors and pumps. However, Section 3.5 will

argue that the impact might not be so strong as for the impact of steam utility. Therefore, the present

author decided to not state that variations of the inflow mass rate is caused by interactions with

utilities by not using a purple box.

The following subsections analyse the elements of the graphic in Fig. 3.6, starting describing the

initial causes considered which are on the left.

3.3.2 The three cases considered and possible causes
The left side of the graphic of Fig. 3.6 shows the sources considered for possible disturbances in a

column.

A variation of the overhead pressure of a column can occur, in the experience of the present author,

because of a sluggish pressure controller, because of an obstruction in the column, because of

pressure variations from steam affecting the vacuum system, or issue in a compressor that adjusts

the pressure.
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Figure 3.6: Considered paths of disturbance propagation in a distillation column

A variation of heating or cooling rate can come from the utility. Thornhill (2005a), Chioua et al.

(2016), and Zhou et al. (2019) published case studies where sticking valves affected the inlet of

steam in reboilers of distillation columns and heat exchangers of paper production plants. Section

3.5, dedicated to the propagation of disturbances between production plants and steam utility, will

describe further cases. However, a problem with the steam boiler or cooler can also come from

heat integration. If the temperature or flow rate of the fluid used for heat integration changes, then

there is a variation of energy given or removed from the unit.

A variation of the flow rate of the feed to a column can happen, for example, because of a sticking

valve (Bauer et al., 2016; Choudhury et al., 2008) or because of controls not working properly

(Bauer et al., 2016; Choudhury et al., 2008). A variation of the composition can occur because of

a variation of the material coming from the reactor, an incorrect separation in an upstream unit,

or because there is an accumulation of some reactants plantwide (Downs and Skogestad, 2011;

Luyben et al., 1998).
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3.3.3 Energy balance
The yellow box in the second column from the left of the graphic in Fig. 3.6 suggests that variations

of inflow rates, heating and cooling rates affect the energy balance inside a column. Specifically:

• An increase in heating increases the energy in the column.

• An increase in cooling decreases the energy in the column.

• An increase in feed flow rate can increase or decrease the energy in the column depending

on the specific enthalpy of the feed.

3.3.4 Variation of temperatures and composition

profile of a distillation column
Here, the green box in the third column of the graphic in Fig. 3.6 is analysed.

Each tray in a column holds a boiling mixture characterized for a certain composition and pressure

by a boiling temperature. A temperature and composition profile for the column can be built for

the entire column.

Changing the overhead pressure affects the temperature and composition profile. The composition

profile changes also because of variation of the internal energy, which affects the vapour flow

(called also boil up). Increasing the rate at which energy is supplied, more heavy components flow

up and less light components condense. The composition profile and temperature profile change.

At this point, the control system of the column should intervene adjusting the energy rate in the

column, for example adjusting the steam flow rate and adjusting the cooling rate through the

condenser. This might propagate the disturbance to utilities, which should be robust enough to not

be affected.

3.3.5 Incorrect separation of components
Here, the first end effect of a disturbance propagating in column is described, which is represented

by the red box in fourth column from the left of the graphic in Fig. 3.6.
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Changes in the composition profile can cause impurities to be present in the outflows from the

top and bottom of the column. Impurities can represent a disturbance for the functioning of the

following process units and they might not be removed in following units. Depending on the amount

of impurity present after the disturbance, the final product might be out of specification and not

saleable.

3.3.6 Variation of internal mass flows in the column
Here, it is described that the internal flows in a column depend on the mass and energy balance.

The mass balance determines the amount of light and heavy components. The energy balance

determines how such components are split between components that fall in the bottom of the

column and those that flow in reflux drum.

In this way, the rates of the inflows to the levels of the bottom of the column and of the reflux drum

change.

3.3.7 Effects on the levels of the units
In a distillation column there are two liquid levels which should be considered. These are the level

of the bottom of the column and the one of the overhead drum. The control of such levels propagate

a disturbance further, as the two green boxes on bottom-right corner of Fig. 3.6 indicate.

3.3.8 Reaction of the level controllers
The manipulated variables of the levels of the overhead drum and bottom of a column are outflows.

Depending on the structure of the plant, the outflow of the overhead drum or the outflow of the

column might enter in a new unit. Therefore, a variation of the level that is compensated by the level

controller manipulating the outflow represents an important example of disturbance propagation to

a further unit.
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3.3.9 Variations of flow through a valve
The standard ISA S75.01 (ISA, 2007) describes the equations to model the mass flow through a

valve according to the different conditions of the flow, for liquids and compressible gases. Although

the formulations are different, they all show a dependence on the back pressure of the valve.

The back pressure of a valve can change because of variation of the overhead pressure of a unit or

also because of variations of the level of liquid. For example, the mass flow vented from the top of

a column to keep the pressure constant is affected by the overhead pressure. The outflow from the

bottom a column is affected both by the overhead pressure than by variations of the bottom level.

A flow controller in cascade can keep the flow at the desired value despite disturbances of the

pressure. However, the present author experienced in one occasion pressure oscillations that were

so fast that were not rejected by a flow controller.

3.3.10 Further propagation of disturbance downstream
A disturbance can propagate to the following process unit because of variation of the outflow mass

flow rates or because pf variation of the composition of such outflow.

Therefore, to avoid a disturbance propagation the level controllers should try to keep the outflows

as constant as possible, flow controllers in cascade to the level controllers should be used so that

variations of backpressure do not impact the outflow mass flow rates, and composition control of a

column should be tight.

3.3.11 Conclusions on disturbance propagation within a

plant
This section analysed mechanisms of propagation of disturbances within a distillation column. A

distillation column is a key unit in chemical plants and refineries. In distillation trains, a disturbance

can propagate from one column to the following.

A possible disturbance of the overhead pressure, of the heating and cooling rate, and of rate and

composition of the feed have been considered. The connections there might be with utilities have

been highlighted.
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The section described the steps that might lesd a disturbance to propagate downstream within a

plant through a variation of rate and composition of the outflows of a column.

3.4 PROPAGATION OF DISTURBANCES BETWEEN ELEC-

TRICAL UTILITY AND PROCESS PLANT

3.4.1 Overview of the propagation mechanisms
The book edited by Baggini Baggini (2008) gives a comprehensive review of the effect of electric

disturbances on individual electrical devices. However, literature has not analysed and categorized

the effects of electrical disturbances on process plants. This section addresses this open topic.

To complete this section, a cycle of interviews with professionals within ABB Energy Industries

in Oslo, Norway, has been conducted (Borghesan et al., 2019b). The aim was to understand which

are the most relevant phenomena in industrial practice.

The investigation showed that the most important types of interactions between electrical utilities

and plants are:

• Variation of frequency

• Voltage dips

• Protection tripping

To analyse these relationships, this section considers an asynchronous motor, in the case it is

connected directly or with a variable speed drive to the feeder. Asynchronous motors are the most

common type of electric motors for middle range power and high power up to 30 MW TMEIC

(2019).
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3.4.2 Variation of the frequency

3.4.2.1 The magnitudes and durations of frequency changes
The frequency of an electric grid changes because of imbalances between the power generated

and the power consumed by the loads and power generated. A perfect balance is impossible and

the frequency of the grid varies continuously. However, the frequency remains most of the time

between the maximum and minimum allowed frequencies. Outside these constraints, the balance

between power generated and consumed is restored by tripping loads or generators. The MPC

framework proposed in this thesis cannot do anything against a trip. Therefore, the interest of this

section is defining the largest disturbance in frequency that does not lead to a trip of units.

Baggini (2008) mentions the European standard EN 50160/2006 (in developing countries the limits

might be more loose (Borghesan et al., 2019b)). The standard states that the frequency of a system

connected to the public main grid must stay within:

• 50 Hz ±1% (49.5 − 50.5 Hz) for 99.5% of the year

• 50 Hz +4%/−6% (47 − 52 Hz) for 100% of the time

In the rare case the frequency varies more than 0.5 Hz, the duration of the disturbance should be

short. British National Grid states that any frequency deviation below 49.5Hz should not persist

for more than 60 seconds (National Grid, 2006).

If the system is in island mode, as in the case in off-shore platforms, the limits are more stringent.

For the case study of an offshore LNG platform, Siemens (Lerch, 2016) reports that decreases of

the frequency in the order of 0.5 Hz can last only up to 10 s before causing a trip of the generators,

as Table 3.1 reports.

3.4.2.2 Effect of frequency changes on an asynchronous motor
Depending on the connection of the motor to the grid, a variation of the frequency can cause

a variation of the rotating speed because the torque applied by the motors can be related to the

frequency of the voltage of the grid. If the motor is connected through a drive, the frequency seen

by the motor is not the same of the frequency of the grid affected by the disturbance. Conversely, if
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Table 3.1: Manufacturer standard settings for the Siemens steam turbine SST-400 connected to the generator
in Lerch (2016).

Frequency variation
from nominal

Protection settings

𝑓 = +2.5 Hz 10 s delay
𝑓 = −0.5 Hz 10 s delay
𝑓 = −2.5 Hz 5 s delay
𝑓 = −3 Hz 3 s delay

the motor is connected directly to the grid, the frequency of the electric supply to the motor is the

one of the grid. Consequently, professionals of ABB Energy Industries (Borghesan et al., 2019b)

stated that a drive can be considered a protection for the motor and process to frequency variations,

but only if the frequency variations are small in magnitude.

3.4.2.3 Effects of frequency changes on the process
The system made of compressor and electric motor described in Cortinovis et al. (2014, 2015, 2016)

has been modelled and simulated in collaboration with M. Zagorowska within the Horizon 2020

PRONTO project. However, the drive has not been modelled to analyse the effects of variations of

frequency in the case of a motor connected directly to the grid.

Fig. 3.7 shows the trajectory made by the system after a decrease of the frequency of the grid. The

frequency decreases step-wise of 0.5 Hz from a nominal value of 50 Hz. This is the variation of

frequency allowed in a public electricity grid for 99.5% of the time. In such conditions, first the

mass flow is reduced and only thereafter the pressure ratio falls, while the mass flow rate slightly

increases again at the end of the transient.

The values of the variables considered have been normalised over their nominal values. The

excursion of the mass flow rate is higher than the one of the pressure ratio. This occurs because

the pressure depends on the amount of gas present in the pipelines and vessels connected to the

compressor. The volumes of such elements act as buffer. Such a fast transient of the mass flow

rates does not change considerably the mass balance and the pressure inside these volumes. Figure

3.9 shows that the compressor goes closer to the surge line during the transient.
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Figure 3.7: Evolution of the system over the plane representing mass flow and pressure ratio of the compressor
after a decrease of 0.5 Hz of the frequency of the grid from 50 Hz.

Figure 3.8: Motor torque response after a decrease of 0.5 Hz of the frequency of the grid from 50 Hz

However, the excursion is very limited at least for this test compressor and for this limited variation

of the frequency. Furthermore, at steady state, the control system of the compressor will reject the

effects of such electric disturbance on the compressor. Consequently, the only relevant effect might

be the mechanical stress on the shaft of the motor caused by the large variation of the torque that

Fig. 3.8 shows.
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Figure 3.9: Distance to surge response after a decrease of 0.5 Hz of the frequency of the grid from 50 Hz

3.4.3 Voltage variations and voltage dips

3.4.3.1 The magnitudes, durations and causes of voltage changes
The European norm EN 50160 defines the standards that European energy suppliers should provide.

According to this norm the amplitude of the voltage of the electrical power supply should be within

a range of ±10% of the nominal value when measured at connection between the public electricity

grid and the industrial distribution network (Markiewicz and Klajn, 2004). Voltage disturbances in

this range are called voltage fluctuations (Baggini, 2008).

However, the voltage at the terminal of an electric machine can be influenced by the equipment

surrounding it. This voltage is called utility voltage and the European norm EN 61000 defines its

allowed variations. The amplitude of such variations should not exceed 3% in normal operation,

although in case of a large load change or switching operations they can reach 10% and the duration

can be a few tens of seconds (IEC, 2002a).

A voltage dip is a voltage reduction of more than 10% of the nominal value. Such voltage changes

often occur due to environmental reasons, such falling trees and weather conditions that can break

a cable and cause a short circuit (Baggini, 2008; Bakken et al., 2016). The voltage dip lasts until

the protection system of the grid is able to isolate the short circuit from the rest of the grid. The

technological level of the grid and configuration of the grid have an impact on the duration, while

the proximity of the place of measurement from the place of the fault has an impact on the depth

of the voltage dip (Bakken et al., 2016; IEC, 2002b).
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Table 3.2: Average duration and depth of voltage dips in two surveys

Location Duration Depth Source of information

Europe 50-150 ms 0-100 % IEC (2002b)
Kollsnes and Kårstø,
Norway

50-150 ms 15-50 % Bakken et al. (2016)

USA 65-165 ms 80 % Gunther and Mebta (1995)

Table 3.2 lists the average characteristics of a voltage dip according to three surveys done in Europe,

in two production sites of Equinor in Norway, and across USA. The location and the weather of a

specific season and year has also an impact on the frequency of such events. As example of critical

conditions, Bakken et al. (2016) registered 26 events of voltage dip over a period of four years

between the production sites of Equinor in Kollsnes and Kårstø, Norway.

3.4.3.2 Effect of voltage change on an asynchronous motor
Fluctuations of voltage (voltage variations within ±10% of the nominal value) applied to a motor

have little impact on the speed and general functioning of a motor. The variation of the torque

of a motor is relatively small in such cases while the inertia is high (IEEE Industry Applications

Scoiety, 1999; Stein and Ghassemi, 2019).

Instead, voltage dips (voltage reductions larger than 10% of the nominal value) might cause a trip

of the motor, of the drive or of the machine connected to the motor. Regarding the motor and

the drive, the problem is that high currents can flow in such elements once the voltage amplitude

recovers after a voltage dip (Bollen, 1995; Gomez et al., 2002; Wang et al., 2012). Such high

currents can damage the motor and the power electronics. Therefore, it is better to trip motor and

drive, and restart them with a dedicated procedure that limits the currents flowing.

3.4.3.3 Effects of voltage changes on the process
In addition to the trip of a motor or drive, a voltage dip can cause a controlled trip of the machine

connected to the electric motor because the machine is going to enter in an operating area that can

damage it. An example is when a compressor is connected to a motor. The reduction in rotational

speed leads to a reduction in mass flow rate through the compressor, which in turn leads the system
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into surge. If surge cannot be avoided by using the anti-surge valve (which recycles gases flowing in

a compressor), the compressor is tripped in a controlled way. In case of a trip, the MPC framework

proposed in this thesis cannot help, as explained in the introduction.

Still, commercial solutions have been made available with so called ride through capabilities that

prevent a trip of compressor and drive (Besselmann et al., 2016; Cortinovis et al., 2015, 2019;

Wymann and Jorg, 2014). The solution described in Bakken et al. (2016), Besselmann et al.

(2016), and Cortinovis et al. (2015, 2019) decides whether a limited amount of torque should be

provided to the compressor connected, to prevent it entering into surge. The following analysis

determines the effect on the process of a voltage variation, assuming that such voltage variation do

not cause a trip of the unit. The cases of a motor connected to a drive and of a motor connected

directly to the grid are both considered.

To analyse the effects on a system with a motor connected to a grid, the same system considered in

Section 3.4.2 has been used. Two cases have been analysed. Fig. 3.10 shows the trajectory of mass

flow and pressure ratio, and the trend over time of the torque for a voltage fluctuation of -3% from

the nominal voltage for a duration of 10 s. Fig. 3.11 shows the corresponding plots for a voltage

reduction of -50% of nominal voltage for a duration of 350 ms. For the voltage fluctuation, Fig.

3.10b shows that the variations of the torque are large (almost -15%). This might cause mechanical

problems. Nonetheless, the variations of pressure ratio and mass flow rate shown in Fig. 3.10a

are minimal. They are more severe for a voltage dip, shown in Fig. 3.11a. Both cases show

however that the magnitude of the disturbance on the process side is largely reduced. For example,

a reduction of 50% of voltage causes a reduction of mass flow of 6%.

The results do not change when a motor is connected to an electrical drive instead of being connected

directly to the grid. Cortinovis et al. (2016) published and described the trend over time of discharge

pressure after a dip lasting 150 ms and a ride through system in action. If the pressure stayed nearly

constant, the compressor flow saw a reduction of maximum 6% with a transient of 4s. Also in

this case the effect on the process is limited. According to the author of this thesis, the probable

reason is that the torque changes for a very limited amount of time and the inertia of such system

is relatively high.

To conclude, a voltage dip can lead to a trip of the compressor or of the connected motor and drive.
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(a) Response of mass flow rate and pressure ratio

(b) Response of the motor torque over time

Figure 3.10: Voltage variation of -3% of the nominal value for 10 s

It can also reduce the mass flow rate flowing through the compressor. This reduction might upset

the process but it depends on the process whether a sudden and short change of the mass flow is

important. Furthermore, as discussed earlier, the work of Bakken et al. (2016) reported 26 voltage

dips over a period of four years between the production sites of Equinor in Kollsnes and Kårstø,

Norway. While this is a relevant number if the consequence is a stop of production, it does not

seem relevant if the consequence is a short fluctuation of the mass flow rate for few seconds.
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(a) Response of mass flow rate and pressure ratio

(b) Response of the motor torque over time

Figure 3.11: Voltage variation of -50% of the nominal value for 350 ms

3.4.4 Disturbances propagating from the process to the

electric grid
Apart from the known step variations of load, the present author did not find many examples of

plantwide disturbances propagating from the process to the grid. A problem which might occur

are sub-synchronous oscillations, which are mechanical and grid oscillations at a lower frequency

than the frequency of the grid.

The work of General Electric (GE) showed in Rotondo et al. (2015) is the only discussion of this

problem found. The authors discussed a compressor whose anti surge valve was affected by stiction.
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The sticking valve caused an oscillation of the compressor flow which excited the first of the natural

frequencies of the system at 10 Hz, resulting in vibrations of the gear connecting the electric drive

to the compressor, ripples in the torque delivered by the drive and in the currents (which are related

to the torque) flowing in the drive. However, the authors do not mention whether such disturbance

propagated through the distribution network to other electromechanical units. This was an example

that the authors wanted to present to the oil and gas community to make it aware of the possible

interactions between process and electromechanical systems.

The experts interviewed in ABB Energy Industries in Oslo, Norway (Borghesan et al., 2019b)

were asked to provide examples of disturbance propagation from the process to the grid (other than

planned load variations). One of them noted that the compressors are particularly prone to induce

the trip of their connected motors, whereas pumps (e.g. water pumps) do not create such problems.

It is however difficult to say whether the problem of such trips comes from the process, or rather

from the integration of compressors and electric drive.

Centrifugal compressors are affected by unstable transients of pressure and flow leading to a

compressor trip, when excited with torsional vibrations at sub-synchronous frequencies from 5 to

50 Hz (Wachel and Szenasi, 1980). Such vibrations are known to be caused by the drive (Hütten

et al., 2013; Jorg et al., 2013; Kita et al., 2007; Wachel and Szenasi, 1993), but apparently they can

be also caused by the process as in the former example of GE (Rotondo et al., 2015).

To conclude, plantwide disturbances are not widely acknowledged to be source of disturbances

propagating to the grid, although they can create mechanical issues and might cause a trip of the

motor and load.

3.4.5 Conclusions on disturbance propagation between

electrical utility and plant
The analysis reviewed the possible interactions between electromechanical systems and processes.

It results that the effects of such interactions are short abrupt process disturbances, or mechanical

damage and trips of the units.

When electrical disturbances do not cause a trip, their effects on a process seem limited to few
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seconds and the amplitude of a disturbance on the process side is far smaller than on the electric

side. This is due to the inertias of rotating machineries which dampen the effects of an electrical

disturbance and due to the limited duration of electrical disturbances. Furthermore, the presence

of large electrical disturbances which might have an impact on a process, although limited if does

not lead to a trip, are rare when the industrial site is connected to a public electricity grid.

The analysis in Section 3.4.4 found very little awareness of propagation of plant-wide disturbances

to electrical utility. However, GE (Rotondo et al., 2015) showed a case study where the ripples

caused by a sticking valve can propagate up to the electric drive. The aim of the paper was to

make the oil and gas community aware of the interactions between process and electromechanical

systems.

Interviewed on the topic, experts of ABB commented they do not typically see disturbances

propagating from the process to the grid. One expert noted that compressors are prone to cause

trips of motors for reasons unknown and to be investigated. However, centrifugal compressors are

known to trip following vibrations that can be caused by the electric drives and in some situations,

according to the case study of GE mentioned before, by the process. Therefore, the process is likely

not the only and major cause of such trips of compressors.

To conclude, the interactions between electrical utility and process do exist. However, when they

do not cause a trip of the motor or of the machine, they represent problems that have a limited and

infrequent impact on the process. Instead, when they cause a trip of the unit, the control framework

proposed in this thesis cannot alleviate the situation. A trip of a machine can lead to a stop of a

production or it represents for the rest of the system a simple step disturbance. In the latter case,

the control system would not benefit from a multi-step prediction.

3.5 PROPAGATION OF DISTURBANCES BETWEEN STEAM

UTILITY AND PROCESS PLANT

3.5.1 Overview of the propagation mechanisms
Fig. 3.12 shows the sources and the mechanisms of propagation of disturbances within a steam

utility, and between a steam utility and production plants. The sources of disturbances are on the
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Figure 3.12: Considered paths of disturbance propagation in a steam utility connected to a plant

left of the graphic. Some sources are endogenous to the steam utility such as malfunctions or

changes of the fuel used. Other disturbances are exogenous and caused by variations of request for

steam from the loads.

All sources have three types of outcome, represented on the right of Fig. 3.12.

• Heat transfer with the process deviates from its desired value, propagating the disturbance to

the process.

• A component breaks, affecting the production.
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• A boiler is forced to trip.

The control framework proposed in this thesis can mitigate the disturbance propagation caused by

heat transfer deviating from its desired value. It cannot do anything once a unit of the plant breaks

or trips. However, it might avoid a safety trip of the boiler in some circumstances and it should

avoid the conditions that will lead later a device or a process unit to break.

This section describes the main phenomena and interactions between the elements of Fig. 3.12.

There are three main first-principle phenomena, highlighted in yellow in Fig. Fig. 3.12, which are

present in a steam utility. These are:

• Low steam quality (where the steam quality is an indicator of the amount of water in the

steam)

• Variation of energy in the boiler

• Variation of level of water in the drum of the boiler

The first-principle phenomena give rise to a series of other phenomena, highlighted in green in Fig.

3.12, which are visible and measurable.

The section is organized so that Section 3.5.2 describes the problem of low steam quality, Section

3.5.3 describes the variation of energy in a boiler, while Section 3.5.4.2 focuses on the variation of

level in a boiler.

3.5.2 Low steam quality

3.5.2.1 Causes of low steam quality and condensate in the steam net-

work
Fig. 3.13 highlights the paths considered for the low steam quality. The phenomenon of low steam

quality, often called wet steam or carryover, refers to the saturation of steam and therefore to the

presence of small drops of water condensate in the steam. Low quality means that a high amount

of water is entrained in the steam.
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Figure 3.13: Considered paths of low steam quality

The reasons for a low quality of steam can lie in the boiler, in the distribution network, or in both.

Fig. 3.13 highlights four sources, which are the variation of energy in the boiler, the low operating

pressure, the high level of water in the boiler and malfunctioning of steam traps.

Heat losses along the pipelines are present in the steam distribution network and the presence of

condensate is normal (TLV, 2019). For this reason, the steam distribution network must be designed

so that the condensate is removed through steam traps and does not accumulate in specific spots

(Swagelok Energy Advisors, 2019). Nonetheless, the steam distribution network might be badly

designed, because it collects pockets of condensate in certain points, or some traps might not be
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working properly. In addition, the problem can lie in the boiler because not only steam but also

unexpected condensate is carried over.

Low pressure increases turbulence in the drum of a boiler. This makes more likely that water in

place of steam enters in the steam distribution network. The pressure can be permanently low

because that is its operating point. In this case, the wrong set point is the source of the problem.

Alternatively, it can be only temporarily low as a consequence of the increasing outflow of steam

due to an increasing request of steam.

As with low pressure, a high level of water in the steam drum increases the possibility that turbulent

water spills and enters in the steam distribution network. Finally, variation of energy is especially

problematic when the flow rate of feedwater to the drum suddenly rises. This rise reduces the

energy in the steam drum and creates small drops entrained in the evaporating steam. These reduce

the quality of the steam.

3.5.2.2 Effects of low steam quality
A problem caused by steam with low quality is that the entrained droplets are abrasive, damaging

valves and steam turbines (Swagelok Energy Advisors, 2009). Furthermore, low steam quality can

reduce the heat transfer efficiency(Swagelok Energy Advisors, 2009). However, these two effects

are not relevant for this thesis because they do not represent disturbances that can be solved by the

proposed control system.

It is is relevant that drops of water can build up and fill with condensate the pipes of the distribution

network and of reboilers. The presence of condensate within a steam system can cause the following

issues:

• Water hammer

• Flow instabilities showing disturbances of the flow and pressure of the steam with both

– Oscillating patterns

– Abrupt patterns

• Limit cycles due to the interaction with the control system of the heat exchangers
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(a) Pressure variation in a pipe during an experimental water
hammer caused by a sudden movement of water condensate. Data
from McDonald (2000)

(b) Pressure variation in a pipe during an experimental water
hammer caused by condensation. Data from Gruel et al. (1981)

Figure 3.14: Two examples of experimental water hammers

3.5.2.3 Water hammer
Water hammer is an abrupt pressure variation inside the pipes of a system, causing a loud sound

which reminds the one of a hammer. Water hammer is caused by two phenomena (TLV, 2019).

One phenomenon occurs when high speed steam draws the condensate inside pipes, forming slugs

of condensate. When the pipe curves, the turbulent condensate can strike against the curve or a

valve. The other phenomenon occurs when pockets of steam are encircled by colder condensate.

The pocket of steam condenses suddenly, implodes reducing its volume, creates a vacuum, and a

strong, spiky, pressure variation occurs. Fig. 3.14 shows examples of water hammer.

While the phenomenon of water hammer is well known to pose mechanical issues in pipelines and

heat exchangers, the present author did not find sources linking water hammer to disturbances of
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(a) Example of pressure variation due to steam and condensate interactions. Data from
Kakac and Bon (2008).

(b) Trend over time of the pressure of a steam flow affected by geysering. Data from
Jiang et al. (1995)

Figure 3.15: Oscillatory and abrupt flow instabilities.

the controlled process variables of the plant. In addition, the phenomenon seems to develop in

a time of milliseconds in some experimental papers (Gruel et al., 1981; McDonald, 2000) and it

might be too short to have an impact in the process.
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3.5.2.4 Flow instabilities
If condensate is present, the liquid and vapout phase can interact for certain conditions of pressure,

rate of mass flow and external heating. Such interactions can manifest themselves as oscillations

or abrupt variations of pressure and rate of mass flow. These are called flow instabilities and have

been extensively studied in the field of nuclear engineering for steam generation with Boiling Water

Reactors (BWRs), for example in Durga Prasad et al. (2007), Jiang et al. (1995), Kakac and Bon

(2008), Rouhani and Sohal (1983), and Zhang et al. (2020). The reason is that such disturbances

also affect the power produced by a plant and pose problems to control systems, although the

authors do not specify which ones. Fig. 3.15a shows an example of an oscillating disturbance and

Fig. 3.15b shows an example of an abrupt disturbance.

By contrast with the literature on nuclear plants, there are very few works on the effects of

such oscillations in process plants. The works found (Agunlejika et al., 2016; Alane and Heggs,

2011; Kessler, 2014; Kister, 1990) focus on reboilers of distillation columns functioning through

natural recirculation. This is the same principle of circulation of a BWR. As for the BWRs, such

disturbance occurs at start up or at low heating power. However, the fluid which exhibits first this

type of disturbance is the process fluid in case of reboilers of columns, whereas it is water in the

case of BWRs.

In case of reboilers of columns, the pressure and temperature of the steam flowing in the reboiler can

be affected (Agunlejika et al., 2016). However, this paper does not discuss whether the disturbance

can propagate further in the steam utility.

The next case study might suggest that flow instabilities might occur also the steam side. Fig. 3.15b

shows an example of pressure variations of pipes affected specifically by geysering published in

Jiang et al. (1995). Geysering is a phenomenon where a bubble of steam originates at the bottom

of a column of liquid, becomes bigger and then implodes (Durga Prasad et al., 2007; Jiang et al.,

1995). The example mentioned is similar to the trend plotted in red in Fig. 3.16, which plots the

pressure of the steam serving the distillation column number 3 of the Eastman plant described in

Thornhill et al. (2003).

The case in Thornhill et al. (2003) is different from the one mentioned previously in Agunlejika

et al. (2016) because there is no reboiler. The steam is injected in the column, which is stripper.
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Figure 3.16: Effect of abrupt disturbances, maybe caused by water hammer or geysering, or temperature of
the process fluid. Trend over time of Tag 27 (bottom temperature of a column), Tag 28 (steam pressure in
the reboiler of the column) and Tag 30 (steam flow) of the dataset used in Thornhill et al. (2003)

Fig. 3.16 plots temperature of the bottom of the column, mass flow rate and pressure of steam.

The temperature follows qualitatively the trend of the other two variables.The disturbance might

originate from the steam.

3.5.2.5 Stall of a reboiler
Stall of a reboiler occurs when the condensate builds up and drain periodically, thus affecting

the heat exchange area and, eventually, the heat transfer to the process, and causing persistent

disturbances propagating to the process.

The documentation of Spirax Sarco (2019), a company focusing on steam systems, describes the

phenomenon. When the load for a reboiler reduces, the inlet steam valve closes, reducing the

pressure inside the reboiler. The pressure can reduce so much that the steam trap locks and cannot

drain the condensate. Indeed, the steam traps need a minimal differential pressure to work.

The increasing level of condensate in the reboiler reduces the heat transfer area. Therefore the

temperature of the process liquid decreases below the required set-point after a while. When the

controller opens the steam inlet valve again, the pressure inside the reboiler increases and the

condensate is soon drained. However, the temperature of the process liquid increases and the steam

valve must be closed again. Therefore, the cycle restarts.
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The TLV Corporation (TLV) has an animated webpage showing how such cyclic variations propag-

ate to the process: https://www.tlv.com/global/ME/steam-theory/stall-phenomenon-

pt1.html. To the knowledge of the present author, there are no example in the academic literature

of disturbances caused by stall of heat exchangers.

3.5.3 Variation of the energy in the boiler

3.5.3.1 Causes of variation of the energy in the boiler
The control system of the level of water in the boiler can vary the energy in a boiler. This is

particularly true for old plants, with on-off control systems (Oram and Borghesan, 2019). Variation

of energy may be also caused by variation of the firing rate, which is the heat provided by burning

fuels, as Section 3.5.3.4 will discuss. Additionally, variations of load change the net energy in the

distribution network and in the steam drum and this is the topic of the Section 3.5.4.2.

3.5.3.2 Effects of variation of the energy in the boiler
Water evaporates when a certain level of energy per mass of water is reached. Consequently

variation of energy provided to water acts on the production rate of the steam. A change of

production rate affects the pressure in the steam header, as Fig. 3.17 suggests. The change of

the pressure of the steam propagates to the process liquid. Furthermore, sudden reductions of the

energy provided to the boiler, for example by increasing the colder feed of water, can also influence

the steam quality because the steam might slightly condense, entraining small drops of water.

3.5.3.3 Variations of the feed of water in the boiler
The level of water in the steam drum is controlled using a feed of water, which is necessarily colder

than water in steam drum, even if pre-heated (Dukelow et al., 2005). Therefore, whenever the feed

changes, this disturbs the amount of energy in the steam drum. In particular, an on-off type of

control of the level of the drum was common in the past and it is a known source of disturbances

(Dukelow et al., 2005; Hahn, 1998). However, such disturbances are often overlooked by the

companies operating the plants, according to Spirax Sarco (2014).

https://www.tlv.com/global/ME/steam-theory/stall-phenomenon-pt1.html
https://www.tlv.com/global/ME/steam-theory/stall-phenomenon-pt1.html
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Figure 3.17: Considered paths for a variation of energy in a boiler.

Hahn (1998) explains what occurs when the feed is suddenly raised. Initially, since the drum is not

a perfectly mixed volume, the feed of water first creates a cold layer of water within the drum. The

interaction between the steam bubbles rising in the drum and the colder layer of water causes some

of the steam in the bubble to condense. This causes two problems.

The most important problem from a control point of view is the suppression of the rate of steam

production (Dukelow et al., 2005; Hahn, 1998; Spirax Sarco, 2014). Indeed, the colder water

reduces the steam production until saturation temperature of water is reached again (Hahn, 1998).

Reducing the steam flow, the pressure in distribution network reduces as well.
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The other problem is that the contact of colder water with steam causes fog in the drum (Hahn, 1998;

Spirax Sarco, 2014). This means steam entrains water and therefore the steam quality deteriorates.

These problems can be attenuated by using a continuously modulated feed of water in place of an

on-off controller (Dukelow et al., 2005; Hahn, 1998; Spirax Sarco, 2014).

The present author himself experienced site wide disturbances in a production site in Germany

caused by an on-off control level of the steam drum. The pressure of the steam exhibited oscillations

with a period of one hour which propagated further in the process. The distillation columns served

by this system showed, for example, oscillations of the controlled temperature and of the levels of

the bottom of the column with the same period.

3.5.3.4 Variability of the firing rate
In a boiler, the firing rate determines the heat provided through the furnace to water. Such heat

depends on the mass flow of fuel, on its calorific value and the ratio between air and fuel in the

burning process. Any change of these parameters is a disturbance for the heat, impacting steam

production, pressure and level of a boiler (Elguindy, 2013). These changes can be more problematic

if they are not measurable (Dukelow et al., 2005; Kortela and Lautala, 1984).

The mass flow rate of a solid fuel like coal can be difficult to measure. Therefore, the control works

in open loop and disturbances on the final controlled variable are less likely to be compensated on

time (Dukelow et al., 2005). Even if the flow rate of fuel is measured, the calorific values of the

fuels can still change. This occurs when the burner accepts different fuels but it can also occur

because the intrinsic quality of fuel is not constant, as in the case of coal, biomass, municipal waste

or industrial by-products (Dukelow et al., 2005; Kortela and Lautala, 1984; Woodward, 2006).

In these cases, adding additional firing can be a solution (Dukelow et al., 2005). To control the

additional firing and compensate for the disturbances, the calorific value of the variable sources

might be retrieved through other parameters. The oxygen consumption (Kortela and Lautala, 1984),

or variations in the steam pressure (Dukelow et al., 2005) can be measured and used to calculate

variations of the energy provided to the boiler. Once that the energy coming from the disturbed

sources is known, the additional fire can compensate for that.

Finally, the ratio between air and fuel can be influenced by variation of the fuel but also by variations
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of the air flow in the burning process. The latter is influenced by the pressure control inside the

furnace. Dukelow et al. (2005) mentions possible interactions between pressure control and air/fuel

ratio.

3.5.3.5 Variations of the load
For batch processes, starting and shutting down units requiring steam is a frequent operation (Hahn,

1998). Steam valves are often opened at once when a batch process starts. The initial request of

steam during start-up can be three times higher than in the steady state regime (Hahn, 1998).

Adams et al. (2008) reported non-linear oscillations of the flow of steam in a sugar mill. The

oscillations had a period of 10 minutes and were caused by the continuous switching of loads in

the production site. The disturbance propagated affecting levels and concentrations of juice in the

units in operation. The authors did not analyse however the impact of the disturbance on the rest of

the steam utility.

Majanne (2005) explained that also paper industry is characterized by frequent switching of loads.

This has an impact the pressure of steam in the steam distribution network. Switching of a unit can

represent 20-40% of the nominal load of the boiler and the control of the system has to keep the

pressure within limits. However, Majanne (2005) considered only step variations in its simulations

and did not mention possible oscillations in such systems.

Another possible cause of variation of load that can impact the pressure in the system is a valve

stiction. Adams et al. (2008) mentioned also oscillations of steam flowing into loads due to a

sticking valve. Sticking valves impacting pressure of steam in the steam headers are reported also

by Chioua et al. (2016), Thornhill (2005a), and Zhou et al. (2019).

The present author did not find publications describing the impact of stall of reboilers on the rest

of a steam utility. Still, this phenomena might have an impact similar to that of sticking valve.
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3.5.4 Variations of level of water in the drum of a

boiler
The level of water in a boiler has to stay between upper and lower limits. When the level is

below the lower limit, mechanical damage can occur because boiler tubes are uncovered and can

overheat. When the level is above the upper limit, splashes of boiling water might enter in the steam

distribution network causing low steam quality (Dukelow et al., 2005; Hahn, 1998; Kehlhofer et al.,

2009; Spirax Sarco, 2014). In both scenarios, the boiler is tripped, causing a major impact on the

production site.

The variation of the level of water in a drum of a boiler depends on the total volume, given as

the sum of the volume of water in the drum and the volume of steam bubbles entrapped in the

water (Åström and Bell, 2000). The volume of the bubbles of steam depends on the pressure in the

boiler. The coupling between pressure and volume makes the control of the level hard in case of

disturbances that affect pressure and mass of water inside the drum (Åström and Bell, 2000).

3.5.4.1 The causes of level variations
The heating provided to the boiler, the steam outflow and the feed of fresh water all affect the

pressure and mass of water in the drum, and consequently the level of the drum (Åström and Bell,

2000).

Dukelow et al. (2005) explained the initial response of level of water through variations of the rate

of feed water. In Elguindy (2013), the disturbance is the heat provided to the boiler. The heat

comes from the exhaust of gas burnt in a gas turbine for generation of electricity. The disturbances

of the heat affect pressure and level in the drum of the boiler. Hahn (1998) considered the case

where the disturbance is the load request which changes abruptly because of starting of units for

batch processes.

According to Hahn (1998), the variations of steam request are particularly problematic for the level

of water in a drum because steam valves are often opened at once when a batch process starts. This

causes an overshoot in steam request. He stated as example that although the unit started might

represent a 5% of the load of the boiler in steady-state, the initial overshoot can be 15% of the

nominal load of a boiler. These magnitudes are problematic for the level of a boiler.
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Figure 3.18: Considered paths for variations of the level.

3.5.4.2 The effects of fast changes of steam demand on level vari-

ations
Opening the steam valve causes the pressure to drop rapidly. With a lower pressure, more drops of

water are entrained in the steam and brought to the steam distribution network. Also, the bubbles

of the boiling water become bigger, increasing the volume and level of water. This phenomena is

called swell (Dukelow et al., 2005; Hahn, 1998). Low pressure leads also to a higher turbulence

of water (Spirax Sarco, 2014). Hahn (1998) and Spirax Sarco (2014) stated that water is sucked in

the steam line in such conditions. This leads to the problem of poor quality of steam. If the level

of water crosses the upper limit, the boiler will trip.
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Another problem caused by a change of the steam request is that during swell, measurement of the

level of water gives an overestimate of the mass of water present in the drum. Furthermore, the

measurement is imprecise when water is turbulent and can be worsened in the presence of a thick

layer of foam. This foam is caused by salts dissolved in water that are not removed by a proper

desalination (Hahn, 1998; Spirax Sarco, 2014). In these conditions, the control of the level might

not add enough fresh water in the boiler. However, the level can drop below its lower limit once the

pressure increases again. Decreasing below the lower limit, tubes used for heating the water in the

drum are uncovered, can overheat and damage. To avoid the damage, the boiler is tripped when the

level is below the lower limit. Therefore, disturbance of the load can propagate to the level of the

boiler, and lead to a trip of the unit.

Relatively similar dynamics occur when there are changes in the flow rate of the feed of water, or

in the rate at which heat is provided. Åström and Bell (2000) and Dukelow et al. (2005) describe

them in detail.

3.5.5 Conclusions on disturbance propagation between

steam utility and production plant
This section reviewed the interactions between steam utility and production plants. The analysis

showed that persistent as well as abrupt disturbances can occur in the interaction between steam

utilities and process plants.

Presence of water condensate in the steam pipelines is mainly considered as a cause of mechanical

damage. Nonetheless, this thesis argues that the presence of condensate might have also impacts

on the process. Flow instabilities can occur when steam and condensate interact and these might

impact the process.

Another source of disturbance is the stall of reboilers, occurring for low loads of the reboilers.

Stall causes persistent disturbances to the loads and, apparently, it has not been studied much by

academia.

The section presented also the effects that variations of load requests, firing rate and feed of fresh

water have on steam pressure and level of water in the drum of a boiler. The steam pressure has an



118

impact on functioning of loads. Variations of level of water in the drum can lead to a trip of the

boiler if outside certain limits.

3.6 PROPAGATION OF DISTURBANCES BETWEEN STEAM

UTILITY AND ELECTRICAL UTILITY

3.6.1 Overview of the propagation mechanisms
Many of the problems considered in the former section while analysing the interactions between

steam utility and production plants apply also to the case of propagation of disturbances between

steam utility and electrical utility. In particular, the problem of low steam quality has been

already described. Also the former section analysed the effects that a change of request of steam,

independently whether from a production plant or a turbine, causes to the steam utility.

This section addresses two points that have not been discussed before. The first discusses what are

the disturbances considered for the steam utility when a system is in island mode. The second regards

the limitations of the interactions between the control of steam turbines for electricity generation

and steam utility. The latter point is analysed comprehensively in references like Kundur and Balu

(1994) and Machowski et al. (2011).

3.6.2 Disturbances in island mode caused by an

imbalance between power generated and consumed
The variation of load for the steam turbines requires an intervention of the steam utility. However,

when the production site is connected to a public electricity grid, the intervention of the industrial

steam utility will be minimal (Lerch, 2013). The frequency will vary slowly thanks to a large inertia

given by the public electricity grid.

On the other hand, when a production site is in island mode, there are few generators of steam and

few electric loads. Therefore, any power imbalance has to be compensated by sharing among few

steam generators. A series of papers by Siemens (Lerch, 2013, 2016; Loscha et al., 2016) dealt with

this problem. They designed an LNG offshore platform analysing a scenario where a gas turbine

trips. The trip of a gas turbine represents a loss of electrical generation and of steam generation

(through the gas exhausts). The control system has to manage both. They also considered a scenario
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where a compressor, which is a load, trip.

In both cases however, the scenario is a case where the trip of a unit represent a simple step

disturbance for the other units. This does not require multi-step prediction of the prediction.

Therefore, it is not a case of interest for the framework proposed in this thesis.

3.6.3 Limits of pressure variation for a boiler and a

steam turbine
Steam temporarily in excess in the steam distribution network can be redirected to steam turbines

for electricity generation, if the turbine has availability to extract further energy. However, this can

be a problem for the grid because the frequency can increase too much. In this case, steam can also

be vented (Majanne, 2005).

Some steam turbines, called back-pressure turbines, are turbines whose outflow is not condensate

rather steam. They can be used to control the pressure at medium pressure (MP) or at low pressure

(LP). Majanne (2005) explains that a back-pressure steam turbine is faster in adjusting the pressure

at MP and LP level than a boiler, thanks to its faster dynamic.

However, the steam turbine can propagate a disturbance at MP or LP level to the boiler. According to

Majanne (2005), disturbances within±5% of the nominal value of the steam pressure are acceptable.

Above this limit, trips of the boiler or turbines can occur, due to violations of constraints of the

levels in the drum of a boiler or due to excessive temperatures of the steam that can damage a steam

turbine.

3.6.4 Conclusion on the disturbance propagation

between steam utility and electrical utility
The section pointed out that some problems considered while analysing the interactions between

steam utility and production plants apply for the interaction between electrical utility and steam

utility. In particular the problem of quality of steam and the response of a steam utility to a load

change have been considered.
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This section adds that problems where the steam utility has to react to disturbances from the electric

side are not of interest for this project. Most of these problems involve trips of units, which can

be modelled through step rather than a complex future disturbance to be predicted. Finally, the

interactions between steam turbines and boilers have been mentioned and a reference stating the

acceptable limits of such interactions has been provided.

3.7 SUMMARY
This chapter has investigated and described how disturbances might propagate within a production

site. The areas considered of a production site are the production plants, the steam utility and the

electrical utility.

The aim was understanding what disturbances arise in a production site, their impact on the process

and how they propagate. This allows defining which are the disturbances that have an impact on the

production site and that can be potentially attenuated by the control system proposed in this thesis.

This review shows that the areas of most interest for this project are the production plant, the

steam utility, and the interconnection between these two. The chapter described the propagation

mechanisms within a chemical and oil refinery plant, taking a distillation column as an example to

describe the physical mechanisms of disturbance propagation.

Disturbances can enter in the plant from the steam utility through reboilers for a variety of reasons.

As example, sticking valves or the phenomenon of stall of a reboiler can cause persistent disturbances

in the production plant. Analysing an industrial dataset, this chapter showed that abrupt, spiky,

disturbances of the steam pressure and mass flow might also affect a process. The hypothesis is

that such disturbances are caused by flow instabilities, occurring when condensate and steam in the

pipelines of the steam distribution interact.

A plant can also upset a steam utility with load variations. Following such load variations, the

utility should not only keep pressure and mass flow rate of steam within constraints, but it must

also keep the level of water in the drum of boiler within two constraints. If not, a safety trip of the

boiler occurs, with consequences for the whole production site.

The review showed that there are disturbances propagating from an electric utility to production
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plants. Nonetheless, they are not of interest for this thesis. The disturbances from the electric

utility to a production plant often cause a safety trip of a electric motor or of the connected rotating

machine. Such problems would not benefit from a control system able to do a multi-step prediction

of a disturbance. Indeed, once the machine is shutdown, the disturbance can be seen as a simple

step rather than a disturbance with a complex pattern to be predicted.

Instead, the events that do not cause a trip of motor or machine, seem to not have a considerable

impact on the process and they are also relatively rare. This was assessed using a model of a

laboratory-scale compressor used by ABB.

Finally, the chapter analysed interactions between electrical and steam utility. The impact that an

electric utility has on a steam utility are similar to those of a variation of load from a production

plant has on a steam utility. Regarding the impact that steam disturbances can have on an electrical

utility, the dedicated section provided limits for allowed steam variations that have been found in

literature.



122

C h a p t e r 4

DISTURBANCE PREDICTION

This chapter examines the prediction of disturbances based on their past measurements using 𝑘-

nearest neighbours. This prediction method works in a semi-supervised way, it is robust against

changes of the characteristics of the disturbance, and its functioning is simple and transparent.

Specifically, it shows how prediction of a disturbance can be obtained using two 𝑘−nearest neighbour

methods. Previous uses of 𝑘−nearest neighbours for time series prediction have typically predicted

just one sample a few steps ahead. Instead, this chapter shows it is possible to achieve the more

challenging task of predicting the future evolution of the time series. A condition for a good

prediction is the regularity and predictability of the time-series. The chapter shows a qualitative

and quantitave method to analyse the predictability. Further, it compares the prediction performance

of the 𝑘−nearest neighbours method with the one obtainable with an autoregressive model, and

highlights the capability of the 𝑘−nearest neighbours to learn new disturbance patterns

4.1 INTRODUCTION
The chapter focuses on the second of the technical objectives listed in Section 1.6. The technical

objective is showing whether a multistep prediction of a persistent and abrupt type of disturbance

is possible using an amount of industrial data smaller than a few hours and provide a term for

the forecastability of the time-series. Once a prediction is obtainable from industrial data, the

prediction can be used in an MPC framework as the thesis will discuss in next chapters.

The algorithm chosen is the 𝑘−Nearest Neighbours for its simplicity and capability to work with

few training data. The chapter proposes next to the basic 𝑘−nearest neighbours also another version

of the algorithm. The additional version, called here weighted 𝑘−nearest neighbours, has been

created to provide the algorithm more robustness.
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An interest of the chapter is showing whether the algorithm is able to provide a good multi-step

prediction of a time series of a disturbance, and in seeing whether the performance are good both in

case of persistent and abrupt disturbances. Given the algorithm, there is an interest in seeing how the

quality of the prediction can be assessed and how the parameters of the algorithm affect the quality

of the prediction. Since the interest is in creating an algorithm that works with minimal human

intervention, the tuning parameters should be found automatically. Here the tuning parameters are

found through a grid search algorithm. Furthermore, not all time series are predictable because

they lack of regularity. The forecastability has to be assessed. This chapter proposes answers to

these questions and it is based on the publication Borghesan et al. (2019a), which is part of a special

issue in the journal Computer and Chemical Engineering dedicated to selected works presented at

the PSE 2018 conference in San Diego, USA.

The structure of the chapter is the following. Section 4.2 describes the algorithms, Section 4.3

focuses on assessing the quality of the prediction, Section 4.4 explains the method to find the

optimal parameters of the 𝑘-nearest neighbours, Section 4.5 describes a qualitative and quantitative

method to assess the predictability of a time series, Section 4.6 presents the autoregressive model

used as alternative method for comparison, Section 4.7 describes the time series of the industrial

time series used for testing, Section 4.8 to Section 4.10 present the results. The chapter ends with

the summary in Section 4.11

4.2 𝑘−NEAREST NEIGHBOURS

4.2.1 Basic concepts of nearest neighbour prediction
The 𝑘−nearest neighbours method supposes that the current time series segment will evolve in

future like a past time series segment (not necessarily a recent one) evolved previously (Kantz and

Schreiber, 2004). The task therefore is to identify past segments of the time series which are similar

to the present one according to a certain norm.

At current sample time 𝑡, the algorithm considers a measurement time series made of 𝑡 samples

y𝑀(𝑡) = [𝑦 (1) 𝑦 (2) . . . 𝑦(𝑡)], termed ‘memory’. The size 𝑡 of the memory increases as more

samples 𝑦(·) are recorded. The segment made of the last 𝑚 samples of y𝑀(𝑡) is y𝐸 (𝑡) =
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Figure 4.1: An example of a persistent disturbance and representation of terminology (from Borghesan et al.
(2019a))

[𝑦 (𝑡 − 𝑚 + 1) 𝑦 (𝑡 − 𝑚 + 2) . . . 𝑦(𝑡)]. This segment represents the current evolving disturbance

pattern and is called y𝐸 (𝑡) ‘evolution’, while 𝑚 is known as the ‘embedding dimension’ (Kantz and

Schreiber, 2004). The algorithm searches within the memory y𝑀(𝑡) for the 𝑘 time series intervals of

length 𝑚 that are most similar to y𝐸 (𝑡). The similarity is measured in this work with the Euclidean

distance, 𝐷 (Eq. 4.1). These 𝑘 time series intervals y 𝑗 , 𝑗 = 1, . . . , 𝑘 are the 𝑘−nearest neighbours

and are those 𝑘 time series intervals within y𝑀(𝑡) with smallest Euclidean distances:

𝐷
(
y𝐸 (𝑡), y 𝑗

)
=

√︄
𝑚∑︁
𝑖=1

(
𝑦𝐸 (𝑖) − 𝑦 𝑗 (𝑖)

)2 (4.1)

As depicted in Fig. 4.1, each nearest neighbour y 𝑗 is followed by a time series of length ℎ,

where ℎ is the desired prediction horizon. These time series of length ℎ are called the ‘prediction

contributions’ y𝑃 𝑗 , 𝑗 = 1, . . . , 𝑘 . They show how their corresponding nearest neighbours evolved

over an interval of length ℎ. Therefore, they are the basis for building the prediction vector, as

will be described in Section 4.2.2. Since all prediction contributions must stay within the memory
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y𝑀(𝑡), there is a constraint for the starting points 𝑟 𝑗 of the nearest neighbours y 𝑗

y 𝑗 =
[
𝑦
(
𝑟 𝑗
)

𝑦
(
𝑟 𝑗 + 1

)
. . . 𝑦

(
𝑟 𝑗 + 𝑚

) ]
,

𝑗 = 1, . . . , 𝑘,

𝑟 𝑗 ∈ [1; 𝑡 − ℎ − 𝑚 + 1]

(4.2)

Consequently y𝑃 𝑗 is defined as

y𝑃 𝑗 =
[
𝑦
(
𝑟 𝑗 + 𝑚 + 1

)
. . . 𝑦

(
𝑟 𝑗 + 𝑚 + ℎ

) ]
𝑗 = 1, . . . , 𝑘

(4.3)

4.2.2 Two versions of the algorithm
Unweighted and weighted versions of the algorithm differentiate themselves at this step. For the

unweighted version, the prediction is an average of the prediction contributions. The prediction is

a vector ŷ(𝑡) = [ 𝑦̂ (𝑡 + 1) . . . 𝑦̂ (𝑡 + ℎ)] where:

𝑦̂(𝑡 + 𝑖) =
1
𝑘

𝑘∑︁
𝑗=1

𝑦𝑃 𝑗 (𝑖), 𝑖 = 1, . . . , ℎ (4.4)

In the weighted version of the algorithm, the nearest neighbours contribute to the prediction

proportionally to their distance from the evolution. First a weight 𝑤 𝑗 for each nearest neighbours

is calculated. The weight 𝑤 𝑗 = 1 if the nearest neighbour y 𝑗 has the smallest distance with y𝐸 (𝑡).

Conversely, 𝑤 𝑗 = 0 if the corresponding nearest neighbour y 𝑗 is the most distant from y𝐸 (𝑡).

𝑤 𝑗 =


max
ℓ=1...𝑘

(𝐷(y𝐸 (𝑡), yℓ)) − 𝐷(y𝐸 (𝑡), y 𝑗 )

max
ℓ=1...𝑘

(𝐷(y𝐸 (𝑡), yℓ)) − min
ℓ=1...𝑘

(𝐷(y𝐸 (𝑡), yℓ))
with 𝑗 = 1, . . . , 𝑘 if 𝑘 ≥ 2

1 with 𝑗 = 1 if 𝑘 = 1

(4.5)

The prediction vector ŷ(𝑡) = [ 𝑦̂ (𝑡 + 1) . . . 𝑦̂ (𝑡 + ℎ)] is a weighted average of the prediction contri-

butions, where:

𝑦̂ (𝑡 + 𝑖) =
1∑𝑘

𝑗=1 𝑤 𝑗

𝑘∑︁
𝑗=1

𝑤 𝑗 𝑦𝑃 𝑗 (𝑖) 𝑖 = 1, . . . , ℎ (4.6)

The weighted method has been developed to guarantee a higher robustness and precision of the

prediction, since it is able to partially ignore the nearest neighbours that are too distant from the

evolution. This is interesting when the algorithm works over an interval of time and the possibility

of finding exactly 𝑘 good nearest neighbours can change over time.
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4.2.3 A fixed number of neighbours versus a maximal

neighbours distance
Concerning the number of nearest neighbours to be found, a possibility is setting a fixed number 𝑘 ,

indipendently from the instant of time 𝑡 in which the prediction should start. Kantz and Schreiber

(2004) proposed to choose the maximal distance 𝐷max between evolution and a neighbour, for

which the neighbour can be considered as one of the nearest neighbours that will evolve as the

evolution y𝐸 (𝑡).

Indeed, if the distance 𝐷(y𝐸 (𝑡), y 𝑗 ) in Eq. 4.1 is too large, then it is likely that the time segment

y 𝑗 , chosen as nearest neighbour of y𝐸 (𝑡), will not evolve in the future as the evolution y𝐸 (𝑡) will

do because the chosen nearest neighbour does not capture the same dynamic occurring to the

evolution. In this case, the time segment y 𝑗 can be defined as false nearest neighbour. Choosing

constantly a number 𝑘 of nearest neighbours, without taking into account their distance from the

evolution, has the risk of selecting false nearest neighbours.

On the other hand 𝐷max cannot be too small. For example, some time series segments might be

affected by noise in the measurement. This implies that although such time series segments are

relatively distant from the evolution because of noise, they reflect the same dynamic. In a such

case, averaging more prediction contributions (without considering false nearest neighbours) can

have the beneficial effect of finding the expected value of the prediction.

Using the approach of 𝐷max, 𝑘 is chosen at each sample 𝑡 as

𝑘(𝑡, 𝐷max) = |𝑌𝑁𝑁 (𝑡, 𝐷max)|

𝑌𝑁𝑁 (𝑡, 𝐷max) = {y1, . . . , y𝑘 : 𝐷(y𝐸 (𝑡), y 𝑗 ) ≤ 𝐷max}
(4.7)

In the above expression, |·| has been used to indicate the number of items in the set. Setting a fixed

𝐷max is different from setting a fixed 𝑘 only if 𝐷max and 𝑘 are constant over a certain interval of

time. Instead, considering a prediction starting at a certain instant of time, certain values of 𝐷max

correspond to a specific value of 𝑘 .
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4.3 MEASURING ACCURACY

4.3.1 Measuring the accuracy of the prediction for

varying values of 𝑘 and 𝑚 at an instant of time 𝑡

For a given starting point of the prediction 𝑡, the tuning parameters of the methods are 𝑚 and 𝑘 .

Varying 𝑚 and 𝑘 causes the average prediction distance to change. The prediction distance 𝐸𝑎𝑣 is

the Euclidean distance between the prediction and the corresponding segment of the actual future

time series (not known in advance to the algorithm) divided by the chosen prediction horizon ℎ so

that the value does not depend on the length of the prediction horizon.

𝐸𝑎𝑣(𝑡, 𝑘, 𝑚) =
1
ℎ
𝐷(ŷ (𝑡, 𝑘, 𝑚) , [𝑦 (𝑡 + 1) . . . 𝑦 (𝑡 + ℎ)]) (4.8)

The smaller 𝐸𝑎𝑣(𝑡) is, the more accurate the prediction is.

4.3.2 Measuring the accuracy of the prediction for

varying values of 𝑘 and 𝑚 over an interval of time
Eq. 4.8 measures the error made at one sample time 𝑡. However, the optimal parameters 𝑚

and 𝑘 change for different sampling times. Consequently, it is important as well to measure the

performance of a fixed 𝑚 and 𝑘 over an interval of time. This work introduces the measure

𝐸
𝑘max
𝑎𝑣 int(𝑡1, 𝑡2, 𝑘, 𝑚) =

1
𝑡2 − 𝑡1

𝑡2∑︁
𝑡=𝑡1

𝐸𝑎𝑣(𝑡, 𝑘, 𝑚) (4.9)

The superscript 𝑘max means the number of nearest neighbours is constant over time. The subscripts

‘𝑎𝑣 int’ means that this measure is an average of the prediction error over an interval.

Similarly, it is possible to fix a value 𝐷max and 𝑚 over a certain interval. In this case 𝑘 might

change but depends on a fixed 𝐷max, as Eq.4.7 described.

𝐸
𝐷max
𝑎𝑣 int(𝑡1, 𝑡2, 𝐷max, 𝑚) =

1
𝑡2 − 𝑡1

𝑡2∑︁
𝑡=𝑡1

𝐸𝑎𝑣 (𝑡, 𝑘(𝑡, 𝐷max), 𝑚) (4.10)

To not overload the notation, the following expression in introduced when the discussion refers to

both 𝐸
𝑘max
𝑎𝑣 int and 𝐸

𝐷max
𝑎𝑣 int and the main focus is the interval of time 𝑡1 → 𝑡2.

𝐸𝑎𝑣 int(𝑡1, 𝑡2) (4.11)
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4.4 TRAINING OF THE OPTIMAL PARAMETERS

4.4.1 Finding the tuning parameters through an

optimization problem
A rule of thumb is to set the embedding dimension 𝑚 to b 1

𝑓0
c, where b·c is the floor function that

provides the smaller or equal integer of a real number, and 𝑓0 is the main frequency of the persistent

disturbance. In this case 𝑚 is close to the length of one instance of the repeating pattern of the

persistent disturbance. The number of nearest neighbours 𝑘 should be 𝑘 = b 𝑡
𝑚
c, which means equal

to the number of occurrences of the repeating pattern. This strategy will be called base strategy in

the rest of the work.

The present work proposes to find the parameters through a training algorithm based on a search

grid. This involves enumerating the possible combinations within a range of the parameters 𝑘

and 𝑚, or 𝐷max and 𝑚 depending on the strategy used, and choosing the pair of parameters that

minimises 𝐸𝑎𝑣 int(𝑡tr1 , 𝑡
tr
2 ) with 𝑡tr2 < 𝑡 − ℎ, where 𝑡 is the current instant of time. The interval 𝑡tr1 → 𝑡tr2

is the training interval and corresponds to values 𝑦(𝑡1), 𝑦(𝑡1 + 1)...𝑦(𝑡2) that have been already

measured at instant 𝑡. Since these values are known, the training algorithm can compare what the

prediction would be for each instant of the training interval and what it was in reality. The condition

𝑡tr2 < 𝑡 − ℎ is set because the algorithm had to measure the values of the time series to calculate

the value of 𝐸𝑎𝑣(𝑡2) used to calculate thereafter 𝐸𝑎𝑣 int(𝑡tr1 , 𝑡
tr
2 ). The length of the interval 𝑡tr1 → 𝑡tr2

is set to be long enough to cover some instances of the pattern of the disturbance. The training

should not be conducted at every sample 𝑡, rather at discretion when, for example, new disturbances

patterns are visible or when the noise level of the measurement is changing because of a change of

the operating point of the plant.

4.4.2 Evaluating the accuracy of the training process

for the choice of the tuning parameters
The parameters obtained from the training are

(
𝑘 tr

opt, 𝑚
tr
opt

)
or

(
𝐷tr

max opt, 𝑚
tr
opt

)
, depending whether

a fixed 𝑘 or 𝐷max was defined.
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To measure how accurate the training was, the prediction obtained from such parameters should be

evaluated over a test interval 𝑡test
1 → 𝑡test

2 . The term of comparison is the value of 𝐸𝑎𝑣 int
(
𝑡test
1 , 𝑡test

2
)

obtained with the parameters 𝑘 test
opt , 𝑚test

opt , 𝐷test
max opt that are the optimal ones for the testing interval

𝑡test
1 → 𝑡test

2 .

The metric 𝛾 is the ratio between the value of 𝐸𝑎𝑣 int
(
𝑡test
1 , 𝑡test

2
)

obtained using the parameters 𝑘 tr
opt,

𝑚tr
opt, 𝐷tr

max opt and the one obtained using 𝑘 test
opt , 𝑚test

opt , 𝐷test
max opt. Two versions 𝛾𝑘max and 𝛾𝐷max of 𝛾

are defined, according to the strategy used:

𝛾𝑘max =
𝐸
𝑘max
𝑎𝑣 int(𝑡

test
1 , 𝑡test

2 , 𝑘 test
opt , 𝑚

test
opt )

𝐸
𝑘max
𝑎𝑣 int(𝑡

test
1 , 𝑡test

2 , 𝑘 tr
opt, 𝑚

tr
opt)

𝛾𝐷max =
𝐸
𝐷max
𝑎𝑣 int(𝑡

test
1 , 𝑡test

2 , 𝑘 test
opt , 𝑚

test
opt )

𝐸
𝐷max
𝑎𝑣 int(𝑡

test
1 , 𝑡test

2 , 𝑘 tr
opt, 𝑚

tr
opt)

(4.12)

4.5 ASSESSING THE PREDICTABILITY OF A TIME SERIES

4.5.1 Qualitative method to assess the predictability
To distinguish a time series with some recurring and deterministic patterns from a stochastic time

series, the predictability of the time series should be assessed. Here, this is done with a qualitative

method.

A practical qualitative method to estimate the predictability of a time series is to plot its phase

space plot. The phase space plot associates to a value 𝑦(𝑡) of the time series the corresponding

value 𝑦(𝑡 − 𝜏), where 𝜏 is a delay. It possible also to draw a 3D plot where two values 𝑦(𝑡 − 𝜏1) and

𝑦(𝑡 − 𝜏2) are associated to 𝑦(𝑡). These plots highlight the presence of recurrent patterns in the time

series and consequently their self-predictability, explained in Section 4.2.1.

4.5.2 Quantitative method to assess the predictability
The quantitative method that this thesis proposes derives from the Harris index described in

Desborough and Harris (1992). The Harris index was developed for control loop performance

assessment. The principle is that if the time series of the error of a controller is predictable, then the

control has poor performance. Instead of being used on the time series of the error of a controller,

here the procedure is used on the time series of a disturbance to assess the predictability of the time
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series. The procedure is to tune an autoregressive (AR) model of the time series.

𝑦̂ (𝑡 + ℎ) = 𝑎0 + 𝑎1𝑦(𝑡) + 𝑎2𝑦(𝑡 − 1) + · · · + 𝑎𝑚𝑦(𝑡 − 𝑞 + 1) (4.13)

where the horizon ℎ and the order 𝑞 of the AR model can be chosen as described in Thornhill et al.

(1999).

To tune the coefficients, a section of the time series with constant characteristics as the mean value

must be provided. The coefficients of the model are found so that the residuals 𝑟(𝑡) = 𝑦(𝑡) − 𝑦̂(𝑡) of

the prediction are minimized for the training time series. The variance of the residuals is compared

to mean square of the time series and this gives the Harris index.

𝐻𝑖𝑛𝑑𝑒𝑥 =
𝜎2
𝑟

mse(𝑦)
(4.14)

where 𝜎 is the variance of the residuals and mse(𝑦) is the mean square of the time series. If the

residuals (and their variance) are large compared to the values of the time series (and consequently

to their mean square), then the AR model is not able to capture fully the dynamic of the time series

and, consequently, the time series has a low predictability. A value of 𝐻𝑖𝑛𝑑𝑒𝑥 = 0 corresponds to a

highly predictable time series. Therefore, a predictability index can be derived as

𝑃𝑖𝑛𝑑𝑒𝑥 = 1 − 𝐻𝑖𝑛𝑑𝑒𝑥 (4.15)

where 𝑃𝑖𝑛𝑑𝑒𝑥 = 1 indicates that the time series is highly predictable and 𝑃𝑖𝑛𝑑𝑒𝑥 = 0 indicates that

the time series is not predictable.

A high value of the predictability index is a guarantee that the prediction will work. In case of a

persistent disturbance, a value of predictability index smaller than 0.5 makes questionable the use

for an application in process control.

For abrupt disturbances instead, a low value of the predictability index means that the abrupt event

is not predictable before occurring. However, once it starts, its future evolution might be predicted.

4.6 THE AUTOREGRESSIVE MODEL AS REFERENCE OF

COMPARISON
The widely used AR model, employed for the predictability index can also be used as comparison

for the 𝑘−nearest neighbours methods presented in this work.
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To compare the performance between the two methods, the same intervals of time are used for

the training of the two methods. When the 𝑘−nearest method is trained on an interval 𝑡tr1 → 𝑡tr2 , a

memory, starting from the first recorded instant, should be provided to the algorithm. Consequently,

to compare fairly the training done on the two methods, the AR model uses the interval 1 → 𝑡tr2 for

the training.

The training and the prediction of the model is done using the routines in Matlab estimate and

forecast. Once the prediction with the trained autoregressive model is obtained, the quality of the

prediction can be obtained.

𝐸AR
𝑎𝑣 (𝑡, 𝐴𝑅model) =

1
ℎ
𝐷(ŷ (𝑡, 𝐴𝑅model) , [𝑦 (𝑡 + 1) . . . 𝑦 (𝑡 + ℎ)]) (4.16)

𝐸AR
𝑎𝑣 int(𝑡1, 𝑡2, 𝐴𝑅model) =

1
𝑡2 − 𝑡1

𝑡2∑︁
𝑡=𝑡1

𝐸AR
𝑎𝑣 (𝑡, 𝐴𝑅model) (4.17)

where 𝐴𝑅model refers to the autoregressive model with its coefficients and previous time series

elements.

A coefficient 𝛾AR can be introduced. Previously, in Section 4.4.2, the aim of 𝛾 is to understand how

good the parameters for the 𝑘−nearest neighbours are. Here the aim of 𝛾AR is to understand how

good is, over the testing interval, the trained autoregressive model 𝐴𝑅tr
opt compared to the model

𝐴𝑅test
opt that would result from the training on the testing interval.

𝛾AR =
𝐸AR
𝑎𝑣 int(𝑡

test
1 , 𝑡test

2 , 𝐴𝑅test
opt )

𝐸AR
𝑎𝑣 int(𝑡

test
1 , 𝑡test

2 , 𝐴𝑅tr
opt)

(4.18)

4.7 REAL INDUSTRIAL DISTURBANCES
Fig.4.2 shows the time series used to analyse the prediction methods. The upper and second panel

of the figure show Tag 33 and Tag 34 from a SE Asian refinery. These time series have been

presented previously, for instance in Thornhill (2005b).

Tag 33 has a persistent and regular oscillation. However, the repeating pattern is not so regular as

the one of Tag 34. Further, there is a step change around sample 500, as shown in the arrow in the

top panel of Fig.4.2. The first 500 samples have different values than the later samples, even though

the pattern of oscillation is similar. Therefore, one can expect lower predictability just after the step

change since there will be no nearest neighbours in the memory on which to base the prediction.
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Figure 4.2: The time series considered for the section regarding the results of the prediction methods.

There are also three abrupt transient disturbances within the red rectangles shown on the figure that

also will present challenges for prediction.

Tag 34 has a very regular and persistent oscillation, and it is expected to be highly predictable.

However, the local mean value is not constant between sample 500 to 900, and this will reduce its

predictability to an extent.

The third panel in Fig.4.2 shows Tag 30 of the dataset from the Eastman Chemical Company

described in Thornhill et al. (2003). This time series is affected by phenomena of abrupt disturbances

that take the form of short spikes of varying amplitude with durations of 3 to 5 samples.

The time trend of Tag 30 is affected by noise between the abrupt disturbances, and random noise

is inherently unpredictable. Moreover, the occurrence of an abrupt disturbance is not predictable.

However, the results will show that once the abrupt phenomenon starts, the 𝑘-nearest neighbours

algorithm can detect the phenomenon and provide useful predictions.

The fourth panel shows a time series created by concatenating a section of the Tag 33 with one

of the Tag 34. The time series in the fifth panel is built concatenating the same two time series

but in the opposite order compared to the order of the fourth panel. These two time series, built
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Table 4.1: Predictability index for the three main time series considered with ℎ = 15 and 𝑚 = 30

Tag 33 Tag 34 Tag 30

𝑃𝑖𝑛𝑑𝑒𝑥 0.610 0.984 0.001

on-purpose, are used in Section 4.9 to show the effects of a time changing disturbance pattern on

the prediction performances.

4.7.1 Qualitative assessment the predictability
Fig.4.3 shows phase plots for the three main time series considered. Of the three phase plots, the

plot in Fig.4.3b, corresponding to Tag 34, is far more well defined than the other two. Tag 34 shows

how the 𝑘−nearest neighbours method can give good predictions because the trajectory tends to

evolve in the same way from any given point. Tag 33 shows also some repeating trajectories but,

qualitatively, the pattern is not well defined. The confused pattern at the centre of the plot for Tag

30 suggests that tag 30 has generally low predictability. However, there are spikes radiating from

the centre. Once the 𝑘−nearest neighbours method has identified a spike, then Fig 4.3c shows that

a return to the centre can be predicted.

4.7.2 Quantitative assessment the predictability
Section 4.5.2 described how to assess quantitatively the predictability of time series. The method

is applied to the three industrial disturbances. The prediction horizon is set to ℎ = 15 and the order

is 𝑚 = 30. Table 4.1 shows the predictability index for the three main time series considered. The

quantitative analysis reflects what was already understandable from the qualitative analysis. The

time series of the Tag 34 is extremely regular and predictable. However, the time series of Tag 33

and especially the time series of Tag 30 are harder to predict.
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(a) Tag 33 SE Asian refinery

(b) Tag 34 SE Asian refinery

(c) Tag 30 Eastman Chemical Company

Figure 4.3: Phase space plots of sections of the considered time series
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4.8 RESULTS: EFFECT OF 𝑘 AND 𝑚 ON 𝐸𝑎𝑣 int

4.8.1 Choice of settings of parameters
Fig.4.4 shows the effects of 𝑘 and 𝑚 on 𝐸𝑎𝑣 int over an interval of time 𝑡1 → 𝑡2. Indeed, it plots the

values of 𝐸𝑎𝑣 int for several combinations of 𝑘 and 𝑚 using the weighted and unweighted method

for the three main considered time series. In all cases, the length of the interval 𝑡1 → 𝑡2 is 1000

samples.

For the Tags 33 and 34 from the SE Asian refinery the prediction horizon is ℎ = 15, roughly the

period of the oscillation. The period of oscillation varies between 15 and 17 for Tag 33 and Tag

34. Tag 30 is affected by abrupt disturbances and once an abrupt disturbance starts, it is possible to

predict its future values until the end of the disturbance pattern. The abrupt disturbance pattern of

Tag 30 lasts generally 15 samples. Therefore, ℎ = 15 as well for Tag 30.

For such sensitivity analysis, the maximal embedding dimension 𝑚 has been chosen as roughly

two times the period of one oscillation. Considering the period of oscillation for the Tags 33 and

34 equal to 17 samples then 𝑚 ≈ 35. The reason is that the most recent cycles are likely to be the

most important to understand the future trend of a disturbance. However, there is no oscillation in

Tag 30 but there are roughly six phenomena of abrupt disturbances every one thousand samples,

although not at regular intervals (with a periodicity of about 1000
6 ≈ 165). Given a periodicity of

about 165 samples, the maximal possible value of 𝑚 is 330, following the same principle used for

the Tags 33 and 34.

The maximal number of neighbours has been set as the number of samples 𝑡 in the maximal memory

𝑡2 over the interval divided by the length of one oscillation. Indeed, the maximal number of nearest

neighbours that can be found in a series is equal to the number of cycles of oscillations in the

memory. Consequently 𝑘max = 1420
17 ≈ 85 for Tags 33 and 34 and 𝑘max = 7000

165 ≈ 50.

4.8.2 The effect of 𝑚 on 𝐸𝑎𝑣 int

Fig. 4.4a and Fig. 4.4b shows that the value of 𝐸𝑎𝑣 int can be high for very small values of the

embedding𝑚 regardless of the value of 𝑘 for the Tags 33 and 34, which characterized by a persistent

disturbance. This is because an embedding dimension that does not capture a significant portion

of the period of oscillation does not correctly identify the shape of the disturbance. For example,
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(a) Tag 33 SE Asian refinery

(b) Tag 34 SE Asian refinery

(c) Tag 30 Eastman Chemical company

Figure 4.4: Effect of parameters 𝑘 and 𝑚 on prediction of Tags 33 and 34 with 𝑡1 = 400, 𝑡2 = 1425 and
ℎ = 15. Effect of parameters 𝑘 and 𝑚 on prediction of Tag 30 with 𝑡1 = 6000, 𝑡2 = 7000 and ℎ = 15.
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two points might have similar values in the ascending or descending phase of an oscillation but the

prediction contributions y𝑃 could be very different, thereby worsening the prediction. Tag 34 is

more predictable and gives high values of 𝐸𝑎𝑣 int when 𝑚 is less than about 5 (𝑚 ≤ 5). Tag 33 is

less predictable and gives high values of 𝐸𝑎𝑣 int for 𝑚 smaller than about 7 (𝑚 ≤ 7). Consequently,

given in these cases a duration of pattern of about 17 samples, it is possible to say that 𝑚 should

be higher than a third of the duration of the repeating pattern for persistent disturbances. This

limit is inserted in the search grid algorithm for the training of optimal parameters which has been

described in Section 4.4.1.

However, Fig. 4.4c shows that the prediction error for Tag 30 seems to be largely independent from

the value of 𝑚, with a slight tendency of improvement for small values of 𝑚. The reason of this

slight improvement is that in case of an abrupt phenomena only a short time segment is needed to

evaluate the distance between evolution and nearest neighbours. However, the measure 𝐸𝑎𝑣 int is an

average of the values 𝐸𝑎𝑣 for the different instants 𝑡. The time series shows noise, except for few

instants, precisely during the abrupt phenomena. Consequently, it is not very relevant which are the

nearest neighbours picked for the prediction and consequently their embedding dimension. Since

the aim for the Tag 30 is to predict the short abrupt phenomena, then the embedding dimension

should not be chosen too large. Indeed, if the length of the evolution is too long, then the part of

the evolution occurring before the abrupt event contributes considerably more in calculating the

distance 𝐷
(
y𝐸 (𝑡), y 𝑗

)
(from Eq.4.1) than the short abrupt event.

4.8.3 The effect of 𝑘 on 𝐸𝑎𝑣 int

For all the time series considered, choosing very few nearest neighbours (parameter 𝑘) is not good

for the performance. Even Tag 34 benefits from having 𝑘 ≥ 4, as shown by Fig.4.4c where there

are low values of 𝐸𝑎𝑣 int even for very small of 𝑘 . Indeed, the minimum value of 𝐸𝑎𝑣 int = 0.38 for

Tag 34 is obtained for 𝑘 = 6, 𝑚 = 10. For the same 𝑚 but 𝑘 = 2, the error 𝐸𝑎𝑣 int becomes 0.42

instead. The reason is that even persistent disturbances have some randomness. By averaging over

more prediction contributions, the resulting prediction is closer to the true value.

Especially for noisy time series, such as Tag 33 and even more Tag 30, 𝑘 cannot be too small. By

using many nearest neighbours, the resulting prediction is filtered and is closer to the time series
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underneath the hidden signal. For Tag 30 the graph suggests that the a high number of nearest

neighbours should be used for the prediction. The presence of noise is the likely explanation of this

behaviour. In this specific case 𝑘 must be higher then 15 as Fig.4.4c suggests.

However, after a threshold, high values of 𝑘 are not beneficial for more regular time series like Tags

33 and 34. Increasing 𝑘 too much results in choosing time series intervals, called false neighbours,

that are considered as nearest neighbours even though they are not very similar to the evolution

y𝐸 (𝑡) and do not develop in the same way. To conclude, the minimal values of 𝐸𝑎𝑣 are roughly

given for values of 4 ≤ 𝑘 ≤ 10 for Tag 34 and 4 ≤ 𝑘 ≤ 20 for Tag 33 using the weighted algorithm.

4.8.4 Effects of weighted and unweighted method on 𝐸𝑎𝑣

Figures 4.4a and 4.4b show that the weighted method has the advantage of making the value of

𝐸𝑎𝑣 int less sensitive to the choice of 𝑘 for Tags 33 and 34 respectively. Therefore, the value of 𝑘 is

robust even when the characteristics of the disturbance are changing.

However, the unweighted method is generally better for Tag 30 for a certain value of 𝑘 because

the hypothesis on which the weighted method is based is not valid any more in presence of noise.

Indeed, the weighted method assumes that the closer a nearest neighbour is to the evolution, the

closer the corresponding prediction contribution will be to the future values of the time series.

4.9 RESULTS: COMPARISON OF THE TECHNIQUES CON-

SIDERED FOR DISTURBANCE FORECASTING

4.9.1 Overview
One interest of this section is analysing how good is the performance achieved by various techniques

used to find the parameters for the 𝑘−nearest neighbours method in the prediction of the time series.

Section 4.4.1 stated that possible choices of the memory 𝑚 and of the number of nearest neighbours

𝑘 is to set 𝑚 = b 1
𝑓0
c and 𝑘 = b 𝑡

𝑚
c. However, this is a rule of thumb and, furthermore, the choice of

𝑓0 for a time series affected by abrupt disturbances is not trivial. This strategy for the choice of 𝑚

and 𝑘 is compared here with the strategies based on the grid search method explained in Section
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4.4.1. To provide terms of comparison, the best predictions available at each instant of time 𝑡 using

the weighted and unweighted algorithm are used.

The other interest of this section is to highlight the advantages of the 𝑘−nearest neighbours in

comparison to the autoregressive model.

4.9.2 The searching grid, training and testing interval
The optimal parameters are found with a grid search algorithm, which means that the parameters

are chosen by testing combinations of the parameters that are within a range. Table 4.2 shows the

extremes of such ranges and the discretization step.

The training time has been chosen so that several instances of the patterns of the disturbances are

present. For the tags from the SE Asian refinery the length of the training interval 𝑡tr1 → 𝑡tr2 was 70

samples. For Tag 30, the length of the training interval was 985 samples.

The testing interval for the tags from the SE Asian refinery includes the transitory variations, such

as the step change for Tag 33. For Tag 30 the testing interval encompasses eight instances of abrupt

disturbances of varying amplitude.

Furthermore this section analyses also the composed time series called Tag 33→34 and Tag 34→33,

which have been described in Section 4.7. In these two cases, the parameters obtained from the

training on the first section of the time series are tested on the second half. This simulates the case

when the pattern of the disturbance is changing and the method must learn how to predict this new

pattern.

4.9.3 Performance of various strategies
Table 4.3 shows the values of 𝐸𝑎𝑣 int for the time series considered over their testing interval with

different strategies. The strategies are listed below.

• ‘Opt’: the best prediction available at each sample time 𝑡 with a value of 𝑘min ≤ 𝑘 ≤ 𝑘max

and 𝑚min ≤ 𝑚 ≤ 𝑚max. This is a term of comparison, since it is not possible at an instant 𝑡

to know already the optimal parameters 𝑘 and 𝑚 for calculating the prediction
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Table 4.2: Range of the parameters for the search grid optimization algorithms

SE Asian refinery
Eastman
Chemical
Company

Tag 33 and Tag 34 Tag 30

k 𝐷max m k 𝐷max m

Min 4 0 5 4 0 1
Discretization
Step

1 0.001 1 1 0.01 10

Max 85 0.5 30 50 1 50
Prediction
Horizon

15

• ‘Base’: the prediction obtained using the parameters 𝑘 = b 𝑡
𝑚
c and 𝑚 = b 1

𝑓0
c

• ‘Opt 𝑘’: The prediction obtained using the weighted method training the algorithm to find

the fixed parameters 𝑘 and 𝑚 that minimized 𝐸𝑎𝑣 int(𝑡tr1 , 𝑡
tr
2 )

• ‘Opt 𝐷max’: The prediction obtained using the weighted method and training the algorithm

to find the fixed parameters 𝐷max and 𝑚 that minimized 𝐸𝑎𝑣 int(𝑡tr1 , 𝑡
tr
2 )

• ‘AR’: The prediction obtained using the AR model fitted on the interval 1 → 𝑡tr2

For each of the strategies considered (excluding the AR model) the values 𝐸𝑎𝑣 int using the weighted

method are given. Further, the ratio

Ξ =
𝐸

weighted
𝑎𝑣 int − 𝐸

unweighted
𝑎𝑣 int

𝐸
unweighted
𝑎𝑣 int

· 100 (4.19)

is provided. This ratio shows the improvement on 𝐸𝑎𝑣 int using the weighted method instead of

the unweighted one. A negative value of Ξ (Ξ < 0%) indicates that that the weighted method had

better performance compared to the unweighted method for the interval of time considered. The

opposite occurs for a positive value of Ξ (Ξ > 0%). Furthermore, the magnitude of the index Ξ

shows how large the improvement (or deterioration) was.
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Table 4.3: Values of 𝐸𝑎𝑣 int obtained with the considered strategies, values of the metric 𝛾 to measure the
accuracy of the training and values of the metric Ξ to evaluate the performance of weighted method in
comparison to the unweighted one

Tag 33 Tag 34 Tag 30 Tag
33→34

Tag
34→33

Opt
Weighted 0.031 0.025 0.168 0.026 0.112

Ξ -3.13 % 0.00 % +3.07 % -16.1 % +9.80 %

Base
Weighted 0.044 0.070 0.195 0.068 0.153

Ξ -17.0 % -21.4 % +1.56 % -33.3 % -10.5 %

Opt
𝑘

Weighted 0.041 0.039 0.186 0.047 0.157
Ξ -10.9 % -7.14 % -1.59 % -29.9 % -5.42 %

𝛾𝑘max

Weighted 1.000 0.974 1.000 0.766 0.892
Unweighted 0.913 0.976 0.989 0.642 0.867

Opt
𝐷max

Weighted 0.042 0.042 0.193 0.052 0.184
Ξ -2.33 % 0.00 % 0.00 % -11.86

%
0.00 %

𝛾𝐷max
Weighted 1.000 0.952 1.000 0.731 0.788

Unweighted 0.977 0.976 1.000 0.661 0.793

AR - 0.878 0.160 0.199 0.148 0.162

𝛾AR - 0.056 0.375 0.938 0.338 0.864

The table show also the metric 𝛾 that has been introduced in Eq. 4.12 for evaluating the accuracy

of the training process.

4.9.4 Comparison of the performance between the Base

strategy, and the Opt 𝑘 and Opt 𝐷max strategies
Comparing the rows of Table 4.3 relative to the Opt 𝑘 and Opt 𝐷max strategies with the rows

relative to the Base strategy shows that the impact of the choice of the parameters depends on the

predictability of the time series.

If the time series is highly predictable, then the strategies based on grid search algorithms explained

in Section 4.4.1 improve the quality of the prediction compared to the base strategy. Indeed, Tag
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34 is highly predictable and one can get very good results by careful tuning. Tags 33 and 30 are

less inherently predictable and the achievable performance of the prediction are less sensitive to

the tuning parameters. This can also be seen comparing Fig. 4.4a with Fig. 4.4b, which show the

values of 𝐸𝑎𝑣int for the Tag 33 and Tag 34. The surface graph for Tag 34 changes in magnitude

more that the graph for Tag 33 when parameters 𝑘 and 𝑚 are varied. Tag 30 in Fig. 4.4c changes

for varying values of 𝑘 but not too much for varying values of 𝑚.

4.9.5 Comparison of the performance between the Opt 𝑘

and Opt 𝐷max strategies
The results show that setting a certain value of 𝑘 instead of a certain value of 𝐷max makes no

difference in most cases or it is even better in some of the cases. The major difference is in the

computational time needed to obtain the optimal parameters. Indeed, the grid used to find the

optimal parameters should be very fine along the values of 𝐷max in order to obtain good results.

The consequence is that the method that uses 𝐷max needs to compute far more combinations of the

parameters for the search grid algorithm. Therefore, this approach is not recommended.

4.9.6 Analysis of the metrics 𝛾 about the quality of

prediction in the test interval
For Tags 33, 34 and 30, where the pattern in the time series is repeating itself, there is not a

significant difference of performance between using the parameters obtained from the training of

the algorithm and best results obtainable for the interval considered. Table 4.3 shows indeed high

values of 𝛾 for these Tags. Consequently the conducted training has been enough to nearly reach

the optimal performances available from the strategy.

Instead, there is a decrease of performance in case of the two synthetic time series Tag 33→34 and

34→33, especially in the case of Tag 33→34. However, 𝛾 for the Tag 33→34, using the weighted

method, is 0.76. In comparison the AR model shows a 𝛾 of just 0.33. Therefore the 𝑘−nearest

neighbour method shows a far higher robustness.
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4.9.7 Comparison between the weighted and unweighted

method
The prediction performance obtainable with the unweighted method, if 𝑘 and 𝑚 are allowed to

change over time, is in some cases slightly better than the performance with the weighted method.

This is can be seen from the values 𝐸𝑎𝑣 int corresponding to the strategy ‘Opt’. However, the

strategy ‘Opt’ is a term of comparison. It is not possible to know at an instant 𝑡 what are the optimal

parameters to be chosen for the 𝑘−nearest neighbour method.

Looking at the ratio Ξ (Eq.4.19) for the different strategies, it is possible to see that the weighted

method improves the prediction, except for Tag 30, where the ‘Base unweighted’ strategy is slightly

better than the weighted one.

Therefore, the recommendation is to use the weighted method because it provides generally better

results.

4.9.8 Comparing the behaviour of the 𝑘−nearest

neighbour method with the linear AR model
Table 4.3 shows that the values of 𝐸𝑎𝑣 in are far higher for the predictions obtained by the autore-

gressive model than the 𝑘−nearest neighbours for Tags 33,34 and 33→34. Furthermore, the values

of 𝛾AR are very low, meaning that a retraining of the model would be necessary. Instead, the values

of 𝛾 for the 𝑘−nearest neighbours are high, meaning that the the 𝑘−nearest neighbours does not

need a retraining.

This observation highlights one of the advantage of the 𝑘−nearest neighbours, which is the capability

to learn new patterns, without new training and human intervention for the choice of the parameters.

4.9.9 Variation of the values of 𝐸𝑎𝑣 over time
Fig. 4.5 plots the values of 𝐸𝑎𝑣 over time using the strategies discussed above. Given the analysis

done in Section 4.9.7, only the weighted method is plotted.

From Fig. 4.5, it is visible that the best performance available, indicated as ‘Opt’, vary over time.
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(a) Tag 33 SE Asian refinery

(b) Tag 34 SE Asian refinery

(c) Tag 30 Eastman Chemical Company

(d) Tag 33→34 SE Asian refinery (e) Tag 34→33 SE Asian refinery

Figure 4.5: Optimal distances achievable over time for various strategies
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Furthermore, some strategies might appear better than other in some intervals of time and worse

in other intervals. Therefore, a performance metric that takes an interval of time into account is

needed. This is the reason behind the metric 𝐸𝑎𝑣 int explained in Section 4.3.2.

Regarding the 𝑘−nearest neighbours, some plots exhibit a peak of 𝐸𝑎𝑣 when the time trend has

events or disturbance patterns that do not resemble events present in the memory of the algorithm.

This is the case of the step present in the Tag 33, for example, in Fig. 4.5a. This event highlights also

the time that the 𝑘−nearest neighbours algorithm needs to acquire new data at the new operating

condition and be able to provide reliable predictions again. The strategies based on 𝑘−nearest

neighbours need circa 50 samples to learn again how to predict the time series of the disturbance

after the step present in Tag 33. This is equivalent to 50 minutes of measurements. Fig. 4.5d shows

similar results for the time series Tag 33→34. The technical objective that this chapter pursues is

to use an amount of industrial data smaller than a few hours to provide to multi-step prediction of

a time series.

The AR model instead after a transient is not able to learn a new model unless it is retrained.

Consequently an offset might be visible on the value of 𝐸𝑎𝑣 for the AR model. Of course, an AR

model is intended for stationary time series, but in process plants it might be common that the time

series of the measured disturbances are not stationary and in this case the 𝑘−nearest neighbours

has an advantage.

Finally, the values of 𝐸𝑎𝑣 of different strategies overlap for the Tag 30, which is the least predictable

of the all time series considered. Instead, for the other Tags 33 and 34, and their composite time

series 33→34 and 34→33, there is a visible distinction between the different strategies. Highly

predictable time series benefit more from an accurate choice of the parameters of the 𝑘-nearest

neighbours.
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4.10 RESULTS: EXAMPLES OF PREDICTION AT ONE IN-

STANT OF TIME
Fig. 4.6 provide examples of possible prediction obtainable using the parameters and the AR model

resulting from the training process. For the Tags 33 and 34 the prediction starts at instant 𝑡 = 1425,

using a prediction horizon ℎ = 15. This instant of time lies in the region where the AR models for

the two time series show a deterioration of the prediction performance. For Tag 30 the prediction

starts from the Eastman Chemical company 𝑡 = 6615 and ℎ = 15.

As regards the two Tags 33 and 34, the AR model shows qualitatively the deterioration of the

performance of the AR model compared to the prediction obtained by the 𝑘−nearest neighbour

method.

As regards Tag 30, Fig.4.6c shows that neither the k-nearest neighbours nor the autoregressive

model predict the abrupt disturbance just before it happens. However, once it happens they can

forecast the future trend and, nonetheless, the 𝑘−nearest neighbours shows better performance.
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(a) Tag 33 SE Asian refinery

(b) Tag 34 SE Asian refinery

(c) Tag 30 Eastman Chemical Company

Figure 4.6: Examples of predictions obtained with the weighted and unweighted 𝑘-nearest neigh-
bours methods using the parameters obtained from the training and with the AR model
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4.11 SUMMARY
This chapter has focused on the prediction of persistent and abrupt process disturbances. Predicting

these process disturbances is the second of the technical objectives of the thesis which have been

presented in Section 1.6. Once this technical objective has been achieved, the prediction can

implemented in the MPC framework proposed in this thesis for handling propagating disturbances.

The chapter proposed two versions of the 𝑘-nearest neighbours method to predict the future values

of process disturbances. The methods have been able to provide good predictions of three time

series of real plants, affected by persistent oscillating disturbances or spiky abrupt ones. The

work shows also how to assess the predictability of a time series, analyses the impact of the

parameters 𝑘 , 𝐷max and 𝑚 on the predictions. The chapter provides guidance in their choice and

compares different strategies to obtain the parameters. It concludes that the weighted method is

more robust, and that using a fixed number of neighbours 𝑘 in place of a fixed distance 𝐷max leads

to no deterioration of performance and it is computationally faster to find its optimal parameters.

Furthermore, when a strong self-predictability is present, an algorithm that optimizes the choices

of the tuning parameters is beneficial for the quality of the prediction. On the other hand, when

a strong self-predictability is not present, the method is robust to a wide range of values of the

parameters.

The work has also analysed the effect of changing characteristics of the disturbance in the prediction

performance and does a comparison of the 𝑘−nearest neighbours method with the predictions

obtained with an autoregressive model. This analysis shows that the 𝑘−nearest neighbours is better

because it is able to learn fast to predict the changing characteristics of the disturbance in an

unsupervised way. The 𝑘−nearest neighbours required less than one hour of new collected data to

be able to predict the disturbances again with good accuracy, once the pattern of the disturbance

changed.
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C h a p t e r 5

MPC WITH DISTURBANCE
FORECASTING WITH APPLICATIONS

This chapter discusses how a prediction of a measured process disturbance can be used by an MPC

controller to bring advantages for the controlled process. The advantages are measured in terms of

capability of the controller to avoid a propagation of the disturbance, to reduce the variability of

the key controlled variables, and to avoid violations of constraints. The chapter discusses technical

aspects of the MPC and the use of such MPC on specific case studies.

The technical aspects that are examined are the tuning, implementation and evaluation of the

controller. In particular, using a prediction of a disturbance adds a new tuning parameter to an

MPC controller, which is the length of the prediction. This chapter discusses how this parameter

should be tuned.

The tuning of the controller is presented for three case studies, explaining how the controller can

dampen the propagation of a disturbance through mass and energy flows, while the key controlled

variables are at their set-points. The case studies simulate a laboratory Continous Stirred Tank

Heater (CSTH), a 160 MW power generation boiler, and an industrial azeotropic distillation column.

5.1 INTRODUCTION
The chapter focuses on the last two technical objectives listed in Section 1.6. These technical

objectives are the implementation and the evaluation of an MPC controller that uses a multi-step

forecast of a measured disturbance in order to avoid a propagation of the disturbance, and to reduce

the variability of the key controlled variables.

To achieve this, three aspects are now considered. One aspect requires to define which are the

variables of the controlled system that can propagate a disturbance, which are the key variables that

have to follow strictly their set-points, and which can act as buffer.
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Another aspect is understanding how to implement and tune the proposed MPC controller prop-

erly, considering that the presence of a disturbance prediction introduces an additional parameter.

Specifically, this thesis investigates how the disturbance horizon of the prediction affects the per-

formance of a controller that uses this prediction. A key-point is also tuning the MPC so it handles

buffer variables properly. The aim is that certain manipulated variables vary minimally and do not

propagate a disturbance, while their corresponding controlled variables can act as buffer by staying

within constraints and without following strictly a set-point.

Furthermore, the chapter provides a set of metrics that assess in three aspects the performance of a

controller:

• Avoidance of a propagation of the disturbance

• Reduction of the variability of the key controlled variables

• Avoidance of violations of the constraint

The chapter examines three case studies, which are a laboratory CSTH tank, a steam generation

boiler and a distillation column. These systems have an increasing level of complexity and describe

different scenarios that might occur in a production site. In particular, the steam boiler and the

distillation column represent units respectively of the steam utility and the production plant. Chapter

3 concluded that these areas are the most relevant for disturbance propagation within a production

site.

The chapter starts with Section 5.2 on the background and motivation, which describes the MPC

formulation used, discusses the implementation issues that can arise, and explains the needs of

metrics for the evaluation of the performance in handling plant-wide and site-wide disturbances.

Section 5.3 explains how the implementations issues have been solved and Section 5.4 defines the

metrics for the assessment of a controller. Section 5.5 clarifies what is the purpose of each case

study within the thesis. The subsequent Section 5.6, Section 5.7 and Section 5.8 describe the three

case studies, laying out the strategy that the controller should pursue and how this is translated in

tuning parameters of the controller.
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5.2 BACKGROUND AND MOTIVATION

5.2.1 MPC formulation
An MPC controller needs a model of the controlled system. The model is used to calculate the

response of such system if a certain sequence of the manipulation variables would be applied. The

aim is to find a sequence that minimises a certain objective function. The value of the objective

function is obtained from the response of the system and from the sequence of the control action

applied, as it will be explained later. Once the optimal sequence of the control action is calculated,

the first element of the sequence for each manipulated variable is applied.

5.2.1.1 The model assumed
In linear MPC, the model used to calculate such response is discrete and linear.

𝑥 (𝑡 + 1) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) + 𝐵𝑑𝑑MPC(𝑡)

𝑦(𝑡) = 𝐶𝑥(𝑡) + 𝐷𝑢(𝑡) + 𝐷𝑑𝑑MPC(𝑡)
(5.1)

where 𝑥(𝑡) is the state of the controlled system at instant 𝑡, 𝑦(𝑡) is the vector of the controlled

measurable variables, 𝑢(𝑡) is the vector of the manipulable inputs, 𝑑MPC(𝑡) is the vector of the

measured disturbances. 𝐴, 𝐵, 𝐵𝑑 , 𝐶, 𝐷, 𝐷𝑑 are matrices that represent the relations between inputs

of the system, system state and controlled variables.

5.2.1.2 The prediction, the control and disturbance horizons
The responses of the controlled and manipulated variables are calculated for a certain time in the

future. In MPC, this period of time is called prediction horizon. Fig. 5.1 shows that over the

prediction horizon, the manipulated variables are allowed to change only for a certain horizon,

which is called control horizon. The control horizon is always smaller or equal than the prediction

horizon. Its length is at discretion of the designer of the controller, as for the prediction horizon.

After the end of the control horizon, the value of the control action remains constant and equal to

the value at the end of the control horizon.

If the response of the model should take also the predicted values of a disturbance into account,

the values of the disturbance that are provided to the MPC controller have to be determined over

the whole prediction horizon. However, the length of the prediction, called the disturbance horizon
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Figure 5.1: Representation of the prediction, disturbance and control horizons

in the former Chapter 4, is limited and might be equal or smaller than the prediction horizon. A

question is defining how long the disturbance horizon should be in relation to the control horizon.

Another issue is defining the values of the disturbance in the interval between the end of the

disturbance horizon and the end of the prediction horizon. Fig. 5.1 represents the issue. The figure

shows that the disturbance sequence provided to the controller is made of two parts. A first part is

made of the values of the prediction and a second part, represented by a dashed line, is constant

and equal to a default value that must be determined.

5.2.1.3 The optimization problem
The MPC has to minimize the optimization problem with soft constraints in Eq. 5.2. The

optimization problem considered is the one of the MATLAB® Model Predictive Control Toolbox

(Mathworks), which has been developed by Bemporad, Ricker and Morari.
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min
u,𝜀

𝐽𝑦 + 𝐽𝑢 + 𝐽Δ𝑢 + 𝐽𝜀 (5.2a)

s.t.
𝑢 𝑗 ,Min

𝑠𝑢
𝑗

≤
𝑢 𝑗 (𝑡 + 𝑖 | 𝑡)

𝑠𝑢
𝑗

≤
𝑢 𝑗 ,Max

𝑠𝑢
𝑗

for 1 ≤ 𝑗 ≤ 𝑁𝑢, for 1 ≤ 𝑖 ≤ 𝑝 (5.2b)

Δ𝑢 𝑗 ,Min

𝑠𝑢
𝑗

≤
Δ𝑢 𝑗 (𝑡 + 𝑖 | 𝑡)

𝑠𝑢
𝑗

≤
Δ𝑢 𝑗 ,Max

𝑠𝑢
𝑗

for 1 ≤ 𝑗 ≤ 𝑁𝑢, for 1 ≤ 𝑖 ≤ 𝑝 (5.2c)

𝑦
𝑗 ,Min

𝑠
𝑦

𝑗

− 𝜀Ψ
𝑦

𝑗 ,Min ≤ 𝑦 (𝑡 + 𝑖 | 𝑡)
𝑠
𝑦

𝑗

≤ for 1 ≤ 𝑗 ≤ 𝑁𝑦, for 1 ≤ 𝑖 ≤ 𝑝

≤
𝑦
𝑗 ,Max

𝑠
𝑦

𝑗

+ 𝜀 Ψ
𝑦

𝑗 ,Max

(5.2d)

𝑢 𝑗 (𝑡 + 𝑖 | 𝑡) = 𝑢 𝑗 (𝑡 + 𝑐 | 𝑡) for 1 ≤ 𝑗 ≤ 𝑁𝑢, for 𝑐 ≤ 𝑖 ≤ 𝑝 (5.2e)

The decision variables of this optimization problem are the sequences of control actions 𝑢 𝑗 =

[𝑢 𝑗 (𝑡) 𝑢 𝑗 (𝑡 + 1) . . . 𝑢 𝑗 (𝑡 + 𝑝 − 1)] for the 𝑁𝑢 manipulated variables over the prediction horizon 𝑝,

and the slack variable 𝜀 which defines the violation of the nominal constraints of the controlled

variables. Both the controlled and manipulated variables are normalised over their range with the

terms 𝑠𝑦
𝑗

and 𝑠𝑢
𝑗
.

Eq. 5.2a is the objective function of the MPC. Eq. 5.2b defines the hard constraints on the

manipulated variables. Eq. 5.2c defines the hard constraints on the rate of change of manipulated

variables. Eq. 5.2d defines the soft constraints on the controlled variables. Eq. 5.2e states that the

control action remains constant after the end of the control horizon. The former equations are dealt

in details in the following text. Table 5.1 describes the variables and parameters encountered.

The objective function The objective function is the sum of four terms:

𝐽 = 𝐽𝑦 + 𝐽𝑢 + 𝐽Δ𝑢 + 𝐽𝜀 (5.3)

The terms 𝐽𝑦 and 𝐽𝑢, called output reference tracking and manipulated variable tracking, penalize

the deviation of controlled and manipulated variables from their reference values over the prediction

horizon with respectively the weights 𝑤𝑦

𝑗
and 𝑤𝑢

𝑗
. The term 𝐽Δ𝑢 is the manipulated variable move

suppression and penalizes through the weights 𝑤Δ𝑢
𝑗

the variations of the manipulated variables at
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sample 𝑡 from their values in the former sample at sample 𝑡−1. The term 𝐽𝜀 is the term associated to

the constraint violation which penalizes violations of the constraints set for the controlled variable.

𝐽𝑦(u, 𝜀) =
𝑁𝑦∑︁
𝑗=1

𝑝∑︁
𝑖=1

{
𝑤

𝑦

𝑗

𝑠
𝑦

𝑗

[𝑟 𝑗 (𝑡 + 𝑖 | 𝑡) − 𝑦 𝑗 (𝑡 + 𝑖 | 𝑡)]}2

𝐽𝑢(u, 𝜀) =
𝑁𝑢∑︁
𝑗=1

𝑝−1∑︁
𝑖=0

{
𝑤𝑢

𝑗

𝑠𝑢
𝑗

[𝑢 𝑗 (𝑡 + 𝑖 | 𝑡) − 𝑢 𝑗 ,𝑡𝑎𝑟𝑔𝑒𝑡 (𝑡 + 𝑖 | 𝑡)]}2

𝐽Δ𝑢(u, 𝜀) =
𝑁𝑢∑︁
𝑗=1

𝑝−1∑︁
𝑖=0

{
𝑤Δ𝑢

𝑗

𝑠𝑢
𝑗

[𝑢 𝑗 (𝑡 + 𝑖 | 𝑡) − 𝑢 𝑗 (𝑡 + 𝑖 − 1 | 𝑡)]}2

𝐽𝜀(u, 𝜀) = 𝜌𝜀𝜀
2
𝑡

(5.4)

The value of the objective function does not depend explicitly on the disturbances. However, the

response of a controlled variable [𝑦 𝑗 (𝑡) 𝑦 𝑗 (𝑡 + 1) . . . 𝑦 𝑗 (𝑡 + 𝑝)] does depend on the disturbance.

The hard constraints on the manipulated variables The constraints described by

Eq. 5.2b and Eq. 5.2c are hard. This means that the manipulated variables are always within their

respective constraints and the rate of change cannot be faster than a certain limit.

The soft constraints on the controlled variables The constraints on the controlled

variables are soft. It means that a violation of the constraints is possible although strongly penalized.

The soft constraints on the controlled variables are defined as (Mathworks, 2020c)

𝑦
𝑗 ,Min

𝑠
𝑦

𝑗

− 𝜀𝑡Ψ
𝑦

Min ≤ 𝑦 (𝑡 + 𝑖 | 𝑡) ≤
𝑦
𝑗 ,Max

𝑠
𝑦

𝑗

+ 𝜀𝑡 Ψ
𝑦

Max

where 𝑦Min and 𝑦Max are the nominal constraints for the 𝑗−th controlled variable. The parameters

Ψ𝑣
𝑗 ,Min and Ψ𝑣

Max are tunable, and are called ECR values in the documentation. These values define

in conjunction with 𝜌𝜀 how much the MPC can violate the nominal constraints. If Ψ𝑣
𝑗 ,Min and

Ψ𝑣
𝑗 ,Max are set to zero, the constraints are hard constraints. However, the values Ψ𝑣

Min, Ψ𝑣
Max and 𝜌𝜀

have been left to their defaults values that define a soft constraints formulation.

The tuning parameters The tuning parameters of an MPC controller are the prediction ho-

rizon 𝑝 and the control horizon 𝑐, the weights on controlled and manipulated variables 𝑤𝑦

𝑗
, 𝑤𝑢

𝑗
, 𝑤Δ𝑢

𝑗
,
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Table 5.1: Variables and parameters in the optimization problem of the MPC.

𝑡 Current control interval 𝑁𝑦 Number of controller variables

𝑁𝑢 Number of manipulated variables 𝑝 Prediction horizon

𝑐 Control horizon ℎ Disturbance horizon

𝑦 𝑗
and
𝑟 𝑗

Value and set-point of the 𝑗−th
controlled variable

𝑢 𝑗

and
𝑢 𝑗 ,𝑡𝑎𝑟𝑔𝑒𝑡

Value and target of the 𝑗−th
manipulated variable

𝑦 𝑗 ,Max
and
𝑦 𝑗 ,Min

Upper and lower constraint on the 𝑗−th
controlled variable

𝑢 𝑗 ,Max
and
𝑢 𝑗 ,Min

Upper and lower constraint on the 𝑗−th
manipulated variable

𝑤
𝑦

𝑗
Tuning weight for the set-point
tracking of the 𝑗−th controlled variable

Ψ
𝑦

𝑗 ,Min
and
Ψ

𝑦

𝑗 ,Min

Equal concern for relaxation (ECR)
parameter for the upper and lower
constraint on the 𝑗−th controlled
variable

𝑤𝑢
𝑗

Tuning weight for the target tracking of
the 𝑗−th manipulated variable

𝑤Δ𝑢
𝑗

Tuning weight for the move
suppression of the 𝑗−th manipulated
variable

𝑠
𝑦

𝑗
Scale factor for the 𝑗−th controlled
variable

𝑠𝑢
𝑗

Scale factor for the 𝑗−th manipulated
variable

𝜌𝜀 Weight for the penalization of the
constraints violation

𝜀 Slack variable which quantifies the
worst-case constraint violation

and the penalty weight on the constraint variation 𝜀. Although it is not explicitly in the optimization

problem, the sampling is another tuning parameter which improves the rejection of disturbances at

expense of the of computational power. Also the disturbance horizon ℎ does not appear explicitly

in the optimization problem, however it is an additional tuning parameters since it influences the

values of output response 𝑦 𝑗 (𝑡 + 𝑖 |𝑡) and therefore 𝐽𝑦.

When the MPC has constraints, choosing the parameters to obtain a certain behaviour of the

controller is not possible analytically (Alhajeri and Soroush, 2020). Here, the approach used

is setting the weights 𝑤
𝑦

𝑗
, 𝑤𝑢

𝑗
, 𝑤Δ𝑢

𝑗
to define priorities for the set-point tracking of the controlled

variables, and for the movement of the manipulated variables which are linked to disturbance

propagation. The prediction horizon has been set so that is longer than the settling time of the

process (Alhajeri and Soroush, 2020; Mayne et al., 2000).
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Table 5.2: How the disturbance horizon is set in academic literature.
Legend: 𝑝 - Prediction Horizon, 𝑐 - Control Horizon, ℎ - Disturbance Horizon

How to set the
disturbance

horizon

Works Comments

ℎ = 𝑐 = 𝑝

Control of wind

turbines

Bottasso et al. (2014);
Laks et al. (2011);
Madsen et al. (2012);
Schlipf et al. (2012);
Sinner and Pao (2019)

Control of Hybrid Elec-
tric Vehicles

Cairano et al. (2014);
Debert et al. (2010);
Xie et al. (2019)

Building automation

Oldewurtel et al. (2012)

• These works do not explain the reason of this
setting

• The maximal disturbance horizon can change
depending on the disturbance characteristics

• The maximal disturbance horizon can limit
the prediction horizon to very small values

• Short prediction horizons can affect stability
and performance

• Setting long prediction horizon would force
the control horizon to be long, resulting in
computationally expensive solutions

• Debert et al. (2010) found an improvement
using long horizons

• Bottasso et al. (2014); Sinner and Pao (2019);
Xie et al. (2019) found more aggressive be-
haviour of the controllers using longer hori-
zon. The causes were supposed to be model
mismatches or degradation of prediction and
preview for long horizons.

ℎ = 𝑐 < 𝑝

Theoretic works with
preview of the set-point

Dughman and Rossiter
(2020); Valencia-
Palomo et al. (2014)

Control of wind

turbines

Lio et al. (2017)

Process control

Borghesan et al.
(2019a)

• Except Borghesan et al. (2019a), the other
works are from the group of Rossiter.

• Dughman and Rossiter (2020); Valencia-
Palomo, Rossiter, and López-Estrada (2014)
explained that a preview horizon of the set-
point longer than the control horizon can
make the controller response aggressive.

• Lio, Jones, and Rossiter (2017) set control ho-
rizon and disturbance horizon equal without
explaining why.

• Borghesan et al. (2019a) noted independently
that the control horizon and disturbance ho-
rizon should be equal although not doing a
strict analysis
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5.2.2 Tuning the disturbance horizon
Table 5.2 briefly reviews previous publications on using a multi-step prediction or preview of a

disturbance with an MPC controller. Preview means that a disturbance is measured before it enters

into the system or when the future values of set points are known, and such information is provided

to the controller (Section 2.2.2.2).

The table divides the publications depending on how the authors set the disturbance horizon ℎ, the

prediction horizon 𝑝 and the control horizon 𝑐.

Most of these works set the three horizons equal as ℎ = 𝑐 = 𝑝. Only few articles, related mainly to

one research group, set such horizons differently, namely setting ℎ = 𝑐 ≤ 𝑝.

In the followings, three topics are discussed:

• Why setting ℎ = 𝑐 = 𝑝 has drawbacks for process control

• Why a long disturbance horizon might render the controller aggressive

• What is the condition to set ℎ and 𝑐 shorter than 𝑝

5.2.2.1 The drawbacks in setting equal the prediction, control and

disturbance horizons
Setting the three horizons equal to each other poses problems in process control. Indeed, the

maximal possible disturbance horizon is limited by the duration of the repeating pattern charac-

terising the time series of the disturbance, as previous Chapter 4 described. This means that the

disturbance horizon can be as short as few minutes. By contrast, the prediction horizon should be

long enough to cover the settling time of the system in order to avoid stability problems and avoid

poor control performance (Alhajeri and Soroush, 2020; Mayne et al., 2000). However, the settling

time of industrial processes is generally longer than a few minutes, and in the order of some hours

for distillation columns.

Furthermore, setting very long control horizons is computationally expensive. It can be concluded

that the disturbance horizon ℎ and the control horizon 𝑐 are likely to be shorter than the prediction

horizon 𝑝 in process control applications.
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5.2.2.2 The drawbacks of setting long disturbance horizons
Analysing the articles where the three horizons are equal, there is a contradiction in the literature

regarding the effect of having long horizons. Debert et al. (2010) found that with an increasing

horizon, the performance metrics of their controller improved. However, the improvement was

strong at the beginning, for small values of preview, and marginal after a certain threshold.

Instead, Bottasso et al. (2014); Sinner and Pao (2019); Xie et al. (2019) found that using longer

horizons caused the performance of the controller to deteriorate making it more nervous and

aggressive. Sinner and Pao (2019) were not able to explain the reasons and guessed it was due to

model mismatch between the model of the system and model used by the controller for predictions.

Such differences, they guessed, were amplified for longer horizons. Bottasso et al. (2014) thought

that long preview times might impoverish the quality of the preview measurement. However, none

among Bottasso et al. (2014); Sinner and Pao (2019); Xie et al. (2019) showed results where a

perfect knowledge of the prediction is assumed. To fill this gap, results presented in this thesis

will show the same MPC tuning using a prediction as well as using the exact future signal of the

disturbance.

5.2.2.3 Conditions to set the control and disturbance horizon shorter

than the prediction horizon
There are few papers that have investigated the relationship between disturbance horizon, control

horizon and prediction horizon when they are not set equal (Dughman and Rossiter, 2020). Rossiter

and his co-authors focused on the topic.

This research group analysed two cases of preview. One case is when the set-point of a controlled

variable is previewed to the controller. In Dughman and Rossiter (2020) and in Valencia-Palomo,

Rossiter, and López-Estrada (2014) they found that a disturbance horizon longer than the control

horizon can cause the response of the controller to deteriorate. They state that the controller has 𝑐

degrees of freedom because it can modify 𝑐 times the control action over that control horizon. If

𝑐 < ℎ, it may happen that the degrees of freedom are not enough to compensate the information

coming from the preview and the solution can be unfeasible or too aggressive.

The other case is when a disturbance, rather than a set-point, is previewed. This is presented in Lio,
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Jones, and Rossiter (2017). Although the authors do not explain the reason, they set also in this case

ℎ = 𝑐 < 𝑝. The leads to the question on how to pad the values of the disturbance 𝑑(𝑖) in the interval

between the end of the disturbance horizon and the end of the control horizon. Lio et al. (2017) set

the disturbance values 𝑑(𝑖) = 0,∀ℎ ≤ 𝑖 ≤ 𝑐. The same solution has been found independently by

Borghesan et al. (2019a) using a prediction of the disturbance, rather than a preview.

5.2.3 The metrics for performance monitoring
Metrics are needed to compare quantitatively different MPC structures and tuning for a process

considered. The controller should minimize the disturbance propagation, keep the most important

variables of plant at their set-points, and avoid violations of constraints.

Although there is a large literature in process monitoring, these works do not fit the purpose

of this thesis. Indeed, the main objective of process monitoring has been detecting whether

the performance of controllers degrade over time (Gao et al., 2016). Such works compare the

performance of the controller to an ideal controller or to a situation recorded in the past which

is considered ideal (Harris, 1989; Horton et al., 2003; Huang et al., 2000; Julien et al., 2004).

This thesis, instead, wants a comparison between different controllers without considering one

as reference. Furthermore, these published metrics consider the controller inadequate when the

set-point is not followed. This principle is irrelevant for variables that should act as buffer.

By contrast, the works of Downs and Caveness (2012), Vasudevan and Rangaiah (2012) and Horton

et al. (2003) are relevant for this thesis. Downs and Caveness (2012) from Eastman Chemical

Company argued that the standard deviation of the compositions of products is a valid way to

measure the effects of plant-wide disturbances on the process. Downs and Caveness (2012) used

standard deviation also for assessing the propagation of disturbances through certain manipulated

variables. However, the authors do not normalise the variables over their range. In this way, it is

not possible to compare the metrics for various variables, which is important in a multi-variable

system.

Horton et al. (2003) also used the standard deviation of the manipulated variable, in this case the

outflow, to assess the quality of a controller for a buffer tank. However, the authors did not consider

the possible constraints violation in their metric.
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In place of the standard deviation, Vasudevan and Rangaiah (2012) use the total variation 𝑇𝑉 =∑∞
𝑖=0 𝑢(𝑡 +1)−𝑢(𝑡) as measure for the performance of the controllers during a disturbance. The type

of disturbance they consider is a step change of inflows and compositions instead of persistent and

spiky abrupt disturbances. However, in the case of persistent and abrupt disturbances, the terms

𝑢(𝑡 +1)−𝑢(𝑡) do not have the same sign over the interval of time considered. Therefore, the positive

differences cancel the negative differences. Using the absolute value |𝑢(𝑡 + 1) − 𝑢(𝑡)| would have

solved the problem.

In conclusion, these solutions are not normalized over the ranges of the manipulated variables, so

that the actions of a multiple input- multiple-output controller on several controlled and manipulated

variables cannot be compared. Furthermore, these metrics do not consider the violations of

constraints for buffer variables. New metrics should solve these issues.

5.3 IMPLEMENTATION OF THE MPC WITH DISTURB-

ANCE FORECASTING

5.3.1 Implementing the disturbance forecast in the MPC

framework
The former section explained that the longest disturbance horizon for a certain disturbance might

be shorter than the prediction horizon. However, it is necessary to provide the model of the MPC

controller of a vector with the values of the disturbance that covers the duration of the prediction

horizon. Therefore, the issue is defining the default values of such vector for the values between

the end of the disturbance horizon and the end of the prediction horizon.

The vector d̂MPC(𝑡) indicates the vector of length 𝑝, which is provided to the MPC controller. It is

a concatenation of three parts. The first part is made by only one value, which is the measurement

of the current disturbance value 𝑑(𝑡). The second part is the prediction vector d̂(𝑡, ℎ) with the ℎ

predicted values of the disturbance. The third part is a vector 0𝑝−ℎ−1 composed of 𝑝 − ℎ − 1 zeros
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that fills the remaining elements of d̂MPC(𝑡). Therefore, d̂MPC(𝑡) can be written as

d̂MPC(𝑡) = [𝑑(𝑡) d̂(𝑡, ℎ) 0𝑝−ℎ−1]

= [𝑑MPC(𝑡) 𝑑MPC (𝑡 + 1) . . . 𝑑MPC(𝑡 + 𝑝 − 1)]

The reason for filling the end of the vector d̂MPC(𝑡) with zeros is the following. If the last part of such

vector would be filled with a value different from zero, that is 𝑑MPC (𝑡 + 𝑖) 6= 0, 𝑖 = ℎ, . . . , 𝑝 − 1,

this would imply that there is a permanent change of the disturbance at steady state. If this had

been true, the manipulated variables should probably change their steady state value to compensate

this new condition. This can make the response of the controller aggressive because the controller

might start changing the steady state of the manipulated variables at every sampling time. Instead,

the disturbances considered, which are persistent or abrupt spiky disturbances, deviate around their

origin.

The present author found in a former work (Borghesan et al., 2019a) that the length of disturbance

forecasting should equal the control horizon, ℎ = 𝑐 so that the controller can counteract the known

disturbance. The Section 5.2.2.3 explained the reason found for this behaviour and highlighted

that still few researchers investigated this problem. Next chapter investigate the problem further,

showing what happens varying the control and disturbance horizon.

5.3.2 The difference between sampling of the MPC

controller and sampling of the disturbance time

series for time-series forecast
The MPC controller has a certain sampling. Generally speaking, the faster is the sampling the

better is the rejection of the controller to disturbances but the higher is the computational power

requested (Alhajeri and Soroush, 2020).

Separately, the forecasting algorithm has its own sampling to record the past values of the disturb-

ance. If such sampling is too slow, fast dynamic part of the time series can be missed and the

search of nearest neighbours can fail. For example, the spikes of Tag 30 used in Chapter 4 last

roughly 60-120 seconds. The original time series was sampled every 20 seconds. If the sampling
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used were 60 seconds, some spikes might not be recorded and/or the forecasting algorithm might

not find the right nearest neighbours of such spikes. Consequently the algorithm might not forecast

these spikes when they occur.

Hence, the time series of the disturbance should be ideally sampled at high frequency and the

forecasts should be calculated based on this high frequency time series. Thereafter, the prediction

obtained should be resampled with the the sampling of the MPC controller. This procedure is

nonetheless computationally expensive and poses also the problem of how to adjust the sampling

time when different disturbances occur.

In this work the sampling time of the disturbance is equal to the sampling time of the MPC controller

if not stated otherwise. The case study of the boiler will be used to investigate the effect of the

choice of the sampling.

5.3.3 The tuning of the controlled variables acting as

buffer
A controlled variable acting as buffer is a controlled variable whose priority is to stay within an

upper and lower constraint. The manipulated variables controlling such buffer variable should

ideally stay as constant as possible and intervene when the buffer variable is going to cross its

constraints. The ultimate aim is breaking the propagation of a disturbance.

Although the priority for the variables that act as buffer variable is staying within the constraints,

following a set-point has some relevance, especially for abrupt disturbances which are unexpected

before they manifest themselves. It has been found, while working for this thesis, that a buffer

variable should slowly return to the middle of its range (which can be set as set-point).

In this way, when an expected abrupt disturbance enters again the system, the buffer variable is

equally distant from the upper and lower constraint. Instead, if the buffer variable found itself close

to one of the constraints, the action of the corresponding manipulated variables would be stronger,

propagating the disturbance.
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The solution found has been using weights for such controlled variables that change over time.

𝑤
𝑦

𝑗
(𝑡) =


0 if 𝑡 ≤ 𝑐

𝜖 if 𝑐 < 𝑡 ≤ 𝑝

(5.5)

where 𝜖 is a small number. For example, the value of 𝜖 has been set equal to 1 × 10−3 in this thesis.

The reasoning behind this formulation is that the controller can use fully the buffer capacity of

the controlled variable for the initial instants corresponding to the control horizon 𝑚, so that the

disturbance is potentially attenuated.

However the weight on such buffer variables increases after, so that the solutions found at steady

state for the manipulated variables aim to bring the buffer variables gradually at their nominal

values, centred in the middle of the admissible range.

5.4 EVALUATING THE MPC PERFORMANCE
This section describes the metrics that have been developed to compare quantitatively different MPC

tuning or structures for the processes considered. These are the aspects that should be analysed:

• Whether constraints on buffer variables have been violated

• Whether the set-point is tracked properly for other variables

• Whether the manipulated variables associated to disturbance propagation are kept constant

The list above leads to three metrics. The metric ΘArea
𝑦 𝑗

evaluates violations of the constraints of

a 𝑗−th buffer variable. It quantifies the integrated excursion of the process variable beyond the

constraints, normalized over an interval 𝑡1 → 𝑡2 and the width of constraints range 𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min

to have a value in percent.

ΘArea
𝑗 (𝑡1, 𝑡2) =

∑𝑡2
𝑡=𝑡1

(
max (𝑦(𝑡) − 𝑦Max, 𝑦Min − 𝑦(𝑡), 0)

)
𝑡2 − 𝑡1

· 100
𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min

(5.6)

The metric Γ
𝑦

𝑗
is used to evaluate the tracking of the set-points. It is the standard deviation of

the 𝑗−th controlled variable, normalized over the interval of time considered and the width of
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constraints range 𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min to have a value in percent.

Γ
𝑦

𝑗
(𝑡1, 𝑡2) =

√︄∑𝑡2
𝑡=𝑡1

(
𝑦 𝑗 (𝑡) − 𝑦̄ 𝑗

)2
𝑡2 − 𝑡1

· 100
𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min

(5.7)

The metric 𝜎𝑢
𝑗

measure the movement of a manipulated variable. It is the standard deviation of

𝑗−th manipulated variable 𝑢 over an interval of time 𝑡1 → 𝑡2, normalized over the range of the

manipulated variable.

𝜎𝑢
𝑗 (𝑡1, 𝑡2) =

√︄∑𝑡2
𝑡=𝑡1

(
𝑢(𝑡) 𝑗 − 𝑢̄ 𝑗

)2
𝑡2 − 𝑡1

· 100
𝑢 𝑗 ,Max − 𝑢 𝑗 ,Min

(5.8)

A smaller standard deviation implies that there is less propagation of the disturbance through that

manipulated variable.

The length of time horizon 𝑡2 − 𝑡2 considered for the metrics is not relevant when a persistent

disturbance with a regular pattern is occurring. However, it is more important when abrupt

disturbances occur because such phenomena do not occur regularly. More events of the disturbance

can occur in one interval of time than in another.

When the aim is understanding the impact of abrupt disturbances on the compositions of the

product, it might be reasonable to set such interval equal to the residence time of the lot tanks at

the end of the production, where the product is collected before being unloaded for shipment, for

example in tracks or ships (Downs and Caveness, 2012). In this way, the impact of the abrupt

disturbance is averaged over the corresponding shipment lot.

In this work however, the duration of the interval is simply equal to the duration of the simulation

because the case studies considered do not include lot tanks.

5.5 INTRODUCTION TO THE CASE STUDIES
Table 5.3 lists the case studies used and the objectives of the tests run on these case studies. There

two main types of objectives:

• Testing the tuning and implementation of the proposed MPC with systems of increasing

complexity
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Table 5.3: The relationships between the three case studies
Legend. DV stands for Disturbance Variable. MV stands for Manipulated Variable. CV stands for Controlled Variable.

Case study Number of
disturbance
variables

Dimension Objectives of the test

Continuous
Stirred Tank

Heater

1 DV

SISO • Testing the idea of buffer with an
MPC with disturbance forecasting.

Boiler MIMO
(2 MV × 2 CV)

• Expanding the idea of buffer to CV
different from level.

• Testing rules for defining the length
of the disturbance horizon.

• Analysing the impact of the sampling
time on the controller and predictor.

VAC
Distillation

Column

MIMO
(5 MV × 8 CV)

• Proofing the rules for tuning the dis-
turbance horizon.

• Testing an MPC where both variables
that must follow a set-point and vari-
ables that act as variables are present.

• Testing the proposed MPC in the areas of a production site that Chapter 3 considered relevant,

which are the steam utility and production plants

The simplest case study is the Continous Stirred Tank Heater (CSTH), which is a SISO system.

The most complex is the VAc distillation column which has 5 Manipulated Variables (MVs) for 8

Controlled Variables (CVs). The increasing complexity reflects the work done in the PhD in testing

the proposed MPC framework. In particular, the CSTH model has been the first model on which

to test the idea for a better management of the buffer variables in a process unit.

The steam boiler represents the first Multiple Input - Multiple Output (MIMO) system considered

(2 MV × 2 CV) and it is the first model considered based on a real industrial system. It has two

possible configurations. One where the objective is only following the set-points of the controlled

variables and one where the controlled variables act as buffer. The latter case shows that it is

possible to extend the concept of buffer to controlled variables that are not levels.
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The VAc distillation column is the largest case (5 MV × 8 CV) characterized by controlled variables

that act as buffer and other controlled variables that must strictly follow their set-points. A key

objective is testing whether the proposed framework is able to provide good performance for both

types of variables.

The boiler and the VAc column represent the steam utility and process using the the utility. Hence

it will be seen how the proposed framework works in two areas of a production site that Chapter 3

considered relevant for the propagation of site-wide disturbances.

5.6 CASE STUDIES: THE CONTINUOUS STIRRED TANK

HEATER (CSTH)

5.6.1 Objective of the case study of the CSTH
This is the first case study considered and the aim was to test how the MPC exploits a buffer when a

detailed information about the future evolution of the disturbance is provided. Exploiting a buffer

means keeping the controlled variable within constraints while minimizing the outflow variations.

5.6.2 Physical model of the CSTH
Fig. 5.2 shows the considered case study for the Continuous Stirred Tank Heater (CSTH) case study,

which has been derived from Thornhill et al. (2008). The case study consists of a simulated tank

filled with water, a cold-water inflow and a water outflow. The level is the only controlled variable

and the outflow valve of the tank is the only manipulated variable available to the controller. The

heating system and the controlled temperature of the original model are not considered to keep this

case study simple.

In Thornhill et al. (2008), the outflow valve was modelled to be fixed at 50% of its maximal aperture.

Here, it is modelled as a control valve instead. The outflow is modelled as in Eq. 5.9

𝐹out(𝑧, 𝑥) =
0.1013 × 10−4

50
𝑧
√

55 + 𝑥 (5.9)

where 0 ≤ 𝑥 ≤ 41 is the level of water in cm and 𝑧 ∈ [0; 100] is the valve position. The valve
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Figure 5.2: Case study of the CSTH.

position 𝑧 has the following dynamic characterised by a delay of 1s and a time constant of 3.8s.

This can be expressed in the frequency domain as

𝑧(𝑠) = 𝑆 (𝑧 (𝑠))

𝑧(𝑠) =
𝑒−𝑠

(3.8𝑠 + 1)
𝑢(𝑠)

(5.10)

where 𝑢(𝑠) is the output of the controller in the range 4-20 mA, and the nonlinear function 𝑆(·)

converts the signal 𝑧(𝑠) in 4-20 mA into the valve position 𝑧 with values between 0% and 100%.

The inflow of the tank is considered constant in the nominal case. In the model, the disturbance 𝑑

is added to the nominal value of the cold water flow rate and it is considered measurable.

5.6.3 Strategies of the MPC for the CSTH
The MPC controller regulates the measured level of the water 𝑦 in mA in the tank (whereas 𝑥 is the

level of the water in cm) by manipulating the valve position 𝑧 by means of 𝑢 , as described in Eq.

5.10.

The strategy of the controller is to keep the outflow as steady as possible and to intervene only

if the level has violated the constraints or if the controller predicts that it is going to violate the

constraints.
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Table 5.4: Tuning parameters of the MPC for the CSTH case study

Tuning parameter Value

𝑤
𝑦

𝑗
- Output reference tracking 0

𝑤𝑢
𝑗

- Manipulated variable tracking 0
𝑤Δ𝑢

𝑗
- Move suppression 2

Controller sampling time 1 s
𝑝 - Prediction horizon 1200
𝑐 - Control horizon 15

ΨMin and ΨMin -ECR controlled variable 1
𝜌 - ECR weight 100000

Table 5.5: Constraints of the MPC for the CSTH case study

Constraint Value Constraint Value

𝑣Min 12 mA 𝑣Max 12.5 mA
𝑢Min 4 mA 𝑢Max 20 mA
Δ𝑢Min −1 mA s−1 Δ𝑢Max +1 mA s−1

5.6.4 Tuning of the MPC
The Section 5.2.1 describes the optimization problem solved to calculate the control action of

MPC. Table 5.4 lists the tuning parameters. The sampling time of 1s is short, because the tested

disturbances have a high frequency. The prediction horizon 𝑝 = 1200 is more than the settling

time of the system (900 s). To limit the aggressiveness of the MPC, the control horizon is set equal

to few steps, as suggested by Seborg et al. (2004). Finally, it was found during the tests that the

disturbance horizon should be equal to the control horizon, ℎ = 𝑐, to have good performance, but

this topic will be analysed in detail in the next case studies.

The resulting objective function is:

𝐽 = 𝐽Δ𝑢 + 𝐽𝜀 =
𝑝−1∑︁
𝑖=0

{𝑤
Δ𝑢

𝑠𝑢
[𝑢 (𝑡 + 𝑖) − 𝑢(𝑡 + 𝑖 − 1 | 𝑡)]}2 + 𝜌𝜀𝜀

2
𝑁

(5.11)

Table 5.5 lists the constraints imposed on the controlled and manipulated variables. The constraints

of the level, 𝑦Min and 𝑦Max, are tight. The aim is to show how even a little buffer capacity can

reduce the disturbance propagation with adequate control.
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Figure 5.3: Case study of the steam boiler.

5.7 CASE STUDY: THE STEAM BOILER

5.7.1 Objective of the case study of the steam boiler
The second case study represents a simulated industrial application related to the topic of dis-

turbances propagating to and from a steam utility. Furthermore, this case study is a multi-variable

controlled system and shows more complex dynamics than the CSTH, such as inverse responses and

initial overshoots. This realistic case study demonstrates the impact of various tuning parameters

on the controller performance. This leads to indications on how to set the disturbance horizon in

the proposed MPC as well as indications of the impact of sampling time on the prediction algorithm

and MPC controller.

5.7.2 Physical model
The case study uses the model of a boiler of a 160 MW power plant located in Sweden, which

has been developed by Åström and Bell (1998). The model has been able replicate the results of

experiments done on the real plant and the authors provided the full code of the model.

The model has the following inputs, shown in Fig. 5.3:
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• Inflow of feed water 𝐹 𝑓

• Heat 𝐻

• Steam outflow 𝐹𝑠

The outputs are:

• The pressure 𝑃

• The level 𝐿

By using flows in place of positions of valves, the authors of the model decoupled the interactions

between pressure and flow through the valves. If positions of valves had been used, the pressure

inside the drum would have influenced the inflow of fresh water and the outflow of steam, which in

turn would have influenced the pressure inside the drum.

Fig. 5.4 shows the comparison between the response of the nonlinear model, that the controller

controls, and the linearised model used by the MPC controller for its internal calculations. The

response of the pressure of the two models overlap. There a slight mismatch of the response of the

level due to non-linearities. This is visible in the response of the level to a step variation of heat

and steam, which are shown in the second row from the top in the first two columns on the left.

Still the mismatch has not been considered relevant because it is not large and the controller is in a

closed loop.

5.7.3 Disturbances and configurations considered

5.7.3.1 Overview of the possible configurations of the boiler
The model of the boiler has three inputs for two outputs. The outputs of the model, which are the

pressure and level, are always controlled variables. However, depending on the configuration of the

steam utility, one of the inputs is the disturbance and the other two are the manipulated variables.

Consequently, three possible cases can be considered. Fig. 5.4 shows that all inputs have an impact

on the controlled variables. For each configuration, the manipulated variables have to compensate

the effects of the disturbance.
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Figure 5.4: Step test response of the nonlinear model of the steam boiler and of the linearised model used
by the corresponding MPC controller

5.7.3.2 Disturbances from the steam outflow
In this configuration, the disturbance is the outflow of steam from the boiler. Changes of the steam

outflow affect the energy and mass balance inside the boiler, and eventually pressure and level. The

heat flow rate and the feed of fresh water in the boiler should compensate for such effects.

Steps and ramps are the typical types of disturbances used to test real steam boilers or simulators

(Åström and Bell, 1998; Elguindy, 2013; Hultgren et al., 2019; Luyben, 2004; Majanne, 2005;

Sabia et al., 2019; Spinelli et al., 2020). The reason is that most of the articles that have been

found focus on boilers used for generation of electricity (Åström and Bell, 1998; Elguindy, 2013;

Hultgren et al., 2019; Sabia et al., 2019; Spinelli et al., 2020). In these articles, step responses are

then representative of sudden electric load changes. Ramps represent soft-starts of electric units or

daily trends of electricity consumption. Fewer articles focus on steam generations for processes.

Luyben (2004) and Majanne (2005) focus on applications for industrial loads and, nonetheless, also

considered disturbances from the steam outflow as steps, because their focus is on the starting and

trip of process units.

The article of Prasad et al. (2002) is the only article found which focuses on the reaction of steam

boiler to plant-wide disturbances. The plant-wide disturbance that the authors considered is a
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random width square wave. However, Chapter 3 reported that the possible plat-wide disturbances

can be more complex. Persistent disturbance of the steam provided to the load can be caused, for

example, by the phenomenon of stall of the heat exchangers or by stiction of valves. Abrupt changes

with a spiky shape can be thought as phenomena of geysering. Therefore, it is assumed for this

case study that the disturbances can be persistent or abrupt.

5.7.3.3 Disturbances from the heat provided
If the heat provided to the boiler is the disturbance, then the steam outflow and the feed of water

are the manipulated variables.

The heat provided to the boiler is commonly a disturbance because the calorific value of the fuel

burnt can change (Dukelow et al., 2005; Kortela and Lautala, 1984; Wu et al., 2015). However,

the predictability of the time series of a disturbance is limited in these cases, because the calorific

value of the fuel cannot always be measured and because there are not repeating patterns, as Section

3.5.3.4 discussed. The low predictability of a disturbance does not permit to use the proposed MPC

frameworks.

The predictability of the disturbance is higher if regular events occur, such as burning intermittently

side products of the process. In this case, abrupt disturbances of the heat provided to the boiler

occur, as the present author experienced. Also poor controls or sticking valves can potentially affect

the feed of fuel to the boiler, causing persistent disturbances. In these cases, the proposed MPC

framework can be potentially used.

5.7.3.4 Disturbances from the feed water
A further possible scenario is when the disturbance is from the feed water. Then the heat and steam

outflow are the manipulated variables. However, this scenario is not considered because it is not

so common any more. It used to be common when on-off controllers were implemented to control

the level of a boiler and they caused persistence disturbance site-wide (Section 3.5.3.3). Such

controllers are largely obsolete and analysing this third case would not bring consistent advantages

for studying the implementation of the MPC.
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5.7.4 Strategies for MPC controller

5.7.4.1 The key controlled and manipulated variables
Section 3.5 explained that the level of a boiler must stay within two very tight limits in the order of

+/−100 mm to +/−150 mm (Basu and Kumar, 2019; Chen and Shamma, 2004; Elguindy, 2013).

Dukelow et al. (2005) state that boilers drums are generally designed to follow a constant set-

point. However, some authors who have used this case study consider observing tight constraints

more important than tracking a specific set-point (Chen and Shamma, 2004; Ghabraei et al., 2018;

Ławryńczuk, 2017).

The set-point of the pressure is more relevant than the one of the level because the pressure is

strictly related to the enthalpy of the saturated steam leaving the boiler. Furthermore, the change of

pressure of steam in the drum affects the change of the rate of the outflow of steam and of the inflow

of feedwater flowing through a valve following square root relationships as described in Section 3.5.

However, the model developed by Åström and Bell (1998), which is used in this thesis, neglects

the position of valves and considers the inflow of feedwater and outflow of steam as independent

from the pressure of the drum.

5.7.4.2 The dependency of the power delivered by steam on pressure

and mass flow rate
Although the pressure of the steam influences the specific enthalpy of the steam, the power delivered

from a boiler through the steam depends more strongly on the mass flow rate than on the pressure.

To show this, the gradient of the function describing such delivered power is computed.

The power delivered to a load by a boiler through the steam is the following.

¤𝑊 (𝑝st, ¤𝑚st) = (ℎst (𝑝st) − ℎcond (𝑝cond)) · ¤𝑚st −𝑄loss (5.12)

where ¤𝑊 is the power delivered, ℎst is the specific enthalpy of the steam leaving the boiler which

depends on 𝑝st, which is the pressure of saturated steam. The specific enthalpy of the condensate

leaving the load is ℎcond. Such specific enthalpy depends on 𝑝cond, which is the pressure of the

condensate. The variable ¤𝑚st is mass flow rate of the steam, and 𝑄loss is the loss of energy to the

environment.
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The interest is calculating the gradient only for the part of the above equation that depends on the

values of 𝑝st and ¤𝑚st, because these are the variables that can be influenced by the boiler and its

controller. On the contrary, the variables 𝑄sh, 𝑄loss, ℎcond and 𝑝cond are independent. Furthermore,

the value of ¤𝑚st is assumed to be controlled by a mass-flow controller so that possible disturbances

and dependencies on the value of 𝑝st can be assumed to be compensated by the intervention of the

controller through valve adjustments.

Consequently, the gradient results to be:

∇ ¤𝑊 (𝑝st, · ¤𝑚st) =
𝜕 (ℎst · ¤𝑚st)

𝜕𝑝st
𝑝st +

𝜕(ℎst · 𝑚st)
𝜕 ¤𝑚st

¤̂𝑚st

=
𝜕ℎst
𝜕𝑝st

· ¤𝑚(nom)
st · 𝑝st + ℎ

(nom)
st · ¤̂𝑚st

(5.13)

In the above equation the term ∇ defines the gradient, the terms ℎ
(nom)
st and ¤𝑚(nom)

st denote the

nominal values of enthalpy and mass outflow of steam at the operating point, the terms ¤̂𝑚st and 𝑝st

indicate a unitary variation of the pressure and mass flow rate of steam.

The values of mass flow of steam and pressure at the considered operating point are ¤𝑚(nom)
st =

49.95 kg · s−1 and 𝑝
(nom)
st = 85 bara. Using steam tables, the coefficients of the Eq. 5.13 can be

calculated and later such coefficients can be normalised over the nominal values of the pressure

and steam outflow. In this way, the equation becomes

∇ ¤𝑊 (𝑝st, · ¤𝑚st) = −0.078 · MW
bar

𝑝st + 2.75 · MJ
kg

¤̂𝑚st

= −0.078 · MW
bar

· 85 · bar · 𝑝st + 2.75 · MJ
kg

· 49.54 · kg
s

· ¤̂𝑚st

= −6.6822 · MW · 𝑝st + 137.4 · MW · ¤̂𝑚st

(5.14)

where 𝑝st and ¤̂𝑚st define the normalised unitary variation of the pressure and mass flow rate of the

steam.

The last line of the above equation 5.14 shows that a change of steam mass flow has an effect which

is two orders of magnitude bigger than the effect obtained with a change of the same proportion of

the steam pressure.

From previous analysis, if the power delivered to loads must be kept as constant as possible, then

it is by far better to keep the mass outflow load constant, rather than the pressure constant. If the
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steam outflow is used to keep the pressure at its set-point, then the power variations at load side can

be relatively large.

5.7.4.3 Summary of MPC strategies
To summarize, there two strategies depending on where the disturbance comes from.

• The disturbance comes from the heat provided to the boiler

The controller has to avoid further propagation of the disturbance. Consequently, it must

reduce the changes of the power delivered downstream by moving the steam outflow only

when strictly necessary. The controller is configure in the following way:

– The movement of the steam outflow is penalized

– The movement of the water feed is not penalized

– The level and the pressure of the boiler act as buffer variables

• The disturbance comes from the request of steam

The controller can only try to keep the pressure of steam as steady as possible to avoid further

effects on the temperature and power delivered by the steam.

– The movement of manipulated variables, the feed of water and the heat provided, are

not penalised

– The tracking of the set-point of the pressure is enforced

– The level follows gently a set-point to keep the system at its steady-state operating point

The next section describes how the this strategy is implemented in the controller tuning.
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5.7.5 The tuning and the constraints on the controlled

variable

5.7.5.1 The tuning parameters
The parameters on Table 5.6 and Table 5.7 are used in the objective function of the optimization

problem of Eq. 5.2 in Section 5.2.1.3, which is repeated here for convenience.

min
u,𝜀

𝐽𝑦 + 𝐽𝑢 + 𝐽Δ𝑢 + 𝐽𝜀

s.t.
𝑢 𝑗 ,Min

𝑠𝑢
𝑗

≤
𝑢 𝑗 (𝑡 + 𝑖 | 𝑡)

𝑠𝑢
𝑗

≤
𝑢 𝑗 ,Max

𝑠𝑢
𝑗

for 1 ≤ 𝑗 ≤ 𝑁𝑢, for 1 ≤ 𝑖 ≤ 𝑝

Δ𝑢 𝑗 ,Min

𝑠𝑢
𝑗

≤
Δ𝑢 𝑗 (𝑡 + 𝑖 | 𝑡)

𝑠𝑢
𝑗

≤
Δ𝑢 𝑗 ,Max

𝑠𝑢
𝑗

for 1 ≤ 𝑗 ≤ 𝑁𝑢, for 1 ≤ 𝑖 ≤ 𝑝

𝑦
𝑗 ,Min

𝑠
𝑦

𝑗

− 𝜀Ψ
𝑦

𝑗 ,Min ≤ 𝑦 (𝑡 + 𝑖 | 𝑡)
𝑠
𝑦

𝑗

≤ for 1 ≤ 𝑗 ≤ 𝑁𝑦, for 1 ≤ 𝑖 ≤ 𝑝

≤
𝑦
𝑗 ,Max

𝑠
𝑦

𝑗

+ 𝜀 Ψ
𝑦

𝑗 ,Max

𝑢 𝑗 (𝑡 + 𝑖 | 𝑡) = 𝑢 𝑗 (𝑡 + 𝑐 | 𝑡) for 1 ≤ 𝑗 ≤ 𝑁𝑢, for 𝑐 ≤ 𝑖 ≤ 𝑝

where the objective function in Eq. 5.4 is:

𝐽𝑦(u, 𝜀) =
𝑁𝑦∑︁
𝑗=1

𝑝∑︁
𝑖=1

{
𝑤

𝑦

𝑗

𝑠
𝑦

𝑗

[𝑟 𝑗 (𝑡 + 𝑖 | 𝑡) − 𝑦 𝑗 (𝑡 + 𝑖 | 𝑡)]}2

𝐽𝑢(u, 𝜀) =
𝑁𝑢∑︁
𝑗=1

𝑝−1∑︁
𝑖=0

{
𝑤𝑢

𝑗

𝑠𝑢
𝑗

[𝑢 𝑗 (𝑡 + 𝑖 | 𝑡) − 𝑢 𝑗 ,𝑡𝑎𝑟𝑔𝑒𝑡 (𝑡 + 𝑖 | 𝑡)]}2

𝐽Δ𝑢(u, 𝜀) =
𝑁𝑢∑︁
𝑗=1

𝑝−1∑︁
𝑖=0

{
𝑤Δ𝑢

𝑗

𝑠𝑢
𝑗

[𝑢 𝑗 (𝑡 + 𝑖 | 𝑡) − 𝑢 𝑗 (𝑡 + 𝑖 − 1 | 𝑡)]}2

𝐽𝜀(u, 𝜀) = 𝜌𝜀𝜀
2
𝑡

This case study serves to analyse the effects on the performance of varying controller sampling in

addition to prediction, control and disturbance horizons of the controller. Therefore, various sets

of values are tested for such parameters.
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Table 5.6: Tuning parameters of the MPC for the steam boiler

Tuning parameter Disturbance from the heat Disturbance from the steam
outflow

𝑤
𝑦

𝑗
- Output reference

tracking
Pressure [0 - 1 × 10−3] Pressure 20

Level [0 - 1 × 10−3] Level 0.05

𝑤𝑢
𝑗

- Manipulated
variable tracking

Steam outflow
rate

0 Heat flow rate 0

Feed water
flow rate

0 Feed water
flow rate

0

𝑤Δ𝑢
𝑗

- Move suppression Steam outflow
rate

0.5 Heat flow rate 0.1

Feed water
flow rate

0.1 Feed water
flow rate

0.1

Ψ
𝑦

𝑗 ,Min and Ψ
𝑦

𝑗 ,Max

ECR controlled
variable

Pressure

1

Level

1

Controller sampling time [5,30,60] s

𝑝 - Prediction horizon 1500 s

𝑐 - Control horizon 3 samples, 420 s

ℎ - Disturbance horizon 3 samples, Control horizon, Max forecastability

𝜌 - ECR Weight 1 × 105

The weights on the CVs and MVs The tuning parameters have been set up using the

guidelines in Mathworks (2020b). Following those guidelines, in the case of the disturbance

originating from the steam outflow the ’Output reference tracking’ weight 𝑤𝑦

𝑗
for the pressure is 20

because this indicates a controlled variable that must follow strictly its set-point. On the other hand

the same weight relative to the the level is 0.05 because this indicates that the controlled variable

should follow the set-point but large excursions are allowed.
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Table 5.7: Constraints of the MPC for the steam boiler

Constraint Variable Value Constraint Variable Value

𝑦Min
Pressure 83.3 bara

𝑦Max
Pressure 86.7 bara

Level -100 mm Level 100 mm

𝑢Min

Heat flow rate 0 MW
𝑢Max

Heat flow rate 160 MW
Steam outflow 0 kg · s−1 Steam outflow 93.38 kg · s−1

Feed water 0 kg · s−1 Feed water 93.38 kg · s−1

Δ𝑢Min

Heat -0.007 𝑢Max · s−1

Δ𝑢Max

Heat flow rate 0.007 𝑢Max · s−1

Steam outflow
rate

-2 𝑢Max · s−1 Steam outflow
rate

0.02 𝑢Max · s−1

Feed water
flow rate

-0.05 𝑢Max · s−1 Feed water
flow rate

0.05 𝑢Max · s−1

When the disturbance comes from the heat provided, the pressure and the level act as buffer. A

time-varying weight 𝑤𝑦

𝑗
on the reference tracking has been added as described in Section 5.3.3.

The notation [.. − ..] indicates the two values that a weight 𝑤𝑦

𝑗
takes over time.

The sampling times Three discretionary sampling times have been chosen. The shortest

of 5s has been chosen because of the fast initial transients of the level of boiler. However, this fast

sampling time is computationally expensive. Therefore, also longer sampling of 30s and 60s have

been tested to test whether performance would degrade considerably.

Prediction horizon The prediction horizon is fixed, using the rule found in Dougherty and

Cooper (2003) for integrating process. The authors state that the response of the system should be

approximated with an integrator system with a delay. The prediction horizon is calculated based

on the biggest response delay of the system 𝜃𝑝. Looking at the responses depicted in Fig. 5.4,

there are not clear delays but rather initial overshoots or inverse responses. The maximal registered

duration of such initial responses is considered the response delay and it is equal to 𝜃𝑝 = 88 s.

Control horizons A choice for the control horizon is using only three samples (independent

from the sampling time). Such a choice is often used in real applications and might make the

controllers less aggressive and improve the stability of the controllers, as suggested by Mathworks
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(2018) and Seborg et al. (2004). However, other researchers show that longer control horizons

can be beneficial (Alhajeri and Soroush, 2020; Dougherty and Cooper, 2003; Rossiter, 2014).

According to the tuning rules of Dougherty and Cooper (2003), the control horizon should be

420s. So an additional control horizon of 420s is chosen. Depending on the sampling rate of the

controller, this control horizon is converted in samples.

Disturbance horizons Three possibilities have been chosen for the disturbance horizon.

A very short disturbance horizon of three samples (independent from the sampling time), the

length of the control horizon or, finally, the maximal forecastability. The maximal forecastability is

considered as the duration of one cycle of a repeating disturbance, or as the duration of one pattern

of a persistent disturbance.

5.7.5.2 The constraints
Table 5.7 shows the constraints for the controlled and manipulated variables. Åström and Bell

(1987) provided the constraints for the manipulated variables but not for the controlled variables.

The constraints on the level have been taken from Ławryńczuk (2017), who used the same case

study. However, such limits are 30% tighter than those presented in the handbook of Basu and

Kumar (2019) and in the case study of Elguindy (2013). The stricter constraints of Ławryńczuk

(2017) were chosen to test the ability of the proposed controller to exploit limited buffers.

The nominal pressure is 85 bara and the limits are set to ±2%. These values for the percent limits

have been taken by Majanne (2005) who described a plant with a maximum pressure of 100 bar.

Elguindy (2013), instead, sets limits of the pressure at ±3.3% for his 9 bar plant. However, the

more restrictive set of limits of Majanne (2005) has been chosen to test the controller in harder

conditions.

5.8 CASE STUDY: THE VAC COLUMN

5.8.1 Physical model of the azeotropic column
The VAc column case study is the final distillation column of the vinyl-acetate benchmark model

described by Chen et al. (2003), Luyben and Tyréus (1998), Luyben et al. (1998), and Luyben
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Figure 5.5: Case study of the VAc distillation column.

(2002). The vinyl-acetate process is made of a reaction phase, and a separation phase based on a

separator, an absorber and the distillation column which analysed here. The case study is depicted

in Fig. 5.5.

The feed to the column is a mixture of Vinyl Acetate (VAc), Water (H2O) and Acetic Acid (HAc).

The column separates the mixture in two streams. The stream out of the bottom of the column is

principally HAc. The HAc is used for the main reaction of the plant and it is therefore recycled to

the reactor. To stop the propagation of disturbances, Luyben et al. (1998) stated that the flow rate

of this stream should be kept constant. The vapour from the top of the column is instead a mixture

mainly of VAc and water. The vapour is condensed and enters in a decanter, where the organic and

aqueous phases can separate. The upper layer is VAc, while the lower layer is water. Consequently,

the level of the water influences the level of the organic phase. The water is taken from a lower

flange and discarded. The organic phase is in part refluxed into the column and in part is the final

product of this section of the plant. Indeed, there is a distillation train which should process the

VAc but which has not been described by Luyben and Tyréus (1998).



181

Table 5.8: The steady state values of the flows, reboiler heat and condenser duty of the original model and
the one developed

Column Feed
(original/
modelled)

Column Bottom
(original/
modelled)

Organic Product
(original/
modelled)

Aqueous Product
(original/
modelled)

Flow
(mol min−1)

3820/3820 2160/2160 826/829 831/831

Temperature
(°C)

42.5/42.5 137.2/137.2 40/40 40/40

Pressure
(psia)

84/84 30/30 18/18 18/18

VAc
(mol frac)

0.206/0.206 11 × 10−6/
11 × 10−6

0.950/0.944 0.002/0.005

H2O
(mol frac)

0.281/0.281 0.093/0.0927 0.050/0.055 0.998/0.995

HAc
(mol frac)

0.513/0.513 0.907/0.907 370 × 10−6 /
18 × 10−6

370 × 10−6/
16 × 10−6

Reboiler duty
(kcal hr−1)
(original/modelled)

4 × 106/
4.19 × 106

Condenser duty
(kcal hr−1)
(original/modelled)

3.9 × 106/
3.82 × 106

5.8.1.1 Comparison with the original model
The model of the system has been developed using Aspen Plus v11 following Luyben (2002). The

UNIF-HOC physical property package is used for the column and the Aspen NRTL for the decanter

as Luyben did in a later paper using Aspen Plus (Luyben, 2011). Table 5.8 compares the steady

state values of the flows, their compositions, the heat provided through the steam reboiler and the

condenser cooling duty of model with the original model developed in Luyben et al. (1998). The

values mainly overlap but there are some significant differences regarding the presence of spurious

components of HAc and VAc in the organic and aqueous stream. Such difference is probably due

to the use of the NRTL package for the modelling of the two phase separation process in place of

the Wilson package, used in the original paper Luyben et al. (1998).

The temperature profile is depicted in Fig. 5.6 and it reflects the qualitative trend of the one

published originally. The temperature of the sixteenth stage, which is the temperature controlled,

is slightly shifted being 115 °C instead of 110°C.
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Figure 5.6: The temperature profile found for the VAc distillation column

Figure 5.7: The structure of the VAc distillation column

The model, inclusive of base-level PI-based controllers (Proportional-Integral) for flow control,

is then exported in Aspen Dynamics. Fig. 5.7 shows a screenshot of such model. The Aspen

Dynamics model is connected with Simulink using the procedure explained in Mathworks (2020a).

The result is a co-simulation where Aspen simulates the behaviour of the column, subject to the

control actions of the MPC controller which are calculated in the Simulink/Matlab environment.
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Table 5.9: Controlled and manipulated variable of the case study of the VAC distillation column.

Controlled variables

𝑇c Temperature of the 16th stage counted
from the top

𝐿bot Level of the bottom

𝐿acq Level of the aqueous phase in the
decanter

𝐿org Level of the organic phase in the
decanter

𝑇org Temperature of the organic phase in
the decanter

𝐶
top
HAc Impurities of HAc in the organic

outflow from the decanter
𝐶bot

VAc Impurities of VAc in the outflow from
the bottom of the column

𝐶bot
wat Impurities of water in the outflow from

the bottom of the column

Manipulated variables

𝐹org Set-point of the organic outflow from
the decanter

𝐹acq Set-point of the aqueous outflow from
the decanter

𝐹bot Set-point of the outflow from the
bottom of the column

𝐹refl Set-point of the reflux flow

𝑄c Condenser cooling power

Disturbance variable

𝑄r Reboiler heating power

5.8.2 Control configuration considered
The Table 5.9 lists the controlled and manipulated variables of the MPC, and the disturbance.

All measurements are updated every second except the measurements with online analysers of the

impurities. Such analysers update their measurements every minute.

In addition to online analysers, temperature is used for inferential control of the concentrations. The

temperature profile of the column is plotted in Fig. 5.6. The temperature of the 16th stage is the one

chosen to be controlled, which is the same temperature controlled in the original model (Luyben

and Tyréus, 1998) . The 16th stage is the stage where the temperature profile is steepest and whose

temperature changes most in response to variations in the manipulated variables and disturbance.

These are common heuristics to choose the tray to be controlled in a column for inferential control

(Luyben, 2006; Luyben et al., 1998; Skogestad, 2007).
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The pressure at the top of the column is controlled with a PI controller. The reason is that the

sampling of the MPC is 1 minute. To obtain a tighter control, a PI controller is preferred because

of its a higher sampling rate.

The MPC controller provides the set-points to the base-layer PI-controllers regulating the flows,

rather than acting directly on the valves. This is necessary because the levels in the column are

going to fluctuate, since they are acting as buffer, and these fluctuations cause a variation of the

back-pressure of the valves. If an MPC acts directly on the valves, the valve position is kept constant

for the duration of the sampling time of the MPC, and the flow through a valve can fluctuate.

5.8.3 Disturbances considered
It is assumed that the disturbance comes from the steam utility through the reboiler of the column.

The scenario represents a propagating site-wide disturbance, reflecting the interest of this thesis on

this type of disturbance. Furthermore, this scenario is problematic from a control point of view

because steam is generally an important manipulated variable used to compensate disturbances

coming from elsewhere. In this case, the controller needs to coordinate the remaining manipulated

variables to compensate the effects of the disturbance from the steam.

Figure 5.8 represents the step responses between disturbance and manipulated variables (column

headings), and controlled variables (row headings). Such plots show that the reboiler duty 𝑄𝑟

affects all controlled variables.

5.8.4 The strategy of the MPC controller
The MPC controller has to avoid a propagation of the disturbance and keep the most important

variables at their set-point.

If the level controllers are tightly tuned, variations of the levels caused by the steam are reflected

on the variations of the mass outflows. The MPC controller should therefore keep the outflows

from the bottom of column and from the organic phase of the decanter constant, while letting the

corresponding levels act as buffer.
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Figure 5.8: The step responses of the model of VAc distillation column linearised at the operating point defined in Table 5.11. The model has been
scaled over the span of its manipulated and controller variables, where the span is the difference between maximum and minimum value of the variable
considered. The step responses show the variations in spans of the controlled variables for a variation of one span of the manipulated variable.
Therefore, the step responses provide only a qualitative information given the high non-linearity of the distillation column.
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Variations of the outflow of the aqueous phase are not relevant for the rest of the process. Since the

level of the aqueous layer in the decanter affects the level of the organic material, the level of the

aqueous phase should rather be controlled at a set-point.

Variations of the temperature of the organic phase flowing out of the decanter represent variations

of the liquid enthalpy, which are propagated to the following distillation train. Therefore, the MPC

controller has to keep the temperature of organic outflow constant. The condenser duty is the only

manipulated variable which can compensate the disturbance of the steam on this variable.

The concentrations of impurities should be strictly close to their nominal values. Although the

constraints provided originally by Luyben and Tyréus (1998) for such controlled variables are

relaxed, chemical companies have been more prone to reduce the variability of their products in the

later years to provide the customers with consistent product quality (Downs and Caveness, 2012).

Therefore, reducing the variations of such concentrations has been set as a priority.

5.8.5 Tuning of the MPC controller

5.8.5.1 The tuning parameters
Table 5.10 lists the parameters chosen for the MPC. The levels of the organic phase of the decanter

and the bottom of the column are free to move within their constraints because their corresponding

outflows must avoid a propagation of disturbance. Section 5.3.3 describes how they have been

tuned. The weights ‘Manipulated suppression’ of such outflows have been consequently increased

compared to others. The reference tracking weights on the other variables are instead different

from zero, with the highest priority given to the concentrations of the chemical components.

As it regards the parameters of the controllers, the sampling time has been chosen equal to 1 minute

which is common for process applications with long horizons and does not make the computational

time too long. The prediction horizon of 5 hours resulted from applying the guidelines of Dougherty

and Cooper (2003) to the present case study. The same guidelines of Dougherty and Cooper (2003)

suggested a control horizon equivalent to 90 min. However, Seborg et al. (2004), Mathworks

(2018) and Alhajeri and Soroush (2020) suggest to use a short controller horizon controller to limit

the aggressiveness of the controller. Specifically, these references suggest values of the control
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Table 5.10: Tuning parameters of the MPC for the VAc distillation column

Tuning parameter Variable Value Variable Value

𝑤
𝑦

𝑗
- Output

reference tracking

Level organic phase [0 - 1 × 10−3] Level aqueous phase 1

Level bottom [0 - 1 × 10−3] Temperature 16th tray 0.7

Temperature decanter 1 HAc molar fraction top 1

VAc molar fraction
bottom

1 Water molar fraction
bottom

1

𝑤𝑢
𝑗

- Manipulated
variable tracking

Flow organic stream 0 Flow aqueous stream 0

Flow bottom stream 0 Reflux 0

Condenser duty 0

𝑤Δ𝑢
𝑗

- Move
suppression

Flow organic stream 0.5 Flow aqueous stream 0.1

Flow bottom stream 0.5 Reflux 0.1

Condenser duty 0.1

Ψ
𝑦

Min and Ψ
𝑦

Max

ECR controlled
variable

Level organic phase 1 Level aqueous phase 1

Level bottom 1 Temperature 16th tray 1

Temperature decanter 1 HAc molar fraction top 1

VAc molar fraction bot-
tom

1 Water molar fraction
bottom

1

Controller
sampling time

1 min

𝑝 - Prediction
horizon

5 hr

𝑐 - Control horizon 3 min, 15 min, 90 min

ℎ - Disturbance
horizon

3 minutes, Control horizon, Max forecastability

𝜌 - ECR Weight 1 × 105
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Table 5.11: Nominal values of the MPC for the VAc distillation column

Nominal values

Temperature 16th 114.766 °C Temperature decanter 40 °C
HAc molar fraction in org. flow 1.8·10−5 VAc molar fraction bottom 11 ·10−5

Water molar fraction bottom 0.0927
Flow organic stream 4093.7 kg·hr−1 Flow bottom 7277.5 kg·hr−1

Flow aqueous phase 914.7 kg·hr−1 Flow reflux 26074.5 kg·hr−1

Condenser duty 3.82 Mkcal·hr−1

horizon between 3 and 15 steps, independently from the dynamics of the system. Therefore, such

values of the control horizon are tested in addition to a control horizon of 90 steps (equivalent to

90 minutes). The values of the disturbance horizon are chosen as for the boiler case study. The

options are setting the disturbance horizon equal to three samples, equal to the control horizon or,

setting it equal the length of the maximal forecastability for that signal. The max forecastability is

considered as the duration of one pattern of the the disturbance.

5.8.5.2 The constraints
Table 5.11 shows the nominal values for the controlled and manipulated variables that the MPC

should track, and Table 5.12 shows the constraints. The constraints on the controlled and manip-

ulated variables come from Chen et al. (2003). However, the authors did not stated the limits on

the rates of opening and closing of the manipulated variables Δ𝑢Min and Δ𝑢Max. The values of the

limits of these rate were found in the ‘Control Valve Handbook’ of Emerson Automation Solutions

(2019), and reduced by a tenth. In this way the actuators are not stressed.
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Table 5.12: Constraints of the MPC for the VAc distillation column

Constraint Variable Value Constraint Variable Value

𝑦Min

Level organic
material

10%

𝑦Max

Level organic
material

90%

Level aqueous
phase

10% Level aqueous
phase

90%

Level bottom
column

10% Level bottom
column

90%

Temperature
16th stage

𝑇𝑠𝑝 -3 °C Temperature
16th stage

𝑇𝑠𝑝 +3 °C

Temperature
decanter

35 °C Temperature
decanter

45 °C

HAc molar
fraction top

0 HAc molar
fraction top

600 ppm

VAc molar frac-
tion bottom

0 VAc molar frac-
tion bottom

100 ppm

Water molar
fraction bottom

0 Water molar
fraction bottom

0.2

𝑢Min

Organic flow 0 kg·hr−1

𝑢Max

Organic flow 8187.9 kg·hr−1

Aqueous flow 0 kg·hr−1 Aqueous flow 1818.7 kg·hr−1

Bottom flow 0 kg·hr−1 Bottom flow 14560 kg·hr−1

Reflux flow 0 kg·hr−1 Reflux flow 48136 kg·hr−1

Condenser duty -4.2 Mcal·hr−1 Condenser duty 0 Mcal·hr−1

Δ𝑢Min

Organic flow

−0.02𝑢Nom · s−1 Δ𝑢Max

Organic flow

+0.01𝑢Nom · s−1
Aqueous flow Aqueous flow

Bottom flow Bottom flow

Reflux flow Reflux flow

Condenser duty Condenser duty
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5.9 SUMMARY
This chapter focused on the last two technical objectives of the thesis, which are the implementation

and the evaluation of performance of the proposed MPC with disturbance forecasting for process

control applications. The MPC solution should be able to keep the key controlled variables at their

nominal values and avoid a propagation of the disturbance by exploiting the capability of certain

variables to act as buffer. To reach this objective, the problem is dealt in terms of implementation

of the MPC controller and in terms of designing a controller strategy for the controlled system.

A review of literature found that the length of the disturbance prediction needed to obtain desired

performances is an open question. Furthermore, there is room of improvement for metrics evaluating

performance of controllers in handling site and plant-wide disturbances.

The key issues for inclusion of a disturbance forecast are the duration of the disturbance prediction

(here called disturbance horizon), the possible different sampling between prediction algorithm and

MPC controller, the tuning of those variables that should act as buffer, the metrics for the evaluation

of the performance.

Three case studies in process engineering were presented which are a laboratory CSTH tank, an

industrial steam boiler, and a distillation column. Each case study will test different aspects of

the implemented solutions, and serves to show the abilities of the proposed MPC framework in

different areas of a production site.

A controller strategy was devised for each case study to define the controlled variables that must

be close to their set-point, the manipulated variables that can propagate further a disturbance, and

the controlled variables that can act as buffer. The strategies are finally translated into a choice of

the weights for tuning the controller.
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C h a p t e r 6

MPC WITH DISTURBANCE
FORECASTING: RESULTS

This chapter presents the results of the implementations of the MPC with disturbance forecasting

proposed in this thesis. An aim of the chapter is to show whether the proposed MPC with disturbance

forecasting provides good performance for realistic case studies with industrial disturbances. This

is the third of the technical objectives of the thesis. The chapter shows also the use of new metrics

for assessing the performance of the controller in in three aspects, which are capability of the

controller to avoid a propagation of the disturbance, capability to reduce the variability of the key

controlled variables, and capability to avoid violations of constraints. This is the last technical

objective of the thesis.

The MPC is tested on the three case studies described in Chapter 5, which are a laboratory CSTH,

an industrial steam boiler, and an industrial distillation column. Using the same metrics the

proposed MPC is compared to other two other strategies used in industrial applications to deal with

disturbances in MPC frameworks. The strategy are called here Prediction OFF and Frozen Time

MPC (FTMPC).

The chapter provides insights about the impact that the tuning of the disturbance horizon, the

sampling of prediction and controller algorithms, and the prediction algorithm have on the per-

formance achievable by the MPC framework.

6.1 INTRODUCTION
This chapter focuses on the last two technical objectives listed in Section 1.6, which are implement-

ing and evaluating an MPC controller in realistic case studies that uses a multi-step forecast of a

measured disturbance to avoid a propagation of the disturbance and to reduce the variations of the

key controlled controlled variables.
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Table 6.1: The three MPC strategies compared for dealing with the disturbance values.

Model of the MPC

The model used by the MPC for the calculation of the objective function is:

𝑥 (𝑡 + 1) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) + 𝐵𝑑𝑑MPC(𝑡)
𝑦(𝑡) = 𝐶𝑥(𝑡) + 𝐷𝑢(𝑡) + 𝐷𝑑𝑑MPC(𝑡)

The values of the disturbance 𝑑MPC over the prediction horizon 𝑝 have an impact on the predictions
made by the model and on the objective function of the MPC (Section 5.2.1.2 at page 151).

Strategy Description Mathematical formulation

Prediction ON Framework proposed in this thesis and
explained in Section 5.3.1.
Predicting the future values 𝑑 of the dis-
turbance for a horizon ℎ. Set remaining
values to zero.

𝑑MPC(𝑡) =


𝑑(𝑡), for 𝑖 = 0
𝑑(𝑖), for 1 ≤ 𝑖 ≤ ℎ

0, for ℎ < 𝑖 < 𝑝

Prediction
OFF

Ignoring the presence of the disturbance,
which means setting to zero the values
of the disturbance over the prediction
horizon 𝑝

𝑑MPC(𝑡 + 𝑖) = 0, 0 ≤ 𝑖 < 𝑝

Frozen Time
MPC

(FTMPC)

Setting the values of the disturbance of
the disturbance over the prediction hori-
zon equal to the current measured value
𝑑(𝑡)

𝑑MPC(𝑡 + 𝑖) = 𝑑(𝑡), 0 ≤ 𝑖 < 𝑝

A key-objective of this chapter is determining whether using a disturbance forecast improves

performance of an MPC in dealing with process disturbances, and for which conditions.

The improvement is assessed comparing the proposed MPC with two other MPC controllers. While

the tuning of all controllers is the same, they differentiate themselves in the way they fill the values

of the disturbance 𝑑MPC assumed over the prediction horizon 𝑝. Table 6.1 gives a reminder of the

problem explained in Section 5.2.1.2 and describes the strategies. The strategies called Prediction

OFF and FTMPC are commonly used in industrial settings (Camacho and Bordons, 2008). The

results presented here are also going to highlight their limits.

The controller strategies are evaluated according to ability to avoid violations of constraints, ability

to reduce the variability of the key controlled variables, and ability of the controller to avoid a

propagation of the disturbance. Table 6.2 describes the metrics used for evaluate these three aspect.

These metrics were explained in Section 5.4 of the former chapter.
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Table 6.2: Metrics for the evaluation of a controller

Method Description

ΘArea
𝑗

(𝑡1, 𝑡2)
𝑡2∑
𝑡=𝑡1

(
max

(
𝑦(𝑡) − 𝑦Max, 𝑦Min − 𝑦(𝑡), 0

))
𝑡2 − 𝑡1

· 100
𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min

The metric evaluates the constraints violation of a 𝑗−th buffer variable. It quantifies the in-
tegrated excursion of the process variable beyond the constraints, normalized over an interval
𝑡1 → 𝑡2 and the width of constraints range 𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min to have a value in percent.

Γ
𝑦

𝑗
(𝑡1, 𝑡2)

𝑡2∑
𝑡=𝑡1

(
max

(
𝑦(𝑡) − 𝑦Max, 𝑦Min − 𝑦(𝑡), 0

))
𝑡2 − 𝑡1

· 100
𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min

The metric evaluates the tracking of the set-points. It is the standard deviation of the 𝑗−th con-
trolled variable, normalized over the interval of time considered and the width of constraints
range 𝑦 𝑗 ,Max − 𝑦 𝑗 ,Min to have a value in percent.

𝜎𝑢
𝑗
(𝑡1, 𝑡2)

√√√√ 𝑡2∑
𝑡=𝑡1

(
𝑢(𝑡) 𝑗 − 𝑢̄ 𝑗

)2
𝑡2 − 𝑡1

· 100
𝑢 𝑗 ,Max − 𝑢 𝑗 ,Min

The metric measures the movement of the 𝑗−th manipulated variables associated to disturbance
propagation. It is the standard deviation of 𝑗−th manipulated variable 𝑢 over an interval of time
𝑡1 → 𝑡2, normalized over the range of the manipulated variable.

When assessing for which conditions the proposed MPC has benefits, this chapter analyses:

• The impact of the speed of the pattern of the disturbance on the performance.

• The performance when controlling variables acting as buffer.

• The performance when controlling variables that must follow a set-point.

• The possible trade-offs in controlling variables acting as buffer as well as variables that must

follow a set-point.

• The difference in performance when the controller uses a prediction compared to a perfect

knowledge about the future values of the disturbance.
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Table 6.3: List of questions solved in this chapter and where they are treated.

Case study

Questions
CSTH tank Steam boiler VAC column

Disturbance
from the

load

Disturbance
from the

heat

Process dependent questions

Impact of disturbance frequency
on performance of controllers

X

Performance with variables that
must follow a set-point

X X

Performance with variables that
act as buffer

X X X

Trade-offs when a system has CV
acting as buffer and CV which
must follow a set-point

X

MPC dependent questions

Length of the disturbance horizon X X X

Impact of the disturbance
sampling on performance

X X

Impact of prediction algorithm on
control performance

X X X

Additionally, Chapter 5 highlighted issues specific of the MPC with disturbance forecasting to be

analysed:

• Determining the impact on performance of the length of the disturbance horizon and its

relationship with the control horizon.

• Analysing the impact of the predictor and controller sampling on performance.

Table 6.3 lists which case studies will analyse such questions. There are three simulated systems,

which are a laboratory scale CSTH tank, an industrial steam boiler and an industrial distillation
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column. The steam boiler is tested in two configurations leading to a total of four scenarios analysed.

Chapter 5 provided a detailed description of the systems and of the tuning of the MPC controllers.

Section 6.2 introduces the time series that are used as disturbances for the tests. Section 6.3 presents

the results for the CSTH tank, Section 6.4 shows the results for the two configurations of the steam

boiler, and Section 6.5 focuses on the results of the VAc distillation column. The chapter ends with

the summary in Section 6.6.

6.2 THE REAL INDUSTRIAL DISTURBANCES
This chapter uses mainly time series of disturbances in real industrial plant. Such time series

are those used in Chapter 4 for comparing algorithms for time series forecating and described in

Section 4.7. They are Tags 33 and 34 from the a SE Asia refinery (Thornhill, 2005b), characterized

by a persistent oscillatory behaviour, and Tag 30 from the Eastman Chemical Company (Thornhill

et al., 2003), characterized by abrupt patterns.

The original sampling time of Tag 33 and Tag 34 was 60s whereas it was 20s for Tag 30. The original

sampling time have been used for the industrial cases represented by the steam boiler and the VAc

distillation column. However, a reasonable time scale for the laboratory-scale CSTH simulator

(Thornhill et al., 2008) would be much shorter. Therefore, the time series of the disturbances

derived from Tags 33 and 34 that are to applied to the CSTH use the same waveform but have a

sampling interval of 5 s instead of 60 s. Similarly, the time series of the disturbance derived from

Tag 30 uses a sampling interval of 1 s instead of 20 s.

In the present chapter, the prediction is obtained using the weighted 𝑘-NN algorithm described

in Section 4.2.2 with the parameters optimized using the grid-search method described in Section

4.4.1. However, an exact prediction of the disturbance is used for certain scenarios to remove the

error caused by the prediction algorithm.
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Figure 6.1: Case study of CSTH. Duplicated from Fig. 5.2.

6.3 RESULTS: THE CSTH

6.3.1 Introduction
This section analyses the results with the CSTH tank, that was presented in Section 5.6 and it is

shown in Fig. 6.1. The aim of the controller is to keep the level within the constraints, and to

attenuate the disturbance propagation by reducing the variation of the outflow.

The section compares the proposed MPC framework with the strategies listed in Section 6.1 in two

experiments. Section 6.3.2 considers sinusoidal disturbances. The assumption is that the controller

knows exactly the future evolution of the disturbance over the disturbance horizon. The aim of this

test is to understand the behaviour of the MPC with very regular disturbances at various frequencies.

Section 6.3.3 considers as disturbance the time trends of Tags 33 and 34 from the SE Asian refinery,

and Tag 30 of the Eastman Chemical company.

6.3.2 Simulated sinusoidal disturbances
The controller has been tuned so that it moves the outflow valve (the manipulated variable) either

when the level (the controlled variable) has violated the constraints or when the constraints are
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(a) Frequency 1/30 Hz

(b) Frequency 1/60 Hz

Figure 6.2: Results of the responses of the level (CV), of the set-point of the valve position (MV), and of the
outflow for a sinusoidal disturbance of the inflow (dashed in blue in the pictures).

going to be violated. The controller predicts whether the constraints are going to be violated based

on the values of the disturbance that have been set over the prediction horizon.

Fig. 6.2a, Fig. 6.2b and Fig. 6.2c show the trend over time of the controlled variable (the

level), the manipulated variable (the valve position), the outflow from the tank, and dashed the

disturbance (the inflow to the tank) using the MPC strategies described in Section 6.1 for various
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(c) Frequency 1/120 Hz

Figure 6.2: (continued) Results of the responses of the level (CV), of the set-point of the valve position
(MV), and of the outflow for a sinusoidal disturbance of the inflow (dashed in blue in the pictures).

sinusoidal disturbances of the water inflow. The MPC strategies are the MPC capable of predicting

the disturbance (Prediction ON), the MPC that ignores the presence of a disturbance in its model

(Prediction OFF), and the frozen time MPC (FTMPC). The disturbance is 𝑑 = sin(2𝜋 𝑓 𝑡), where

𝑓 ∈
{ 1

30Hz; 1
60Hz; 1

120Hz
}
.

For 𝑓 = 1
30Hz, the proposed controller Prediction ON is able to keep the level within constraints

while keeping the outflow nearly constant. This stops the propagation of the disturbance. Disturb-

ances with a high frequency tend to have a low impact on controlled variables and require small

corrections of the manipulated variables. However, the Prediction OFF and the FTMPC strategy

do not work properly.

While the MPC with the Prediction ON strategy makes hardly any adjustments, the one with

Prediction OFF strategy does not intervene when the level is within the constraints. The controller

intervenes vehemently only when the constraints are violated. Borghesan et al. (2018b) explains

that this creates non-linearities and lead to a limit cycle. The inflow is a sinusoid while the trend of

outflow valve is not.

The FTMPC over reacts because the assumption in its model is that the change of the inflow is

permanent. Under this wrong assumption, the controller changes the valve position of the outflow

to compensate the inflow variations.
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Table 6.4: Values of the metrics for the evaluation of the MPC performance

Tag 33 Tag 34 Tag 30

𝜎𝑢 [%] ΘArea
𝑣 [%] 𝜎𝑢 [%] ΘArea

𝑣 [%] 𝜎𝑢 [%] ΘArea
𝑣 [%]

Prediction ON 13.5 2.4 12.89 0.4 0.54 0
Prediction OFF 14.93 21.6 17.4 48.8 0.23 5.2 E-3

FTMPC 19.47 6.4 21.58 8.2 1.69 4.9E-2

As the frequency of the disturbance decreases, the approximation made in the FTMPC strategy

is more reasonable. Indeed, a slow varying sinusoid resembles a permanent constant change.

Therefore the control action improves. Also, as the frequency of the disturbance decreases, the

Prediction OFF strategy reacts less frequently because there are less violations of the constraints

when the feed changes more slowly. Since the controller is less aggressive, the control action

improves. Therefore, the differences between the three strategies reduce.

6.3.3 Real disturbances
Fig. 6.3 shows the results of MPCs with representative sections of the real time series. The panels

on the left hand side, corresponding to the strategy ‘Predicton ON’, show also the values of 𝐸𝑎𝑣

over time, which is the metric evaluating the quality of the prediction made by the predictor at

each instant (Section 4.3.1). To obtain comparable results, all signals have been scaled so that their

range is within ±2 mA either side of the mean value.

Tables 6.4 shows for each considered time series the values of the metrics 𝜎𝑢 and ΘArea
𝑣 , which

assess respectively the violations of constraints of the controlled variable and the propagation of

the disturbance through the manipulated variable (5.4). The implementation of the prediction

improves the performance of the MPC in case of persistent oscillating disturbances as well as in

case of abrupt spiky disturbances.

The benefits are higher for Tag 34 compared to the other signal affected by persistent disturbance,

Tag 33. The reason is that the predictions that are obtainable for Tag 34 are more accurate. Indeed,

the values of 𝐸𝑎𝑣, plotted on the panels on the left hand side, are higher for Tag 33 than for Tag 34.

This is because of Tag 33 has a lower predictability than Tag 34.
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Finally, comparing the two solutions used normally in industrial MPCs shows that the MPC with

Prediction OFF strategy violates the given constraints with both persistent disturbances (Tag 33

and Tag 34), whereas the FTMPC has fewer violations of the constraints but its control action is

aggressive. This is very similar to what happened when the disturbance was sinusoidal.

Instead, when abrupt spiky disturbances appear, the FTMPC worsens the metric of the controlled

variable as well as the ones of the manipulated variable. A spiky disturbance does not upset the

controlled variable as a permanent change of the disturbance. The FTMPC overreacts and the large

change in the outflow caused by the controller leads the level to violate its constraints.

(a) Tag 33 SE Asian refinery

Figure 6.3: Results of the response of the level (CV) and of the outflow using real disturbances from a SE
Asian refinery and from Eastman Chemical company plant. The inflow of the tank is dashed in blue. The
value of the metrics 𝐸𝑎𝑣 int is in yellow.
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(b) Tag 34 SE Asian refinery

(c) Tag 30 Eastman Chemical company

Figure 6.3: (continued)Results of the response of the level (CV) and of the outflow using real disturbances
from a SE Asian refinery and from Eastman Chemical company plant. The inflow of the tank is dashed in
blue. The value of the metrics 𝐸𝑎𝑣 int is in yellow.
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Table 6.5: Questions for the case study of the CSTH and answers.

Question Answer

Impact of disturbance frequency
on performance of controllers

• The faster the frequency of the disturbance is, the larger
are the benefits of using a multi-step prediction in an
MPC controller.

• The Prediction ON strategy allows a thoughtful use of the
manipulated variable and avoidance of the violation of
constraints, and it is able to stop the disturbance propaga-
tion.

• The control action of FTMPC is overly aggressive when
the frequency of the disturbance is high.

• When the frequency decreases, the approximation made
by the FTMPC resembles more the reality.

• The controller can add non-linearities to the propagating
disturbance

Impact of prediction algorithm on
control performance

• The performance of the MPC controller with disturbance
forecasting is better when the time series of disturbance
is more predictable.

6.3.4 Conclusions for the CSTH
This case study tested the idea of exploiting a limited buffer capability with an MPC controller to

counteract a propagating disturbance.

The aim of the controller is to reduce the variations of the manipulated outflow, keeping the level

of the water within two tight constraints. The considered disturbances are purpose made sinusoidal

disturbances and three real time series, characterized by persistent or by abrupt patterns, which

have been analysed in Chapter 4.

The aims of this section were to show the impact of the frequency of the disturbance and the impact

of the prediction algorithm on the MPC controller proposed in comparison to two other MPC

strategies. Table 6.5 summarize the answers to such questions.

For faster frequencies, the strategies called Prediction OFF and FTMPC, often used in industrial

settings, propagate downstream a disturbance affecting the feed of the considered buffer tank. Ad-

ditionally, these strategies add non-linearities while propagating the disturbance. On the contrary,

the proposed framework is able to minimize disturbance propagation or even stopping it. Nonethe-
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Figure 6.4: Case study of the steam boiler. Duplicated from Fig. 5.3.

less, the difference between the three strategies considered diminishes when the frequency of the

sinusoidal disturbance reduces.

Using industrial disturbances, this section shows that combining an MPC controller tuned to

not propagate disturbances with the weighted 𝑘-NN prediction algorithm presented in Chapter 4

improves performance of the controller. Performance is assessed using the metrics proposed in

Chapter 5. However, the quality of the prediction of a disturbance has an impact on performance

of the controller.

6.4 RESULTS: THE STEAM BOILER

6.4.1 Introduction
This section compares the three forms of MPC considered in Section 6.1 on the model of a steam

boiler by Åström and Bell (1998), which was described in Section 5.7 and it is depicted in Fig. 6.4.

A purpose of this section is to examine the effects of changing controller parameters. This section

tests variations of the sampling time of the controller, of the control horizon and of disturbance

horizon, while the prediction horizon remains constant. For the purpose of testing, the future

values of the disturbance are initially assumed to be known exactly to the MPC controller with
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Table 6.6: Parameters of the tested disturbances for the case study of the steam boiler

Signal type
Pattern / Cycle

length
Amplitude

Tag 34
1020 s 10% 𝑢Nom

Tag 33

Tag 30 180 -300 s 20% 𝑢Nom

the Prediction ON strategy. This assumption make it possible to exclude the impact of prediction

errors on the analysis. The effects of the tested control parameters are analysed on both scenarios

created for this model and described in Section 5.7.4.

Another task of this section is to show the applicability of proposed MPC framework on industrial

case studies. Section 6.4.3 is going to show the results of the scenario where the disturbance is

from the steam outflow, that is the load of the boiler. This case study shows whether there are

benefits in using a multistep prediction when all variables must follow a set-point.

Section 6.4.4 considers the case where the disturbance comes from the heat provided to the boiler.

This case study shows that the concept of buffer can be extended to variables different from levels.

The controller has to avoid the propagation of the disturbance to loads by keeping the pressure and

level within limits, using the tuning for buffer variables proposed in this thesis with time-varying

weights (Section 5.3.3). Additionally a comparison is made for this scenario between using the

perfect knowledge of the future disturbance values and the prediction algorithm. This highlights

the impact of the sampling of the predictor on the performance of the controller proposed.

6.4.2 The parameters of the disturbances
Table 6.6 lists the disturbances and their parameters used for this section. Tag 33 and Tag 34 are

persistent, Tag 30 is instead characterized by abrupt spiky patterns. Section 5.7.3 discussed when

these two types of disturbances can occur in a boiler.

The amplitude of the disturbances has been set to 10% of the nominal value for Tag 33 and Tag

34 for both configurations considered. Åström and Bell (1998) and Elguindy (2013) changed the

amplitude of the inputs of the system by roughly 10% of the nominal value when doing tests on the

real power plants they modelled.
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Table 6.7: Indication of ideal values of metrics for the case study of boiler where disturbances come from
the steam outflow.

Ideal values of metrics Description

ΘArea
Pressure = 0 and ΘArea

Level = 0 No constraints violations of pressure and level

Γ
𝑦

Pressure → 0 and Γ
𝑦

Level → 0 Good set-point tracking of controlled variables, in particular for
the pressure.

𝜎𝑢
Heat < 𝑘 and 𝜎𝑢

Feed < 𝑘 Manipulated variables are free to move. However excessive
movements signify poor control.

𝜎𝑢
Power Delivered → 0 Variations of the power delivered to the load should be small.

Tag 30 has been rescaled so that amplitude of its largest spikes is 20% of the nominal value. The

purpose is to test the behaviour of the controllers to really severe disturbances.

6.4.3 Disturbance from the load

6.4.3.1 Introduction
The disturbance is from the steam outflow used by the loads in this case study. The controller has

to use heat and feed of fresh water to keep pressure strictly at its set-point. Also the level has to

follow its set-point although with a lower priority. In view of this controller strategy, described in

Section 5.7.4, Table 6.7 shows the values that the metrics for this case should ideally have.

The power delivered to the load in form of steam should be constant to avoid a disturbance

propagation back to the loads. To measure the variability of the power delivered, the metric

𝜎𝑢
Power Delivered is created. The metric sigma is the standard deviation of a variable normalised over

its range, as Table 6.2 reminded. Section 5.7.4.2 showed that the power delivered depends mainly

on the mass flow rate of steam and to a lesser degree on the pressure. However, the mass flow

rate of steam leaving the boiler is the disturbance and does not depend on the controller, while the

pressure is a controlled variable. This section shows whether the proposed MPC framework with

disturbance forecasting can provide considerable benefits by keeping the pressure more constant to

reduce further variations of the power delivered to the loads.
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6.4.3.2 Analysis of the metrics - Tag 34
Fig. 6.5 shows the values of metrics when the disturbance is Tag 34. The bar graphs are distributed

over several rows and columns. Each row shows a different metric and each column represent a

different controller tuning in terms of controller sampling CS, control horizon CH and - if used -

disturbance horizon DH. The number next to the label CS represents the value of the controller

sampling in seconds. The number next to the labels CH and DH represent the values of control

horizon and disturbance horizon in controller samples.
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Figure 6.5: Performance matrices with Tag 34 as disturbance acting on the steam outflow
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with perfect knowledge, 2 - Strategy with prediction
OFF, 3 - Strategy with FTMPC
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Table 6.8: Description of the metrics in Fig. 6.5, when the disturbance comes from the steam outflow
requested by the loads using the Tag 34

Topic Observations

Disturbance horizon

• When the disturbance horizon is larger than the control horizon
(for example, in cases CS 5 - CH 3 - DH 180, CS 60 - CH 3 - DH
15 and CS 5 - CH 3 - DH 90), there can be:

– Violations of constraints visible in ΘArea

– Degradation of set-point tracking of pressure and level visible
in Γ𝑃 and Γ𝐿

– Large variations of the feed of fresh water visible in 𝜎𝑢
Feed

Set-point tracking

• As the controller sampling increases, all strategies worsen their
performance in set-point tracking. For example, the values of Γ𝑃

becomes higher.
• The Prediction OFF strategy is often the worst for set-point track-

ing.
• The Prediction ON strategy has better set-point tracking than the

FTMPC when the control horizon is longer than three steps.
• The faster the sampling rate is, the higher is the advantage of

the Prediction ON strategy over the FTMPC. When the controller
sampling is 60s (CS60), the advantage is negligible.

Disturbance propagation

• The power delivered to the load in form of enthalpy of the steam
flow is pretty constant.

• The variations of pressure do not cause a considerable variation of
enthalpy of the steam delivered.

Table 6.8 describes the results. The focus is on the metrics that assess the set-point tracking and

the propagation of the disturbance with three MPC strategies, on the impact of the tuning of the

disturbance horizon for the Prediction ON strategy.

The metrics Γ and 𝜎 are high when the disturbance horizon is longer than the control horizon, and

the control horizon is the short. This is the case shown in the 2nd, 7th, 12th and 15th column of bar

graphs in Fig. 6.5. The high values of the metricsΓ indicate that the set-point of controlled variables

is not tracked, and the high values of the metrics 𝜎 indicate that the manipulated variable have large

variations. The metrics suggest that the controller is overly aggressive. A controller with a control

horizon shorter than the disturbance horizon does not have enough degrees of freedom, intended as
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Table 6.9: Comparison of the values of the metric ΓPressure and ΓLevel for the best tunings of the strategies
Prediction ON and FTMPC when the disturbance comes from the loads.

Prediction ON with perfect knowledge FTMPC Improvement
over FTMPC

Tag 34

Optimal tuning CS 5 - CH 84 - DH 84 CS 5 - CH 84
ΓPressure 0.063 0.076 16.75%

Optimal tuning CS 5 - CH 84 - DH 84 CS 5 - CH 3
ΓLevel 0.76 3.24 76.56%

number of times it can change the values of the manipulated variables over the prediction horizon,

to compensate the foreseen variations of the disturbance. Finding an optimal control action can

be difficult or unfeasible, and it can lead to aggressive control actions (Dughman and Rossiter,

2020; Valencia-Palomo, Rossiter, and López-Estrada, 2014). Section 6.4.3.5 will show the trends

over time of the controlled and manipulated variables in one of these cases, and it will explain this

phenomenon more in detail.

Excluding these cases from further analysis, the observation of the metrics ΓPressure and ΓLevel (third

and fourth row of graphs in Fig. 6.5) shows that the set-point tracking is worst when the Prediction

OFF strategy is used. These metrics assess the variation of the controlled variables, and are higher

for this strategy.

When using the same tuning, the FTMPC provides better performance than the one of the Prediction

ON only in few cases, when the control horizon is short (three steps in this experiment). The reason

why long control horizon might improve performance is related to the problem seen when the

disturbance horizon is longer than the control horizon. Long control horizon can give more

freedom to the controller to find an optimal control action, as Section 6.4.3.5 will discuss further.

Table 6.9 compares the best tuning for the Prediction ON strategy with the best tuning for the

FTMPC. The table shows there is a 16.75% improvement of the metric ΓPressure and a 76.5%

improvement of the metrics ΓLevel.

Despite the differences, the metrics Γ are small in absolute terms for the Prediction ON and FTMPC.

For example, the metric ΓPressure ranges between 0.063% and 4.75% depending on the tuning and

strategy. This means that the standard deviation of the pressure is between 0.063% and 4.75% of its
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Table 6.10: Comparison of the values of the metric ΓPressure and ΓLevel for the best tunings of the strategies
Prediction ON and FTMPC when the disturbance comes from the loads.

Prediction ON with perfect knowledge FTMPC Improvement
over FTMPC

Tag 33

Optimal tuning CS 5 - CH 84 - DH 84 CS 5 - CH 84
ΓPressure 0.068 0.070 2.92%

Optimal tuning CS 5 - CH 84 - DH 84 CS 5 - CH 3
ΓLevel 0.58 2.23 73.63%

admissible range. Interestingly, the FTMPC is not overly aggressive when the aim of the controller

is tracking a set-point rather than controlling a variable acting as buffer, as in the previous case

study. Forcing the controller to follow a set-point rather than to intervene strongly only when the

constraints might be violated avoids limit cycles.

The metric 𝜎Power delivered assesses the variations of the power delivered to the loads. This metrics,

represented in the last row of the graphs in Fig. 6.5, is almost constant for the Prediction ON,

Prediction OFF and FTMPC. The power delivered to the loads depends in minimal part to pressure

of the steam, as explained earlier. Although there are visible differences in the set-point tracking

of the pressure among the three MPC strategies, these differences do not reflect in variations of

the power delivered in a visible way. A disturbance coming from a load cannot be considerably

dampened by using one MPC strategy over the others.

6.4.3.3 Analysis of the metrics - Tag 33
Fig. 6.6 shows the values of metrics in case the disturbance has the trend of Tag 33. The

observations done for Tag 34 are mostly valid also for Tag 33. However, when the disturbance

horizon is larger than the control horizon, the peaks in the bar graphs of the strategy Prediction ON

that manifest a deterioration of the performances are smaller and less severe than for the case of Tag

34. Remembering that for these tests the controller uses an exact information of the disturbance

evolution, the difference can be attributed only to the different characteristic of the time series of

the disturbance.

Section 6.4.3.5 will explain that setting long disturbance horizons together with short control horizon
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Table 6.11: Comparison of the values of the metric ΓPressure and ΓLevel for the best tunings of the strategies
Prediction ON and FTMPC when the disturbance comes from the loads.

Prediction ON with perfect knowledge FTMPC Improvement
over FTMPC

Tag 30

Optimal tuning CS 5 - CH 84 - DH 60 CS 5 - CH 84
ΓPressure 0.079 0.083 4.5%

Optimal tuning CS 5 - CH 84 - DH 60 CS 5 - CH 84
ΓLevel 0.75 1.41 46.56%

can lead to large and fast changes of the manipulated variables, resulting in a too aggressive control

action. The reason is that the controller cannot find an adequate optimal solution to compensate

the foreseen disturbance. Tag 34 has faster variations within its repeating pattern than Tag 33, and

the controller might have problems in finding a solution.

Table 6.10 provides the values of the metrics Γ obtained using the best tunings for the Prediction

ON with perfect knowledge and for the FTMPC. The improvement of the metric ΓPressure is lower

than for Tag 34 because the performance of the MPC is better when Tag 33 is used. In absolute

terms, the values of the metrics is low for both strategies.

6.4.3.4 Analysis of the metrics - Tag 30
Fig. 6.7 shows the values of the metrics when the disturbance coming from the load is Tag 30.

Most of the observations done before are still valid. It is noticeable that that the proposed MPC

improves slightly the set-point tracking, providing lower values of the metrics ΓPressure and ΓLevel,

only when the sampling is five seconds and the control horizon longer than three steps. In these

cases, the improvement of ΓPressure is about 4%, as Table 6.11 shows.

In the other cases, the metric ΓPressure for the FTMPC is between 0% and 4% better. The sampling

of the Tag 30 was 20s. A controller sampling of 30s or 60s is too large for the controller to benefit

from a multi-step prediction of the disturbance.
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Figure 6.6: Performance matrices with Tag 33 as disturbance acting on the steam outflow.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with perfect knowledge, 2 - Strategy with prediction
OFF, 3 - Strategy with FTMPC
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Figure 6.7: Performance matrices with Tag 30 as disturbance acting on the steam outflow.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with perfect knowledge, 2 - Strategy with prediction
OFF, 3 - Strategy with FTMPC
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6.4.3.5 Cause of poor performance when the disturbance horizon is

longer than the control horizon
The previous sections highlighted that some metrics deteriorate for short control horizons and long

disturbance horizons. This section provides examples of both situations.

Fig. 6.8 shows the trend of the controlled and manipulated variables relative to the three strategies

for a set of tuning parameters when Tag 34 is used. The graphs in the first and second columns

use the Prediction ON strategy with perfect knowledge about the future values of the disturbance.

The difference is that the graphs in the first column are associated to a controller where the value

of the disturbance horizon is equal to the value of the controller horizon. The graphs in the second

column from the left show the trends obtained using a disturbance horizon longer than the control

horizon. The graphs on the third column are associated to the the Prediction OFF, and those in the

fourth column to the FTMPC.

Clearly, the graphs in the second column of Fig. 6.8 shows that using a long disturbance horizon

causes the controller to be extremely aggressive and unable to track the set-points. Similar be-

haviours were found also for the other disturbance signals. This behaviour is similar to the one

described by Rossiter and his co-authors (Dughman and Rossiter, 2020; Valencia-Palomo, Rossiter,

and López-Estrada, 2014). The authors considered the case where a controller previews the ℎ future

values of the set-points. If the control horizon is 𝑐, they state that the controller has 𝑐 degrees of

freedom because it can change 𝑐 times the control action over that control horizon. If 𝑐 < ℎ, the

controller might not have enough degrees of freedom to compensate variations of the set-point seen

in the preview. The solution can be unfeasible or too aggressive.

Section 5.2.2.3 reported that Rossiters and his co-authors provided this explanation for the case

where there is a preview of set-points rather than of a disturbance. The present section suggests

that this occurs also in the case of the preview of a disturbance.

The graphs on the fifth row show the ’Optimization status’, which counts the number of iterations

needed to find a solution to the objective function of the MPC. While all other strategies need only

one iteration in this case, this number increases when a disturbance horizon longer than the control

horizon is used. Sometimes the controller reaches the maximal number of iterations (which is equal
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Figure 6.8: Disturbances from the steam outflow. The trend of the disturbance is dashed in blue.
Tag 34 CS 60 - CH 3 - DH 3 and DH 15 for case of long disturbance horizon.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon in samples, DH - Disturbance horizon in samples.

to 10 iterations) allowed by the optimizer. There is a limit to avoid that optimization process enters

in a loop when a solution is unfeasible. Once the limit is reached, the suboptimal solution found

so far is applied. Consequently, the optimization process is more complex when the disturbance

horizon is longer than the control horizon. This might lead to solution which are suboptimal and

aggressive.

6.4.3.6 Examples of control responses
This section compares the trends in Fig. 6.8 of the Prediction ON with perfect knowledge of the

future values of the disturbance with the trends of the strategies Prediction OFF and FTMPC.

Fig. 6.8 shows that the set-point tracking capability of the Prediction OFF strategy is much

poorer than the other two strategies because there is no information about the future values of the

disturbance. Still, there is not a significant difference between Prediction ON and FTMPC (as long

as the disturbance horizon is correct).
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Table 6.12: Values ΓPressure and 𝜎Power Delivered for the tuning parameters CS 60 - CH 3 - DH 3.

Prediction ON Prediction OFF FTMPC

ΓPressure 4.65% 16.9% 4.74%
𝜎Power Delivered 2.8437% 2.8584% 2.8438%

Table 6.12 shows the values of the metric ΓPressure, which assesses the variations of the pressure,

and of 𝜎Power Delivered, which assesses the variations of the power delivered to the loads. While

the metric ΓPressure is slightly smaller with the Prediction ON strategy, showing that the pressure

is slightly more constant with this strategy, the metric 𝜎Power Delivered is nearly equal for the three

strategies. Therefore, an improvement of the pressure does not reduces too much the variations of

the power delivered to the loads. The reason is that power delivered through steam depends mainly

on the steam outflow, which is not controlled. The pressure has a limited impact if it stays within

strict constraints.

6.4.3.7 Conclusions when the disturbance comes from the load
This section analysed the possible benefits of using a feed-forward action and particularly a detailed

prediction of the disturbance when a problem of only set-point tracking is given.

The impact of disturbance horizon on the performance of the controller has been discussed,

highlighting that the disturbance horizon should be smaller than the control horizon. In this way

the the optimizer of an MPC controller has enough degrees of freedom, intended as number of

times the controller can change its control action over the prediction horizon, to counteract the

foreseen variations of the disturbance. Otherwise, an aggressive control action can result. The

group of Rossiter provided this explanation in the case an MPC controller previews the set-points

of controlled variables. Here, it has been observed that the number of iterations needed by the

optimizer to find a feasible solution is far higher when the disturbance horizon is longer than the

control horizon. This observation suggests that this explanation applies also for the case where the

controller knows in advance the future values of a disturbance.

Another conclusion is that using a multistep prediction of a disturbance provides most of times

similar performance to the one of the classical feed-forward strategy used in MPC, which is the
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FTMPC. For large control horizon and fast sampling, the Prediction ON strategy tends to provide

better performance compared to the FTMPC. However, the practical advantages of having a better

tracking of the set-point are not relevant for this case study. The impact that an improvement of the

set-point tracking of the pressure has on the power delivered to the loads is very small. The rate of

the mass flow of steam requested to the boiler has a more important impact on the power delivered.

Once one or more loads disturb a boiler, requesting a varying mass flow rate of steam, there are

small variations of the pressure of steam with all three MPC strategies. These small variations of

pressure do not change the power delivered to other loads considerably.

Because there is a limited advantage with the proposed MPC framework for this case study and for

the sake of brevity, this section does not compare the performance obtainable doing the prediction

with the 𝑘-NN algorithm developed in Chapter 4. However, this comparison will be done for the

next two case studies.

6.4.4 Disturbance from the heat provided to the boiler

6.4.4.1 Introduction
This section considers the case where the disturbance comes from the heat provided to the boiler.

Fig. 6.9 represents the case study. The aim is to stop the propagation of the disturbance to the

loads. To do it, the variations of power delivered to the loads have to be minimised by reducing

the variations of steam flow rate. Pressure and level act as buffer variables, and feed of water and

steam outflow are the manipulated variables. Table 6.13 shows the values that the metrics should

ideally have for this case study.

The section starts analysing the results assuming that the Prediction ON strategy has a perfect

knowledge of the future evolution of the disturbance. As mentioned previously, this assumption

makes it possible to exclude the impact of prediction errors on the analysis. Section 6.4.4.6

compares later such results with the ones achieved using the predictions obtained with the 𝑘-NN

algorithm.
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Figure 6.9: Case study of the boiler. Duplicated from Fig. 5.3.

Table 6.13: Indication of ideal values of metrics for the case study of boiler where disturbances come from
the heat provided.

Ideal values of metrics Description

ΘArea
Pressure = 0 and ΘArea

Level = 0 No constraints violations of pressure and level

Γ
𝑦

Pressure � 0 and Γ
𝑦

Level � 0 Large deviations of the controlled variables acting as buffer show
that their buffer capability is exploited (which is good as longs as
there is no constraints violations).

𝜎𝑢
Steam Outflow → 0 Propagation of disturbances through variations of steam outflows

are minimised.

𝜎𝑢
Power Delivered → 0 Variations of the power delivered to the load should be small.

6.4.4.2 Analysis of the metrics - Tag 34
Fig. 6.10 lists the values of the metrics when the disturbance comes from the heat provided to the

boiler and Tag 34 is used to represent the disturbance. A perfect knowledge of the future evolution

of the disturbance is assumed for the Prediction ON strategy.

Table 6.14 summarises the description of the results. The table focuses on three aspects which

are length of the disturbance horizon, constraints violation and ability to reduce the disturbance

propagation. As in the previous case, where all controlled variables must follow a set-point, a

disturbance horizon longer than the control horizon causes extremely aggressive behaviours of the

controllers with Prediction ON (Section 6.4.3.5).
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Figure 6.10: Performance metrics with Tag 34 as disturbance acting on the heat provided to the steam boiler.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with perfect knowledge, 2 - Strategy with prediction
OFF, 3 - Strategy with FTMPC
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Table 6.14: Description of the metrics in Fig. 6.10, when the disturbance comes from the heat provided to
the boiler using Tag 34

Topic Observations

Disturbance horizon

• When the disturbance horizon is longer than the control horizon,
violations of constraints of controlled variables (shown by Θ) and
higher movement of manipulated variables (shown by 𝜎) occurs.

• When the disturbance horizon is equal to the control horizon, the
metrics 𝜎Power Delivered and 𝜎Steam Outflow are the smallest.

Constraints violation

• The strategy Prediction ON has no constraints violations (except
when the disturbance horizon is longer than the control horizon).

• The Prediction OFF violates always the constraints.
• The FTMPC strategy violates the constraints of for some tunings.

The extent of the violation increases with the controller sampling.

Disturbance propagation

• The values of 𝜎Power Delivered are considerably smaller for the Pre-
diction ON and Prediction OFF strategies compared to the FTMPC.

• Although the values of 𝜎Power Delivered can be similar for the Pre-
diction ON and Prediction OFF strategies, the latter violates more
the constraints.

In case the disturbance comes from the heat, there is the possibility of using controlled variables

as buffer. By exploiting such buffers and avoiding manipulating the steam outflow, the variation

of the power delivered to to load are greatly reduced. The power delivered depends mainly on the

steam outflow, which is a manipulated variable, than on the pressure, which is a controlled variable

that acts as buffer. Fig. 6.10 shows that the metric 𝜎Power Delivered follows qualitatively the values of

the metric 𝜎Steam Outflow for various tuning parameters and strategies.

For Tag 34, the metric 𝜎Power Delivered is reduced by 29% to 67% when using the strategy Prediction

ON compared to the metrics obtained with the FTMPC.

The minimal values of 𝜎Power Delivered are achieved in this case when the control horizon is equal to

the prediction horizon. In this case, the metric 𝜎Power Delivered improves by at least 44%.

6.4.4.3 Analysis of the metrics - Tag 33
The observations for Tag 34 are mostly valid also for Tag 33. The reduction of the metric

𝜎Power Delivered while using the Prediction ON compared to the FTMPC are between 27% and 78%.
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When the control horizon is equal to the disturbance horizon, the improvement is at least 52%.

What changes is that a disturbance horizon longer than the control horizon does not always lead

to large variations of the manipulated variables. It can actually slightly improve the metric

𝜎Power Delivered compared to the case where the disturbance horizon is equal to the control hori-

zon. In these cases, the controller has more information about the future values of the disturbance

and the degrees of freedom given by the control horizon are probably enough to find a good optimal

solution.

However, a disturbance horizon longer than the control horizon causes large variations of manip-

ulated and controlled variables for one tuning. This tuning has a short control horizon of three

steps. So there are relatively few degrees of freedom for the optimization, which do not allow the

controller to find always an optimal solution. This happens, as Fig. 6.11 shows, when the controller

sampling CS is equal to 30s, the control horizon CH is 3 steps, and the disturbance horizon DH

is 30 steps. Although it happens only for one tuning with this disturbance, it can be stated that

setting the disturbance horizon longer than the control horizon increases the risk of having a very

aggressive controller.

Setting the disturbance horizon and control horizon equal provides good performance and avoids

risks. It is therefore recommended.
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Figure 6.11: Performance metrics with Tag 33 as disturbance acting on the heat provided to the steam boiler.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with perfect knowledge, 2 - Strategy with prediction
OFF, 3 - Strategy with FTMPC
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6.4.4.4 Analysis of the metrics - Tag 30
Fig. 6.12 shows the results of the metrics for Tag 30, characterized by abrupt disturbances. The

Prediction ON and Prediction OFF strategies reduce considerably the propagation of the disturbance

downstream compared to the FTMPC strategy by maintaining the steam outflow constant when

possible. The metric 𝜎Power Delivered shows reductions by 45% to 75% when using the Prediction ON

strategy in comparison to the FTMPC. As explained earlier in Section 6.3.2 regarding the CSTH, a

controller with the FTMPC strategy overreacts to fast patterns of a disturbance. The reason is that

the FTMPC has built in a wrong assumption about the future evolution of a disturbance, assuming

that the future values of a disturbance are equal to the current one. The assumption is especially

fallacious in case of fast disturbances. The controller with the FTMPC overreacts by manipulating

the steam outflow to keep the pressure and level within constraints. This propagates the disturbance

further to the loads.

The violations of the constraints for the Prediction ON strategy are higher than the ones for the

FTMPC for this Tag. Still, such constraints violations are very small. The metric ΘPressure shows

that the average violation of the constraints over time of the pressure is up to 0.07% of its admissible

range. The metric ΘPressure is up to 0.02% for the FTMPC. Pragmatically, such violations do not

constitute a relevant problem for both strategies. The value of this metric is two times larger for the

Prediction OFF strategy compared to the the metric for the Prediction ON strategy. The reason is

the Prediction OFF strategy lacks of any information about the future values of the disturbance and

intervenes late. However, the violations are also small for the Prediction OFF strategy in absolute

terms when Tag 30 is used. The average violations of the constraints over time of the pressure for

the Prediction OFF strategy are up to 0.14% of the admissible range of this controlled variables.
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Figure 6.12: Performance metrics with Tag 30 as disturbance acting on the heat provided to the steam boiler.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with perfect knowledge, 2 - Strategy with prediction
OFF, 3 - Strategy with FTMPC
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Figure 6.13: Disturbances from the heat provided to the boiler. The trend of the disturbance is dashed in
blue.
Tag 34 CS 60 - CH 7 - DH 7/15. CS - Controller sampling in seconds, CH - Control horizon in samples, DH
- Disturbance horizon in samples.

6.4.4.5 Examples of control responses
This section shows the responses over time of the controllers with the three strategies. The results

are shown for Tag 34 and Tag 30, the first one characterized by a persistent type of disturbance and

the second one by an abrupt type of disturbance.

Fig. 6.13 shows the trends of the controlled and manipulated variables for the three strategies when

the disturbance is Tag 34 for a set of tuning parameters. The trends in the first and second column of

graphs from the left are obtained with a controller that uses the Prediction ON strategy with perfect

knowledge about the future values of the disturbance. However, the trends in the first column have

been obtained setting the disturbance horizon equal to the control horizon. The trends in the second

column have been obtained setting the disturbance horizon longer than the control horizon. The

strategies Prediction OFF and FTMPC have been used to obtain the trends in the third and fourth

column of graphs.

The second column of graphs in Fig. 6.13 shows that using a long disturbance horizon can cause



226

the controller to be extremely aggressive. The findings reflects the results in Section 6.4.3.5. As

explained there, the optimization process needs a control horizon longer or equal the disturbance

horizon to have enough degrees of freedom, following the terminology of Rossiter, to counteract the

foreseen variations of the disturbance over the prediction horizon. If not, the controller might not

find a feasible solutions or finds a suboptimal one and the control action is aggressive. The graphs

on the fifth row show the ’Optimization status’, which counts the number of iterations needed to

find a solution to the objective function of the MPC. This number is larger when a long disturbance

horizon is used. For large parts of the simulations, the optimization status is equal to zero. This is a

default value which means that the maximum number of iterations in optimization process has been

reached (which is 10). This highlights that the optimizer does not find easily a feasible solution.

As seen previously when analysing the metrics, tuning the pressure and level as buffer variables

reduces the use of steam outflow as manipulated variable with the Prediction ON strategy, and the

constraints are observed. This results in a much more constant delivery of power to the load.

Fig. 6.14 shows the trend over time of the response for Tag 30. Here, the FTMPC reacts whenever

a disturbance occurs. The FTMPC finds a control action that would have been optimal if the change

of the disturbance had been permanent. However, in case of a spike, there is a large but temporary

variation of the disturbance. The impact of a spike is much smaller than a step change of same

amplitude. Therefore, a large variation of the manipulated variables is not needed.

On the contrary, the Prediction ON and Prediction OFF strategies do not overreact when abrupt

disturbances occur. In this case of an abrupt disturbance, the Prediction OFF strategy behaves

better than the FTMPC, unlike when the disturbance is persistent. The proposed Prediction ON

strategy reacts well in both situations because predicting the disturbance allows finding the optimal

control action in response to the specific disturbance occurring at that moment. This would be an

advantage in a real production environment because there would be no need to change the structure

of the controller depending on the type of disturbance occurring. Indeed, Chapter 1 explained

that solving the cause of a disturbance might be time consuming. In the personal experience of

the author, production engineers might be asked to find temporary solutions, such as retuning a

controller, to compensate the effects of the disturbance.
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Figure 6.14: Disturbances from the heat provided to the boiler. The trend of the disturbance is dashed in
blue.
Tag 30, CS 60 - CH 7 - DH 3. CS - Controller sampling in seconds, CH - Control horizon in samples, DH -
Disturbance horizon in samples.

6.4.4.6 Comparison between performance achievable with 𝑘-NN pre-

dictions versus perfect knowledge of disturbance
A perfect knowledge of the future values of the disturbances has been assumed in this case study

so far for the Prediction ON strategy. This section shows the impact of the prediction algorithm on

the performance of the controller with Prediction ON strategy.

Table 6.16 for Tag 34, Table 6.17 for Tag 33 and Table 6.18 for Tag 30 list the values of the

three most important metrics for this case study, which are ΘArea
Pressure, Θ

Area
Level and 𝜎Area

Power delivered. As

reminder, the metric ΘArea
Pressure and ΘArea

Level assess the average violation of the constraints of pressure

of steam and level of water. The metric is normalized over the range between the constraints of the

variable. The metric 𝜎Area
Power delivered assesses the standard deviation of the power delivered to the

loads. This metric is normalized over the possible range of power.

The tables are divided in sections related to one of the metrics. Each row represent a tuning of

the controller. The values of the tuning parameters are listed in the first three columns from the
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left. The first parameter is the controller sampling in seconds with the label CS. As Section 5.3.2

described, this value is equal to the sampling time of the measurement of the disturbance used by

the prediction algorithm. The second and third column state the values of the control horizon with

the label CH, and of the disturbance horizon with the label DH. Both the control horizon and the

disturbance horizon are defined in steps.

The remaining columns correspond to the four strategies considered. The fourth column from the

left correspond to the strategy called Prediction ON 𝑘-NN, where the Prediction is obtained using

the weighted 𝑘-NN method of Chapter 4. The fifth column corresponds to the strategy Prediction

On with a perfect knowledge about the future values of the disturbance, called in the table Prediction

ON Perfect. The last columns correspond to the Prediction OFF and FTMPC strategies.

Analysis of the results The sampling of the controller and of the measurement of the

disturbance for the prediction algorithm is the parameter that explains mostly the difference between

Prediction ON with perfect knowledge and Prediction ON with 𝑘-NN. Specifically:

• When a signal is highly predictable, like Tag 34, the performance achievable with the 𝑘-NN

are very close, if not identical, to the one obtainable with the perfect knowledge of the

prediction for all the sampling considered. This can be seen comparing the fourth and fifth

columns of Table 6.16 and seeing how similar the values for the various metrics are

• When the signal is not really predictable, like Tag 33 or Tag 30, fast sampling even nullifies

the difference between perfect knowledge and use of the 𝑘-NN predictions. The values of the

metrics in the fourth and fifth columns of Table 6.17 and Table Table 6.18 are similar when

the controller sampling CS is equal to five seconds.

• Larger sampling amplifies the differences instead. An example is the metric 𝜎Area
Power delivered

for Tag 30 with the parameters CS 60, CH 7, DH 5. The difference between the strategies

Prediction ON with 𝑘-NN and Prediction ON with perfect knowledge is large.

Table 6.15 compares the best values of the metric𝜎Area
Power delivered obtained with the strategy Prediction

ON with 𝑘-NN with the best values obtained with the FTMPC. The Prediction ON strategy improves

the metric by 62% to 64% for the three tags.
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Table 6.15: Comparison of the values of the metric 𝜎Power Delivered for the best tunings of the strategies
Prediction ON and FTMPC when the disturbance comes from the heat provided.

Prediction ON with 𝑘-NN FTMPC Improvement
over FTMPC

Tag 34
Optimal tuning CS 30 - CH 14 - DH 14 CS 30 - CH 3
𝜎Power Delivered 1.02 2.69 62.08%

Tag 33
Optimal tuning CS 5 - CH 3 - DH 3 CS 5 - CH 84
𝜎Power Delivered 0.63 1.69 62.72%

Tag 30
Optimal tuning CS 5 - CH 3 - DH 3 CS 5 - CH 84
𝜎Power Delivered 0.1 0.28 64.29%

Explanation of the results The sampling rate of the measurement of the disturbance is

equal to the sampling rate of the controller in this case study. Both have an impact on the difference

between the performance of the controller with the strategy Prediction ON with perfect knowledge

and the strategy Prediction ON with 𝑘-NN.

The sampling used for the measurements of the disturbance can have an impact on the quality of the

prediction, and the quality of the prediction of the disturbance has an impact on the performance

of the controller, as shown in Section 6.4.3.6 about the case study of CSTH.

For example, the original sampling of Tag 30 is 20s. Measuring this disturbance every 30s or

60s implies an interpolation of the original time series and a downsampling. For a such fast

disturbance, downsampling might mean removing some peaks from the time series. Therefore, the

algorithm might not find the right nearest neighbours, the quality of the prediction decreases, and

the controller does not calculate an optimal control action.

Also, a high sampling rate of the controller makes the feedback of the controller stronger. This

helps compensating the mismatch caused by the error of the prediction. This helps with Tag 33

and Tag 30.

Regarding the Tag 30, which is characterised by abrupt disturbances, it must also be noted that

the controller with the strategy Prediction ON with perfect knowledge has information about an

upcoming disturbance event before this occurs. This allows the controller to do adjustments before

the disturbance enters the system. On the contrary, the 𝑘-NN algorithm can predict the future trend
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of an abrupt disturbance only when the abrupt event has already started. The strategy Prediction

ON with 𝑘-NN reduces the gap with the strategy Prediction ON with perfect knowledge when the

controller has a fast sampling rate. In this way, the controller can re-evaluate the control action as

soon as a disturbance occurrence is detected and predicted with the 𝑘-NN.
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Table 6.16: Values of the the metrics for the steam boiler when the disturbance acts on the heat provided -
Tag 34.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon in samples, DH - Disturbance horizon in samples.

ΘArea
Pressure

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 2.30 × 10−3 2.35 × 10−3 4.40 × 10−1 0.00
5 3 180 6.58 6.04

5 84 3 2.51 × 10−2 2.50 × 10−2

6.13 × 10−1 4.25 × 10−35 84 84 2.08 × 10−3 2.45 × 10−3

5 84 180 1.41 3.09 × 102

30 3 3 0.00 0.00
2.99 8.40 × 10−2

30 3 30 2.12 × 102 1.05 × 102

30 14 3 6.02 × 10−2 5.38 × 10−2

4.87 1.28 × 10−130 14 14 0.00 1.43 × 10−5

30 14 30 6.98 × 102 6.21 × 102

60 3 3 0.00 0.00
7.85 2.83 × 10−1

60 3 15 1.55 × 102 8.55 × 101

60 7 3 5.59 × 10−3 3.13 × 10−3

1.01 × 101 6.01 × 10−160 7 7 0.00 0.00
60 7 15 4.58 × 101 3.18 × 101

ΘArea
Level

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 0.00 0.00
0.00 0.00

5 3 180 3.20 2.04

5 84 3 0.00 0.00
0.00 0.005 84 84 0.00 0.00

5 84 180 5.96 × 10−1 6.03 × 101

30 3 3 0.00 0.00
0.00 0.00

30 3 30 4.31 × 101 2.19 × 101
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30 14 3 3.61 × 10−4 4.39 × 10−4

7.99 × 10−4 0.0030 14 14 0.00 0.00
30 14 30 1.39 × 102 1.25 × 102

60 3 3 1.12 × 10−2 1.14 × 10−2
1.60 × 10−3 0.00

60 3 15 3.51 × 101 1.91 × 101

60 7 3 5.18 × 10−3 5.05 × 10−3

8.38 × 10−4 0.0060 7 7 0.00 0.00
60 7 15 1.45 × 101 1.31 × 101

𝜎𝑢
Power Delivered

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 1.18 1.18
1.26 2.88

5 3 180 8.79 7.05

5 84 3 2.12 2.12
2.18 3.035 84 84 1.14 1.15

5 84 180 4.12 3.31

30 3 3 1.32 1.33
1.47 2.69

30 3 30 9.44 8.50

30 14 3 2.20 2.20
2.28 3.1030 14 14 1.02 1.03

30 14 30 8.95 8.25

60 3 3 1.63 1.62
1.79 2.91

60 3 15 2.83 × 101 2.28 × 101

60 7 3 2.02 2.03
2.30 3.2460 7 7 1.20 1.21

60 7 15 1.88 × 101 2.11 × 101
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Table 6.17: Values of the the metrics for the steam boiler when the disturbance acts on the heat provided -
Tag 33.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon in samples, DH - Disturbance horizon in samples.

ΘArea
Pressure

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 5.79 × 10−3 5.79 × 10−3
1.73 × 10−1 0.00

5 3 180 7.27 × 10−3 2.48 × 10−2

5 84 3 1.15 × 10−2 1.15 × 10−2

2.06 × 10−1 0.005 84 84 3.79 × 10−3 2.46 × 10−3

5 84 180 4.35 × 10−3 4.29 × 10−3

30 3 3 1.37 × 10−2 1.39 × 10−2
1.06 3.50 × 10−2

30 3 30 9.51 × 10−3 5.87 × 101

30 14 3 1.09 × 10−1 5.19 × 10−2

1.80 9.12 × 10−230 14 14 3.94 × 10−2 2.33 × 10−2

30 14 30 2.62 × 10−2 1.85 × 10−2

60 3 3 2.94 × 10−2 2.22 × 10−2
2.45 1.12 × 10−1

60 3 15 6.39 × 10−3 4.41 × 10−3

60 7 3 1.92 × 10−1 5.16 × 10−2

3.60 2.82 × 10−160 7 7 4.78 × 10−2 1.84 × 10−2

60 7 15 3.42 × 10−2 1.91 × 10−2

ΘArea
Level

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 0.00 0.00
0.00 0.00

5 3 180 1.36 × 10−1 0.00

5 84 3 0.00 0.00
0.00 0.005 84 84 0.00 0.00

5 84 180 0.00 0.00

30 3 3 0.00 0.00
0.00 0.00

30 3 30 0.00 1.20 × 101
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30 14 3 0.00 0.00
0.00 0.0030 14 14 0.00 0.00

30 14 30 0.00 0.00

60 3 3 0.00 0.00
0.00 0.00

60 3 15 0.00 1.70 × 10−2

60 7 3 0.00 0.00
0.00 0.0060 7 7 0.00 0.00

60 7 15 0.00 0.00

𝜎𝑢
Power Delivered

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 6.28 × 10−1 6.28 × 10−1
6.66 × 10−1 2.01

5 3 180 3.11 5.76 × 10−1

5 84 3 1.22 1.22
1.29 1.695 84 84 7.03 × 10−1 6.48 × 10−1

5 84 180 5.67 × 10−1 5.07 × 10−1

30 3 3 8.14 × 10−1 6.66 × 10−1
7.32 × 10−1 1.75

30 3 30 9.91 × 10−1 5.71

30 14 3 1.21 9.82 × 10−1

1.23 1.7230 14 14 7.71 × 10−1 3.62 × 10−1

30 14 30 6.24 × 10−1 3.14 × 10−1

60 3 3 1.12 7.59 × 10−1
8.33 × 10−1 1.61

60 3 15 7.40 × 10−1 1.11

60 7 3 1.23 9.08 × 10−1

1.19 1.8560 7 7 9.14 × 10−1 4.99 × 10−1

60 7 15 6.42 × 10−1 3.96 × 10−1
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Table 6.18: Values of the the metrics for the steam boiler when the disturbance acts on the heat provided -
Tag 30.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon

ΘArea
Pressure

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 7.06 × 10−3 7.06 × 10−3
9.10 × 10−3 0.00

5 3 60 5.83 × 10−3 4.53 × 10−3

5 84 3 0.00 0.00
0.00 0.00

5 84 60 0.00 0.00

30 3 3 2.99 × 10−2 2.87 × 10−2
6.09 × 10−2 0.00

30 3 10 2.33 × 10−2 2.42 × 10−2

30 14 3 3.86 × 10−3 3.11 × 10−3
3.01 × 10−2 0.00

30 14 10 9.61 × 10−3 5.63 × 10−3

60 3 3 7.16 × 10−2 6.27 × 10−2
1.42 × 10−1 2.12 × 10−2

60 3 5 7.65 × 10−2 5.78 × 10−2

60 7 3 6.54 × 10−2 3.99 × 10−2
1.34 × 10−1 8.79 × 10−3

60 7 5 5.66 × 10−2 2.85 × 10−2

ΘArea
Level

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 0.00 0.00
0.00 0.00

5 3 60 0.00 0.00

5 84 3 0.00 0.00
0.00 0.00

5 84 60 0.00 0.00

30 3 3 0.00 0.00
0.00 0.00

30 3 10 0.00 0.00

30 14 3 0.00 0.00
0.00 0.00

30 14 10 0.00 0.00

60 3 3 0.00 0.00
0.00 0.00

60 3 5 0.00 0.00
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60 7 3 0.00 0.00
0.00 0.00

60 7 5 0.00 0.00

𝜎𝑢
Power Delivered

CS CH DH Prediction ON
𝑘-NN

Prediction ON
Perfect

Prediction OFF FTMPC

5 3 3 1.04 × 10−1 1.04 × 10−1
1.13 × 10−1 4.14 × 10−1

5 3 60 1.06 × 10−1 1.02 × 10−1

5 84 3 1.54 × 10−1 1.54 × 10−1
1.63 × 10−1 2.82 × 10−1

5 84 60 1.57 × 10−1 1.50 × 10−1

30 3 3 1.06 × 10−1 1.22 × 10−1
1.14 × 10−1 3.06 × 10−1

30 3 10 1.07 × 10−1 1.07 × 10−1

30 14 3 1.09 × 10−1 1.26 × 10−1
1.19 × 10−1 2.82 × 10−1

30 14 10 1.10 × 10−1 1.09 × 10−1

60 3 3 2.56 × 10−1 1.72 × 10−1
1.14 × 10−1 3.62 × 10−1

60 3 5 2.80 × 10−1 1.52 × 10−1

60 7 3 2.71 × 10−1 2.10 × 10−1
1.14 × 10−1 3.66 × 10−1

60 7 5 2.83 × 10−1 1.81 × 10−1

6.4.4.7 Conclusions when the disturbance comes from the heat provided

to the boiler
The tests in Section 6.4.4 examined the configuration in which the disturbance comes from the heat

provided to the boilers. Such tests showed how a multivariable system can be controlled exploiting

its buffer capabilities.

When the future prediction of the disturbance is assumed exact, the control system with the

Prediction ON strategy was able to attenuate significantly the deviations of power delivered to the

loads in form of steam. Compared to the FTMPC, the strategy Prediction ON with 𝑘-NN reduced

the metric 𝜎Power Delivered by 44% to 75% for the same tuning parameters, when the disturbance

horizon is set equal to the control horizon and the sampling time is faster than every 30s. Compared
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to the Prediction OFF, the Prediction ON strategy reduced the metric 𝜎Power Delivered by a smaller

amount. However, the Prediction ON strategy did not show large violations of constraints.

When the disturbance prediction is calculated with the weighted 𝑘-NN algorithm, the results change

depending on the sampling rate of the measurement of the disturbance for the prediction algorithm

and depending on the sampling rate of the controller. A sampling rate of the measurement which

is too large removes dynamics of the pattern of a disturbance which are needed for a correct search

of the nearest neighbours and a correct prediction.

Also a fast sampling rate of the controller increases the feedback of the MPC and compensates for

the error caused by a poorer prediction, as for Tag 33 and Tag 30.

The MPC with disturbance forecasting seems to bring advantages to the control of a steam boiler

when the disturbance comes from the heat provided. However, it must be reminded that these

disturbances are not always predictable. An example is when the calorific value of the fuel is not

constant, as Section 5.7.3.3 discussed. This is a relatively common type of disturbance but the

proposed MPC with disturbance forecasting cannot be used in this case.

6.4.5 Conclusions for the steam boiler
The model of the steam boiler provided two case studies to test the proposed MPC framework. In

one case study the problem is of pure set-point tracking and the controller must compensate the

disturbances coming from the load. In the second case study, the aim is keeping the controlled

variables within constraints rather then letting them track strictly a set-point. The controller has to

reduces the disturbance propagation from the heat provided to the boiler to the power delivered to

the load in form of the steam outflow.

Using several combinations of the tuning parameters and time series of disturbances, the steam

boiler has served within the chapter to compare the Prediction ON strategy with the Prediction OFF

and FTMPC strategies when the controlled variables must follow a set-point, when variables act

as buffer, and to analyse the impact of the disturbance horizon and of the controller sampling on

performance. Table 6.19 summarizes the answers to such questions.
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Table 6.19: Questions for the two case studies of the steam boiler and answers.

Question Answer

Performance with
variables that must
follow a set-point

• The Prediction ON strategy does not always improve the tracking of
the set-points compared to a FTMPC solution. It needs a long control
horizon and fast sampling.

• Improving the set-point tracking might have limited effects on the sys-
tem. For example. pressure does not affect the power delivered to loads
too much.

• When the disturbance is from the steam outflow, the proposed MPC
framework with a multi-step prediction of the disturbance does not bring
advantages over the FTMPC because the differences in the tracking of
the set-points impact minimally on the power delivered to the other
loads.

Performance with
variables that act
as buffer

• A buffer variable need not necessarily be a level but any variable that
implies storage of mass of liquid and gas, or energy.

• The use of a detailed prediction of the disturbance reduces the propaga-
tion of a disturbance downstream and permits to observe the constraints
of a system.

• For the same tuning, the strategy Prediction ON with 𝑘-NN reduces
the metric 𝜎Power Delivered by 45% to 75% compared to the value with
the FTMPC, when the disturbance horizon is set equal to the control
horizon and a sampling rate faster than every 30s is used.

Length of the dis-
turbance horizon

• A disturbance horizon longer than the control horizon might cause
aggressive control actions and large deviations of the controlled systems
from their nominal operating points for certain tunings.

• To avoid these aggressive behaviours, the optimizer of the MPC needs
to be allowed to change the control action over the prediction horizon for
a number of times that is higher then the number of times the foreseen
disturbance changes. This is like providing the optimizer of enough
degrees of freedom to a find a feasible solution.

• Setting the disturbance horizon equal to the control horizon is recom-
mended.

Impact of disturb-
ance sampling rate
on performance

• The sampling rate does not have an impact when a disturbance is highly
predictable, like Tag 34.

• When the signal is not well predictable, like Tag 33, or has a very fast
dynamic, like Tag 30, a larger sampling rate of the measurement of the
disturbance and of the controller deteriorates the performance of the
controller.

• With large sampling rate, the Prediction ON strategy used with the 𝑘-
NN might not be advantageous for disturbances not highly predictable
and/or with with very fast dynamics.
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Figure 6.15: Case study of the VAc distillation column. Copied from Fig. 5.5.

6.5 RESULTS: THE VAC COLUMN

6.5.1 Introduction
This section compares the three forms of MPC discussed in Section 6.1 on the model of an

azeotropic distillation column from Chen et al. (2003), Luyben and Tyréus (1998), Luyben et al.

(1998), and Luyben (2002). The case study is represented in Fig. 6.15 and described in Section

5.8.1.

This is a case study where certain variables have to follow their set-points, and others have to act

as buffer variables. Different control and disturbance horizons are tested. The interest is assessing

whether certain tunings of the controller can be beneficial for the buffer variables but not for the

controlled variables that must track a set-point. It will be also checked whether the prediction

method proposed provides good performance in practice with a distillation column.

Table 6.20 lists the disturbances and their parameters used for this section. The amplitudes of the

disturbances are arbitrary, however the length of the disturbance pattern reflects the real signals.
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Table 6.20: Parameters of the tested disturbances for the case study of the VAc Column

Signal type
Pattern / Cycle

length
Amplitude

Tag 34
1020 s 5% 𝑢Nom

Tag 33

Tag 30 180 -300 s 20% 𝑢Nom

Table 6.21: Indication of ideal values of metrics for the case study of the VAc column.

Ideal values of metrics Description

Γ
𝑦

Temp St. 16 → 0

Γ
𝑦

HAc-Top, Γ
𝑦

VAc-Bot, Γ
𝑦

H2O-Bot → 0

The quality of the product should be constant. Therefore,
the temperatures of controlled tray and of the organic phase,
together with all measured concentrations should not devi-
ate from their set-points.

ΘArea
L-Aqueo,Θ

Area
L-Org,Θ

Area
L-Bot = 0 No constraints violations of all levels.

𝜎𝑢
F-Org, 𝜎

𝑢
F-Bot → 0 Propagation of disturbances through variations of the out-

flow from the bottom and from the organic phase of the
decanter should be minimized.

Γ
𝑦

Temp -Dec → 0 Propagation of disturbance through varitions of the temper-
ature of organic outflow should be minimized.

Also, it can be reminded that Tag 30 was originally the signal of a disturbed steam flow into the

base of a distillation column.

The disturbance affects the duty of the reboiler and Section 5.8.4 defined the priorities of the con-

troller. The controller has to keep the compositions of the outflows and the controlled temperature

at their set-point. These are the controlled variables that must stay constant. The controller keeps

the level of the bottom of the column and the level of the organic phase in the reflux drum within

constraints. These are the controlled variables that act as buffer. The corresponding outflows

from the bottom of the column and from the organic phase of the decanter should stay constant to

avoid propagation of disturbances downstream. The temperature of the organic phase should stay

constant to not change the enthalpy of the organic outflow and propagate the disturbance. The level

of the aqueous phase should track its set-point although with a low priority. Table 6.21 shows the

values that the metrics should have for this case.
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6.5.2 Analysis of the metrics
Fig. 6.16, Fig. 6.17 and Fig. 6.18 show the metrics associated to respectively Tag 34, Tag 33 and

Tag 30. The bar graphs are distributed over several rows and columns. Each row shows a metric and

each column represent a various controller tuning in terms of controller sampling, control horizon

and, if used, disturbance horizon. Each graph shows four bars, corresponding respectively to the

(a) Θ for buffer variables. No violations of constraints.

(b) Γ for the variables who must track a set-point

Figure 6.16
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(c) 𝜎 for the MV associated to flows

Figure 6.16: Performance metrics with Tag 34 as disturbance acting on the heat provided to the column
through the steam in reboiler.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON
with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with prediction OFF, 4 - Strategy with FTMPC

metric of the strategy Prediction ON using the 𝑘-NN algorithm, Prediction ON using the exact

information about the future evolution of the disturbance, Prediction OFF and FTMPC. This allows

to compare the potential benefits of the Prediction ON with perfect knowledge with the benefits

really obtainable using the 𝑘−nearest neighbours algorithm.

The impact of disturbance horizon Also in this case study, a disturbance horizon longer

than the control horizon deteriorates the performance. The second column of graphs in each Fig.

6.16, Fig. 6.17 and Fig. 6.18 shows a case of controller tuning where this occurs. The metrics Γ

and 𝜎 are far larger than in the other cases, especially for Tag 34, represented in Fig. 6.16b and

Fig. 6.16c. Tag 34 was causing more severe issues when the disturbance horizon is longer than the

control horizon also in the two case studies of the steam boiler. As in the case of the steam boiler,

the explanation might be that Tag 34 has variations within its repeating pattern that are faster than

those of Tag 33. If the control horizon is shorter than the disturbance horizon, the controller might

not have enough degrees of freedom to counteract these fast foreseen changes in the disturbance.

This might cause inappropriate reactions of controller.
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Set-point tracking The set-point tracking of the Prediction ON with exact disturbance

forecasting and of the FTMPC is better than the Prediction OFF looking at the metrics Γ. However,

the values of the metrics ΓHAc -Top, which assess the concentration of the HAc in the outflow from

the organic phase from the decanter, are an exception. The reason is that there are fewer manipulated

variables than controlled variables, and the controller prioritises some controller variables over the

(a) Θ for buffer variables. No violations of constraints.

(b) Γ for the variables who must track a set-point

Figure 6.17
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(c) 𝜎 for the MV associated to flows

Figure 6.17: Performance metrics with Tag 33 as disturbance acting on the heat provided to the column
through the steam in reboiler.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON
with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with prediction OFF, 4 - Strategy with FTMPC

others to minimise its objective function. The metric Γ for the HAc composition on the top of the

column is in the range of 0.05%, while the metric Γ for the other two compositions are instead

in the range of 1-2%. Therefore, the controllers with Prediction ON and FTMPC strategy tend

to minimize their objective function by strongly reducing the deviation from the set-point of the

concentration of the water and VAc in the bottom of the column, rather than the concentration of

HAc in the top of the column.

There is a slight improvement of about 5% to 10% of the metrics Γ for the concentrations when the

strategy Prediction ON is used in place of the strategy FTMPC. However, the values of the metrics

are low in absolute terms for both strategies. In future works, it would be beneficial to assess

economically the advantages of reducing the variations of the concentrations of these amounts, and

to see the advantages in a plant scale.

The handling of buffer variables The metrics Θ represented in Fig. 6.16a, Fig. 6.17a,

and Fig. 6.18a shows that none of the control strategies violates the constraints of buffer variables

for all Tag 34, Tag 33, and Tag 30. The difference between the control strategies lies in the use of
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the outflows as manipulated variables. The Prediction ON strategy can potentially greatly reduce

the metrics 𝜎F-Bot and 𝜎F-Org related to the outflows from the bottom of the column and the organic

phase of the decanter. However, using the Prediction ON strategy with the 𝑘-NN method reduces

the advantages because of the degradation in the quality of the predictions.

Comparison between performance achievable with perfect knowledge of the

future values of the disturbance and 𝑘-NN predictions When the 𝑘-NN method is used

instead of assuming perfect knowledge of the future values of the disturbances, the performance of

the controller deteriorates. When the disturbance is Tag 34, there is a deterioration but performances

are still better than with the other two strategies.

With Tag 33 there is a particular deterioration of the tracking capability of the metric ΓTemp. St 16,

assessing the set-point tracking of the temperature of the 16th stage of the column. Although the

tracking of the setpoint of controlled temperature worsens, the metrics Γ for the concentrations

are not worse compared to the Prediction ON with perfect knowledge. Also the metrics 𝜎F-Org,

assessing the propagation of a disturbance through the flow of organic material from the decanter,

worsens when the Prediction ON strategy with 𝑘-NN is used in place of the Prediction ON strategy

with perfect knowledge. The lower quality of the prediction obtainable with Tag 33 is the reason

behind the degradation of the performance.

With Tag 30, the degradation is much more visible, as Fig. 6.18 shows. This figure shows for the

Tag 30 the values of the various metrics Γ and 𝜎, which represent respectively the ability of the

controller to track the setpoints and the ability to stop the propagation of disturbances. The first

bars from the left of each graph in Fig. 6.18 represent the values of the metrics when the 𝑘-NN

method is used. Such values are higher than the values represented in the second bars of each

graph, which represent the values of the metrics when perfect knowledge of the future values of the

disturbances is assumed. The discrepancy highlights the degradation of performance.

There are two reasons behind this degradation. A reason is that using a large sampling rate

of 60s downsamples the time series of the disturbance and removes the characteristics peaks of

Tag 30. The quality of the prediction deteriorates because the prediction algorithm might miss

nearest neighbours. A solution might be sampling the disturbance for prediction purposes at higher
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frequency than the sampling of the controller. The resulting prediction is then downsampled to

match the sampling of the controller.

The other reason for the strong deterioration of the performance is that the Prediction ON strategy

with perfect knowledge predicts a spike of Tag 30 before it occurs. The controller can adjust the

manipulated variables before they enter the system. On the contrary, the strategy using the 𝑘-NN

method for predicting the disturbances can predict the future values of the disturbance event only

when this has already started, as Section 4.10 showed. This explains why the difference between

these two strategies of the controller is large. To overcome this problem the sampling rate of the

controller should be increased, so that the controller can change its control action as soon as an

abrupt event of the disturbance starts and is detected. Section 6.5.5 analyses this solution.
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(a) Θ for buffer variables. No violations of constraints.

(b) Γ for the variables who must track a set-point

Figure 6.18
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(c) 𝜎 for the MV associated to flows

Figure 6.18: Performance metrics with Tag 30 as disturbance acting on the heat provided to the column
through the steam in reboiler.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON
with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with prediction OFF, 4 - Strategy with FTMPC
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6.5.3 Examples of control responses

6.5.3.1 The behaviour with persistent disturbances
This section discusses the responses over time of the controllers with the four strategies in this case

study, including the Prediction ON with 𝑘-NN and with perfect knowledge. Fig. 6.19 and Fig. 6.20

show the show the trends over time when the disturbances are Tag 34 and Tag 33.

Fig. 6.19a and Fig. 6.20a shows that the Prediction OFF strategy exhibits far larger oscillations of

the controlled variables than the other strategies.

The FTMPC and the two Prediction ON strategies show similar set-point tracking capability for

the temperatures and concentrations, shown in Fig. 6.19a and Fig. 6.20a. The difference is

the handling of the buffers. The outflows from the organic phase of the decanter oscillates with

FTMPC, which is represented in top-left corner of Fig. 6.19a and Fig. 6.20a. With the Prediction

ON strategy with exact predictions, the propagation of disturbance from the decanter is completely

stopped because the flow is constant. The flow from the bottom of the distillation column moves

slightly but the movement is still dampened compared to the other strategies.

Comparing the two versions of Prediction ON shows that using the 𝑘-NN impacts the performances

only when Tag 33 is used. In this case, the handling of the buffer variables is worse because the

flow of organic phase from the decanter is not strictly constant as when the exact predictions are

used. Still, such flow oscillates less than in the case of FTMPC.

6.5.3.2 The behaviour with abrupt disturbances
Fig. 6.21 shows the trends over time of controlled and manipulated variables when the disturbance

is Tag 30 that has abrupt disturbances.

The best strategy for an abrupt disturbance is is the one of the Prediction OFF and of the Prediction

ON with exact disturbance prediction because they do not overreact when a spike of the disturbance

occurs. On the contrary, the FTMPC is continuously misled by the fast spikes characterizing Tag

30. The FTMPC supposes that these are permanent changes of the disturbance while they are not,

resulting in large variations of the outflows related to the organic phase and bottom of the column.

Looking at the organic outflow from the decanter in Fig. 6.21b, the flow of the organic flow

changes from 5000 kg·hr−1 to circa 0 kg·hr−1 twice within an interval of only 100 minutes because
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(a) Trend over time of the controlled variables

(b) Trend over time of the manipulated variables

Figure 6.19: Trends over time of variables related to the VAc column with a disturbance acting on the heat
provided to the boiler - Tag 34 - CS 60 - CH 90 - DH 15

the controller with the FTMPC assumes that the associated level would otherwise violate the

constraints. Similarly, it moves the outflow associated to the bottom level of the column.

In real industrial systems, the flows would not change so much. The controller would normally

be programmed to automatically switch off in case the control actions to be applied are too large.

When it switches off, the controller would also give an alarm. The alarm and the switching off of
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(a) Trend over time of the controlled variables

(b) Trend over time of the manipulated variables

Figure 6.20: Trends over time of variables related to the VAc column with a disturbance acting on the heat
provided to the boiler - Tag 33 - CS 60 - CH 90 - DH 15

the controller might seem incomprehensible to the operators. The controller with FTMPC switches

off because of its wrong assumption about the future values of the disturbance. These behaviours

can cause a problem for the acceptance of the system, in the working experience of the present

author.
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(a) Trend over time of the controlled variables

(b) Trend over time of the manipulated variables

Figure 6.21: Trends over time of variables related to the VAc column with a disturbance acting on the heat
provided to the boiler - Tag 30 - CS 60 - CH 90 - DH 5

The FTMPC causes problems with abrupt disturbances but it works better in set-point tracking than

the Prediction OFF. Ideally, as the Prediction ON strategy with ideal forecasts of the disturbance

shows, the Prediction ON strategy offers a calm but prompt response both in this case with spiky

and persistent disturbances.

However, the Prediction ON using the 𝑘-NN method can partially fail. Fig. 6.21 shows that while

the FTMPC causes two unnecessary disturbances, the Prediction ON strategy with 𝑘-NN causes
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only one spike in the trends of the manipulated variable. This is partially a success but it shows

also the limits of the implementations used. The algorithm failed in providing a good prediction in

one case because the sampling of 60 s is too large to capture properly that abrupt event, which was

sampled originally every 20 seconds.

6.5.4 Comments on the impact of tuning weights on the

controller response in presence of abrupt

disturbances
Fig. 6.21 shows that the controllers Prediction ON with 𝑘-NN and FTMPC initially change largely

the values of the manipulated variables. After some sampling instants, the controller realizes that

the disturbance values are back to their previous stationary values 𝑢0, so it starts changing the values

of the manipulated values but it does it slowly. The reason lays in the controller tuning because

a weight has been set on the ‘Move suppression’ and not on the ‘Manipulated variable tracking’

parameter, as Table 5.10 has shown. Therefore, the controller knows it has to limit the variations of

the manipulated variables 𝑢(𝑡) − 𝑢(𝑡 − 1), rather than the deviations of manipulated variable from

the 𝑢(𝑡) − 𝑢0.

Probably, this behaviour is not the best for a downstream unit which sees a slow disturbance coming

instead of a fast one which might be maybe more easily dampened (because process units are often

low pass filters). Setting a weight in ‘Manipulated variable tracking’ parameter and not weight on

’Controlled variable tracking’ has been also tested. In this case, once the controller understands

it has been misled, it brings back the manipulated variable to its set-point, without amplifying

the effect of such mistake for the downstream units. However this solution means also that the

buffer controlled variables, acting as integrators like the levels, are not centered back in the middle

of buffer range. This limits the buffer capability of such controller at the following disturbance

occurances, as Section 5.3.3 discussed.

The present author believes that if the controller would control not just one process unit but also

an hypothetical downstream unit, the trend of the outflows considered here would be more friendly

for the downstream unit. However, increasing the size of MPC controllers has its drawbacks.
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So improving the behaviour of controller in presence of misleading feedforward actions needs

further investigation that should go probably in these directions:

• Reducing the failure in predicting abrupt short disturbances

• Developing algorithms for the mutual collaboration between controllers that work on adjacent

plant sections

6.5.5 Analysis of the metrics when the sampling rate of

the measurement of the disturbance is faster than

the controller sampling
This section tests separately the impact of the sampling of the measurement of the disturbance and

the impact of the sampling of the controller on the performance of the proposed MPC framework.

Tag 30 is used for this test because this tag caused the largest discrepancy between the results with

the strategy Prediction ON with 𝑘-NN and the strategy Prediction ON with perfect knowledge about

the future values of the disturbance.

Fig. 6.22 shows the metric 𝐸𝑎𝑣, which has been used in Chapter 4 to assess the quality of the

prediction of a disturbance at a specific instant, for three cases. In one case the disturbance is

downsampled every 60s, in one case it is sampled at the original sampling of 20s, and in the third

case it is oversampled every 5 seconds. In all cases the prediction algorithm run every 60s, which is

the sampling rate of the MPC controller. The metric 𝐸𝑎𝑣 is lower, and the quality of the prediction is

therefore better, when the the time series is not downsampled. The figure shows there are not certain

peaks of 𝐸𝑎𝑣 when the sampling rate is 20s or 5s. The oversampling at 5s provides a marginal

advantage in a couple of situations. For example, in correspondence of the peak at sample 380, the

red dot corresponding to a sampling of 20s is above the blue line correpoding to a sampling of 5s.

Oversampling provides more sampling for the 𝑘-NN to distinguish two or more nearest neighbours.

This might help distinguish real nearest neighbours from false nearest neighbours.

The question is whether this improvement of the quality of the prediction is enough to nullify the

difference in performance between the strategy Prediction ON with 𝑘-NN and the Prediction ON
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Figure 6.22: Values of the metrics 𝐸𝑎𝑣 using three sampling rates for the measurement of the disturbance in
case of Tag 30.

strategy with perfect knowledge about the future evolution of the future values of the disturbance.

Fig. 6.23 shows bar graphs with the values of the metrics Γ, and 𝜎 for Tag 30 (the metrics Θ are

all equal to zero and therefore they are not shown). The bar graphs are distributed over several

rows and columns. Each row shows a metric and each column represent a various controller tuning

in terms of controller sampling, control horizon and, if used, disturbance horizon. Each graph

shows five bars. The first bar from the left corresponds to the metric of the strategy Prediction

ON using the 𝑘-NN algorithm where the disturbance is recorded with the same sampling rate of

the MPC controller, which is 60s. The second bar corresponds to strategy Prediction ON using

the 𝑘-NN algorithm where the disturbance is recorded every 5s for the prediction algorithm. The

third bar corresponds to the Prediction ON using the perfect knowledge about the future evolution

of the disturbance. The remaining bars correspond respectively to the Prediction OFF and FTMPC

strategies.

Using a faster sampling of 5s for the measurement of the disturbance improves the metrics of the

controller. The second bar of each graph, corresponding to the approach where the disturbance

is sampled at a faster sampling rate than the one of the controller, is generally lower than the

first bar, where the sampling rate is the same. However, there is still a large difference with the
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strategy Prediction ON with perfect knowledge about the future values of the disturbance, which is

represented by the third bar of each graph.

The reason is that the controller with the Prediction ON with perfect knowledge has information

about future abrupt events before they occur. Therefore, this controller can do certain small

corrections to the manipulated variables before the abrupt events of the disturbance occur. A

prediction based on 𝑘-NN cannot instead predict an abrupt event before it occurs.

The solution is increasing the sampling rate of the MPC controller, so that the controller detects

and predicts the future evolution of the abrupt disturbance sooner. Fig. 6.24 shows the values of the

metrics when the sampling of the controller is 20s. This values is equal to the original sampling of

the measurement of the disturbance. There are four bars for each graph. The first bar from the left

corresponds to the Prediction ON strategy with 𝑘-NN, the second bar corresponds to the strategy

Prediction ON with perfect knowledge, the third bar corresponds to the MPC with the strategy

Prediction OFF, and the last to the FTMPC.

The figure shows that the values of the metrics for the Prediction ON with 𝑘-NN and Prediction

ON with perfect knowledge are more similar than when the sampling rate of the controller was

60s. The figure shows also that the values of the metrics are lower for the Prediction ON with

𝑘-NN than for Prediction OFF and FTMPC. The metric 𝜎F-Org decreases here by 95% using the

Prediction ON strategy. The outflow from the organic phase is simply kept constant despite the

disturbance. This is the highest improvement registered. Also the metric ΓVAc-Bot improves greatly

by 62.5%. However, the improvement is small in absolute terms. Further investigations should

probably assess the economical impact of such disturbances on a plant scale.

The drawback of increasing the sampling rate of the controller is the computational time that might

increase above acceptable levels.
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(a) Γ for the variables who must track a set-point

(b) 𝜎 for the MV associated to flows

Figure 6.23: Performance metrics with Tag 30 as disturbance acting on the heat provided to the column
through the steam in reboiler. Controller sampling equal to 60s.
LEGEND: CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON with 𝑘-NN with sampling of the
disturbance measurement equal to 60s, 2 - Strategy with Prediction ON with 𝑘-NN with sampling of the disturbance measurement
equal to 5s, 3 - Strategy with Prediction ON with perfect knowledge, 4 - Strategy with prediction OFF, 5 - Strategy with FTMPC
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(a) Γ for the variables who must track a set-point

(b) 𝜎 for the MV associated to flows

Figure 6.24: Performance metrics with Tag 30 as disturbance acting on the heat provided to the column
through the steam in reboiler. Controller sampling equal to 20s.
LEGEND: CS - Controller sampling in seconds, CH - Control horizon, DH - Disturbance horizon, 1 - Strategy with Prediction ON
with 𝑘-NN, 2 - Strategy with Prediction ON with perfect knowledge, 3 - Strategy with prediction OFF, 4 - Strategy with FTMPC
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Table 6.22: Questions and answers solved by the case study of the VAc distillation column.

Question Answer

Performance with variables that
must follow a set-point

• The Prediction ON strategy can improve only marginally
(5% to 10% of the metrics Γ) the tracking of the set-
points of concentrations compared to a FTMPC solution.
Further analysis are required to assess the benefits of
these improvements.

Performance with variables that
act as buffer

• The Prediction ON strategy can even stop completely the
disturbance propagation as seen for the CSTH tank.

Trade-offs when a system has CV
acting as buffer and CV which
must follow a set-point

• There is no trade-off when a system has controlled acting
as buffer and CV which must follow a set-point

Length of the disturbance horizon
• A disturbance horizon longer than the control horizon

might cause aggressive control actions and large devi-
ations of the controlled systems from their nominal op-
erating points.

Impact of disturbance sampling
on performance

• The same considerations done for the steam boiler are
valid for this case study.

• The sampling does not have an impact when a disturbance
is highly predictable, like Tag 34.

• When the signal is not well predictable, like Tag 33, or
has a very fast dynamic, like Tag 30, a larger sampling
deteriorates the controller performance.

• With large sampling, the Prediction ON strategy using
the 𝑘-NN might not be advantageous for disturbances not
highly predictable and/or with with very fast dynamics.

• The disturbance forecasting should run at a higher
sampling rate than the controller.

6.5.6 Conclusions for the VAc
The case study of the VAc column is chosen to test whether a compromise in terms of tuning of

a controller is needed when there is the simultaneous presence of controlled variables that can act

as buffer and controlled variables that must strictly follow their set-points. Furthermore, it is used

to demonstrate whether a disturbance horizon longer than the control horizon can cause problems

also in another case study in addition to the ones of the steam boilers. Table 6.22 summarises the

findings.
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The impact of the disturbance horizon confirms findings from previous sections. It has been

observed also in this case study, that the disturbance in Tag 34 can make the controller particularly

aggressive when the disturbance horizon is set longer than the control horizon. This might be

caused by the larger variations present in Tag 34 that the controller tries to compensate. If the

control horizon is shorter than the disturbance horizon, the controller does not not have enough

degrees of freedom to compensate for these variations.

It has been shown that the two types of controlled variables are not posing conflicts. Providing a

detailed prediction of the disturbance can provide good tracking of the set-points and, at the same

time, block the disturbance propagation of a disturbance downstream.

However, testing the prediction technique developed in Chapter 4 shows some limits seen with the

steam boiler. While the predictions provided by 𝑘-NN works very well with the regular signal of

Tag 34, the performance decreases from the ideal case where the exact prediction is provided to the

controller when predicting Tag 33 and Tag 30.

In the case of Tag 33 the problem is the forecastability of such signal. Predicting the signal with

𝑘−nearest neighbours provides still some advantages over the FTMPC strategy.

In the case of Tag 30 the problem is due to the sampling of the disturbance used for the prediction,

which is too slow, and especially the sampling of the controller that must be fast to counteract fast

disturbances. Nonetheless, increasing the sampling rate of the measurement of the disturbance and

of the controller is computationally expensive.

6.6 SUMMARY
This chapter presents the results of the implementation of the MPC with disturbance forecasting

proposed in this thesis. Table 6.23 answers schematically the answers that this chapter wanted to

solve.

It tests whether and how providing a disturbance prediction can be beneficial in the case studies

described in the former Chapter 5. The case studies are the CSTH tank, the steam boiler (in its

two configurations) and the VAc column. The chapter discusses different control objectives, tuning

choices, and compared the case with an ideal disturbance prediction with the one with a disturbance
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prediction obtained using the weighted version of the algorithm presented in Chapter 4.

The proposed MPC provides advantages when the disturbances, be they persistent or abrupt, are

characterised by fast dynamics and when the controlled system has controlled variables that can

act as buffer. In this case, the proposed MPC can reduce or even stops the propagation of the

disturbance through the manipulated variables.

The proposed MPC can provide slightly better performance in set-point tracking than the FTMPC,

and both the proposed MPC and the FTMPC are far better than the Prediction OFF strategy. This

means that if a system is characterised by controlled variables that act as buffer and by variables that

have to follow a set-point, no compromise is required. However, if the system has only variables

that must follow a set-point, there might no real advantage over the FTMPC strategy, like in the

case presented of the steam boiler with the disturbance coming from the request of steam outflow

from the loads.

Regarding the tuning of the controller, the chapter shows that disturbance horizon should be shorter

or equal to the control horizon. Otherwise, the controller can be extremely aggressive. Further-

more, a large sampling time of the disturbance and of the controller can strongly deteriorate the

performance of the controller, depending on the disturbance. Providing a fast sampling of disturb-

ance algorithm and of the controller can be however computationally expensive for applications

which need long prediction horizons.
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Table 6.23: List of questions for this chapter and answers.

Question Answer

Conditions for the
improvement of per-
formance with the
Prediction ON strategy

The Prediction ON strategy provides advantages towards the FTMPC
and Prediction OFF strategies when buffer variables are presents, or
when the speed of the disturbances patterns are fast. The quality of
predictions provided is the limit in certain situations.

Impact of the speed
of the pattern of a
disturbance on the per-
formances achievable by
the three different MPC
strategies.

The slower the speed of the disturbance pattern, the better is the
approximation done in the FTMPC and so the FTMPC performance
is better. However, the slower the speed of such pattern is and the
greater is the impact of the disturbance on the controlled variables.
Therefore, the Prediction OFF controllers suffer in tracking set-points
or constraints handling without feedforward action.

For a fast abrupt disturbance, the behaviour of the FTMPC is too
aggressive and the Prediction OFF strategy is fine because it does not
react to negligible disturbance.

The Prediction ON strategy is potentially able to properly work for
all patterns speeds, as long as the sampling of the controller is fast
enough and quality of the prediction good.

Tuning of the disturb-
ance horizon

Setting the disturbance horizon longer than the control horizon might
lead to way too aggressive controller, especially for a short control
horizon. The optimizer of the controller needs enough degrees of
freedom to compensate the foreseen variations of the disturbance.
The control horizon gives degrees of freedom.

Often a control horizon equal to the disturbance horizon leads to the
best performance.

Impact of the sampling
rate of the measurement
and of the controller
sampling.

A slow sampling of the measurement of the disturbance downsamples
fast disturbances. This removes dynamics from the time series and
deteriorates the quality of the prediction.

A fast controller sampling is needed for fast and especially abrupt
disturbances. A fast controller sampling increases the feedback of
the controller and can compensate errors of the prediction algorithm.

Extension of the concept
of buffer to variables
different from levels.

A controlled variable that implies storage of mass or energy can act
as buffer. Here, the pressure of a steam boiler was an indicator of
mass of steam, and of energy that steam can deliver.
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Table 6.23 continued from previous page

Question Answer

Advantages of using the
Prediction ON strategy
when all CV should
track a set point.

Most of cases, the advantages of using a Prediction ON strategy
are limited compared to a more simple FTMPC when dealing with
variables that must track a set-point. The system might not benefit
from an extra improvement of the set-point tracking.

Trade-offs in terms of
disturbance horizon,
control horizon and
sampling when there
are both CV working as
buffer and CV that have
to follow their set points.

The are apparently no trade-offs in these situations.

Quality of predictions
using the weighted
𝑘-NN method from
Chapter 4 for control
purposes.

The quality of the predictions are good as long the signal is highly
predictable. When the signal is not highly predictable, like for Tag
33 and Tag 30, the performances are not adequate for all case studies.
Still, increasing the sampling rate of the measurement of the disturb-
ance, and especially of the controller, improves the prediction and
nullify the difference between the results obtainable with the 𝑘-NN
and those ideally obtainable using a perfectly known disturbance pre-
diction.

Nonetheless, using a high sampling rate is computationally expensive.
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C h a p t e r 7

CRITICAL EVALUATION OF THE
THESIS AND FUTURE WORK

This chapter recalls the aim and the achievements of this thesis, and compares them with the initial

research questions. The aim is to show how they have been fulfilled, which merits the methods

have but also which limitation they pose.

7.1 SUMMARY AND DISCUSSION OF CONTRIBUTION OF

THE THESIS
The stated aim of the thesis has been ‘Increasing the level of automation in various areas of a

process site by optimizing, given the constraints applied to the process, the response to fast complex

disturbances, examining the trade off between rejection of the disturbance on controlled variables

and avoidance of disturbance propagation’.

To serve this, the following technical objectives have been specifically defined.

1. Review the most important persistent and abrupt disturbances, and their causes, propagating

in a chemical and oil process site with a focus on propagation in steam and electrical utilities

2. Show whether a multistep prediction of persistent or abrupt disturbances is possible using an

amount of industrial data smaller than a few hours, and provide a term for the forecastability

of the time series

3. Propose an MPC with a data-driven multi-step forecasting and test whether the disturbance

forecasts obtained in point 2 are good enough in conjunction with MPC for realistic case

studies with industrial disturbances.
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4. Analyse with new metrics the controller action of MPC controllers used in industrial set-

tings in terms of disturbance handling and set-point tracking for persistent and spiky abrupt

disturbances (fast complex disturbances)

The technical objectives define the areas of research, which the following sections analyse.

7.2 REVIEW OF PERSISTENT AND ABRUPT DISTURB-

ANCES IN A PROCESS SITE

7.2.1 Merits of the method proposed
So far site-wide disturbances have not received much attention. The published literature lacks a

clear overview of the disturbances that can propagate site-wide.

Chapter 3 reviews the disturbances occurring in a process production site, considering their nature,

whether persistent or abrupt, and their causes. The review examined disturbances propagating

within a production plant and also disturbances propagating to and from site utilities. The utilities

considered are the steam utilities and electric utility.

The review might help future researchers working on the topic because it indicated which are the

interactions between process and utilities that are more important.

7.2.2 Limits of the method proposed
The review has been conducted reading the academic and professional literature, interviewing

engineers from ABB and visiting the site for gas treatment in Kollsnes, Norway, run by Equinor.

It was particularly hard to find case studies regarding the interaction between electromechanical

systems and process, and the discussion with industrial professionals has been particularly useful

to understand what problems might arise.

Academic literature often focuses on design of electro-mechanical systems rather than the problems

that can arise once the system is running. Understanding the problems that can arise in operations

requires experience and extensive but also deep inter-disciplinary knowledge, possibly not only

with one particular plant but with a multitude of them. Industrial practitioners do not interact often
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with academics. Even when this occurs, it is hard to find people with this broad experience. These

are limiting factors for academic research.

A problem faced not only with electromechanical systems but also with steam utility is analysing

quantitatively the impact of site-wide disturbance. The reason is that there are not, to the best of the

current author’s knowledge, benchmark models for site-wide disturbance as there are for plant-wide

disturbances, such as those of Luyben and Tyréus (1998) and Downs and Vogel (1993). Creating

simulators of such systems is hard because few data are publicly available. Estimating parameters

requires engineering judgement often based on know-how and experience, and parameters impact

the results of an analysis. It is not a coincidence that both Luyben and Tyréus (1998) and Downs and

Vogel (1993) were working in industry when they published their benchmark models for plant-wide

disturbances, working respectively for Du Pont and Eastman Chemical Company.

7.2.3 Future work
Future work should envisage the creation of a detailed benchmark model comprehensive of one or

more steam generation units, steam distribution network and sections of one or more production

plants, possibly heat integrated. This model would allow researchers to assess the impact of the

disturbances between steam utility and production plants considered in Chapter 3.

Electrical disturbances do not have a large impact on site-wide disturbances according to the review

in this thesis. For this reason, an electrical utility would have a lower priority in such a benchmark

model. However, that conclusion was based also on the current regulations that electric utility

have to satisfy. Although it is a speculation, future power systems might request more flexibility to

industrial loads in the future because of the upcoming stronger presence of sources of renewable

energy, which are known to be less constant in delivering power to the system. In this case, the

electrical utility might have to be simulated.
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7.3 PREDICTION OF PERSISTENT AND ABRUPT INDUS-

TRIAL DISTURBANCES, AND ASSESSMENT OF THEIR

FORECASTABILITY

7.3.1 Merits of the methods proposed
The technical objective was to understand whether it is possible to use to training data shorter than

few hours to provide a multi-step prediction of persistent as well as abrupt process disturbances.

Furthermore, there was also the need to understand whether a signal is first of all forecastable.

The 𝑘-NN method has the merit of working even when only a few occurrences of disturbance

pattern have been collected. The method is also robust to the choice of the parameters, which do

not need to be retrained continuously. Furthermore, the 𝑘-NN has the considerable advantage of

working for persistent but also for abrupt disturbances without need of structural changes.

The key improvement over the standard 𝑘-NN algorithm presented in this thesis has been the use of

weights to base the prediction more on those neighbours which are more similar to the last evolving

pattern of the time series. Using such weights improves the prediction quality, especially when the

disturbance pattern is not very regular.

The work in this thesis also proposed two ways to analyse the forecastability of a time series. The

first method is based on a qualitatively analysis based on a phase plot. It is easy to implement and

easy to interpret with a bit of experience. A quantitative method is also proposed which derives

from the Harris index and it is based on a prediction error achievable by an AR process. The

advantage of such method is that allows to compare different signals in terms of forecastability in

a somehow objective way. A feature which is not available by inspecting qualitatively the phase

plots.

The work presented in this thesis about the prediction of process disturbances has been published

as an invited paper in a special issue of Computers and Chemical Engineering dedicated to the the

conference PSE2018.
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7.3.2 Limits of the methods proposed
A drawback of the 𝑘-NN method is that the computational power requested to find the nearest

neighbours increases with the length of the time series from which the past neighbours should be

found. There might be a maximal number of samples of the past time series above which the system

cannot run in real time any more. This implies that the system has to rely on recent measurements.

This is a limitation when predicting abrupt disturbances because these disturbance events might

not occur frequently. If the old measurements are discarded, the algorithm cannot find nearest

neighbours of these infrequent disturbances.

A further issue is that the sampling rate for recording the time series of disturbances must be

adjusted depending on the disturbance. Disturbances with fast dynamics need a faster sampling.

On the contrary, setting a fast sampling rate might be unnecessary for slow disturbance but it would

increase the computational power requested to find nearest neighbours.

Next to the computational issues, there is a problem of quality of the prediction. The 𝑘-nearest

neighbours method works very well with regular time series. However, performance decrease

when noise is present or when the time series of the disturbance is irregular. Some disturbances

are inherently less forecastable than others. Still, there might be other methods that can improve

the performance of the forecasting of process disturbances.

Also, the metric 𝐸𝑎𝑣 int, which was proposed for the assessment of the performance of the prediction,

shows limits in its applicability to abrupt disturbances. This metric averages the quality of the

prediction for all instants of time over an interval of time. However, the evaluation should be

probably made only for the interval of times corresponding to abrupt patterns and should neglect

the intervals of time between two abrupt occurrences. Otherwise, the metric is influenced by

the prediction quality obtained in these intervals between abrupt events. The problem is defining

rigorously the start and the end of an abrupt event without removing relevant segments of a time

series.

Another issue is that the use of a forecastability index is related to the quality of prediction. The

forecastability index proposed in this thesis is based on the principle of how well an autoregressive

process can predict that disturbance. Nonetheless, the fact that an autoregressive process cannot

properly predict a time series does not imply that a different prediction method cannot predict
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the disturbance. For this reason it has been stated that the proposed index can work as term of

comparison between different time series rather than an absolute metric.

The issue is defining which prediction method is used for reference. As example, there exist

different structures of networks within the family of artificial neural networks. The structure is

often chosen based on the experience of the developer and not based on analytical methodologies.

Defining a reference model is hard and a subtle topic. Maybe, using a simple method, like the

autoregressive process, provides a more robust and standard choice that is more selective in defining

whether a time series is forecastable.

7.3.3 Future work
One area of research for the future is optimizing the search of nearest neighbours and the sampling

rate for the measurement of the disturbance. An idea might be memorizing the patterns that repeat

over time. The search would not be over past nearest neighbours found in the time series rather over

averaged models of the persistent or abrupt patterns that have occurred. It remains the problem of

defining how the patterns should be learnt and stored in the system.

Another area of research is testing other prediction methods for the time series forecasting to

improve the quality of the predictions and assessing the forecastability of time-series. Artificial

Neural Network (ANN) and support vector regression were tested at a very late stage of this PhD

and provided initial results where the metrics which assess the quality of the prediction were five

to ten times worse than those of proposed 𝑘-NN method. Further tests are needed but the reason is

probably the limited amount of data for training. Transfer learning with ANN might be a solution to

be investigated. Transfer learning is a technique where an ANN is trained on an initial dataset which

has similar characteristics to the final dataset and is long enough to obtain good initial parameters

of the parameters. This can be considered a pre-training. After the ANN is trained on the short

dataset which is of specific interest. This last training acts as fine tuning for the parameters of the

ANN. Bauer et al. (2018) provide a large data repository of plant-wide disturbances on which the

ANN might be pre-trained. Alternatively, the dataset for the pre-training might be created with

simulators.

Another area for future work might be trying to investigate the possibility to separate the determ-
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inistic components of time series from its unpredictable part. This would permit the assessment of

the predictability of a time series, but also enable the implementation of a stochastic MPC, which

will be discussed in Section 7.4.3. This might be possible through a wavelet decomposition of the

time series (Guntu et al., 2020; Masuda and Aihara, 2001).

7.4 MPC WITH A DATA DRIVEN MULTI-STEP PREDIC-

TION, TESTED ON INDUSTRIAL CASE STUDIES

7.4.1 Merits of the method
This thesis has presented a novel MPC controller using a multi-step prediction of a disturbance that

can provide better performance in managing propagating fast process disturbances compared to

industrial MPC controllers. The main advantage is stopping or strongly attenuating the propagation

of a disturbance, while the tracking of the set-points is similar and in some cases better than another

industrial strategy called Frozen Time MPC. By comparison, the FTMPC is very good in tracking

a set-point but it is also noticeably the worst in attenuating the propagation of a disturbance.

A merit is also that the new controller replicates the strategies that the present author saw used

by operators to handle propagating disturbances. The operators control some flows manually to

keep them constant and prevent a disturbance from propagating. However, some manual adjustment

might be required over time. Here, this strategy is used by a controller which does small adjustments

automatically.

7.4.2 Limits of the method
A limit is that the performance of the controller depends on the quality of the prediction. This

depends also on the predictability of the time series. A time series of a process disturbance tends

to lose predictability, the further the point of measurement is from the cause of the disturbance.

Another limit of the proposed MPC framework is that the sampling of the controller has to be fast

enough to obtain good performance with very fast and abrupt disturbances. Unfortunately, setting

a fast sampling rate can be unfeasible in real-time applications because of the computational power

requested.
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It has also to be considered that the proposed MPC controller might have limited advantages if

the control problem is only of set-point tracking and there is no buffer in the system that must be

controlled.

7.4.3 Future work
Future work can focus on improving the quality of the disturbance prediction to improve the

controller performance. Another area of work is using stochastic MPC to take the uncertainty of

the disturbance prediction into account. The problem is defining a probabilistic distribution of the

prediction. It might be possible to decompose the time series as the sum of components which are

deterministic and of components which are noise. The probabilistic distribution should model the

noise.

The proposed MPC framework should also be tested on a whole simulated production plant or on a

whole utility, rather than on a single unit process unit, such as a boiler or a distillation column. This

might lead to the development of distributed MPCs, where multiple controllers have to exchange

information to coordinate and stop the propagation of disturbances. Furthermore, assessing a whole

plant or a whole utility would permit to assess the economical benefits of stopping the disturbance,

and also to assess to which extents it is economically beneficial to improve the set-point tracking

of the controlled variables. Formulating the tuning of MPC in terms of an economic MPC might

be another future research area.

It might be worth considering using the proposed MPC in conjunction with algorithms for root

cause analysis of plant-wide and site-wide disturbances. The control system might help identifying

the source of a disturbance by stopping the propagation of the disturbance.

Finally, an optimization of the control strategies to handle a process disturbance might reduce the

need of buffers in process plants. The reduction in Capital Expenditure (CapEx) can assessed

taking various scenarios into account.
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7.5 ANALYSIS WITH NEW METRICS TO ASSESS A CON-

TROLLER WHEN HANDLING PROPAGATING DISTURB-

ANCE

7.5.1 Merits of the method
This thesis presented metrics that describe in a concise way the performance of a controller in

presence of propagating disturbance. The metrics are Θ, Γ and 𝜎, which assess respectively the

violations of constraints of a controlled variable, the set-point tracking of a controlled variable,

and the propagation of a disturbance through a manipulated variable. A merit of the metrics is

that they are very detailed in analysing specific behaviours of the controller. This makes it possible

to understand which aspects of the controller should be improved. Another merit is that it is

possible to compare the values of a metric when used for different variables, because the metrics

are normalised over the range of the corresponding controlled and manipulated variables.

7.5.2 Limits of the method
While these metrics are concise and have a good level of detail to analyse the performance of a

controller for a process unit, such as a boiler or a distillation column, they are too detailed to analyse

the performance of the control system of a whole production plant or utility.

The metrics Θ, Γ are applied to controlled variables, and the metric 𝜎 to manipulated variables.

When a whole plant is considered, there would be too many values of these metrics that have to be

analysed, one for each variable considered.

7.5.3 Future work
In the future the metrics proposed in this thesis might be combined to obtain possible a single

metric that judges the performance of the control system for a process unit. As further step, a single

metric might be created for a single plant or utility by combining the metrics related to the single

process units. The aim is to have also a top-down system of metrics that allows the personnel in

production to assess briefly the performance of their production site.
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7.6 SUMMARY
The present chapter reminded the aim of the thesis and technical objectives. For each technical

objectives, the chapter explained the merits and the limits of the solutions found, and proposed

possible topics for future research.
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C h a p t e r 8

SUMMARY AND CONCLUSIONS

This thesis proposes a control framework to improve the response of control systems to propagating

process disturbances. Disturbances are undesired deviations of process variables from their set-

points. A common feature of many disturbances is that their time series show repetitions of fast

and complex patterns. These patterns can repeat at regular intervals, in which case the disturbance

is defined as persistent. Alternatively, if the intervals between two events of a disturbances is

not regular, the disturbance is defined as abrupt. Another feature is that such disturbances can

propagate and manifest in several measurements. If they propagate within a plant they are defined

as plant-wide disturbances. If they propagate also to utilities of a process site, they are defined as

site-wide disturbances. Previous literature has focused on plant-wide disturbances. By contrast,

site-wide disturbances have received little attention so far.

Chapter 1 provided an introduction to the problem, described the impact of the plant-wide and site-

wide disturbances on the operations of a process site, and explained the role of a controller in the

propagation of the disturbance. A controller has to reject a disturbance from the controlled variables

using the manipulated variables. However, when manipulated variables change their values to reject

a disturbance, the disturbance might propagate downstream. The chapter explained there is a trade

off between rejecting a disturbance and avoiding further propagation of the disturbance into other

sections of a production site.

Chapter 1 states also the research aim of the thesis which is ‘Increasing the level of automation

in various areas of a process site by optimizing, given the constraints applied to the process, the

response to fast complex disturbances, examining the trade off between rejection of the disturbance

on controlled variables and avoidance of disturbance propagation’. The thesis proposes to integrate

an algorithm for the forecasting of a disturbance in a Model Predictive Control (MPC). This MPC

framework should optimally manage propagating disturbances.
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The following technical objectives have been specified to achieve the research aim.

1. Review the most important persistent and abrupt disturbances, and their causes, propagating

in a chemical and oil process site with a focus on propagation in steam and electrical utilities

2. Show whether a multistep forecast of persistent or abrupt disturbances is possible using an

amount of industrial data smaller than a few hours and provide a term for the forecastability

of the time series

3. Analyse with new metrics the controller action of MPC controllers used in industrial settings

in terms of disturbance propagation and set-point tracking for persistent and spiky abrupt

disturbances (fast complex disturbances)

4. Propose an MPC with a data-driven multistep forecasting and test whether the disturbance

forecasts obtained in point 2 are good enough in conjunction with a such MPC for realistic

case studies with industrial disturbances

Chapter 2 provided a literature review of MPC and time series forecasting. Chapter 3 to Chapter 6

focused on solving the technical objectives.

Chapter 3 achieved the first technical objective. The work in the chapter provided a review of the

possible causes and propagation mechanisms of site-wide disturbances that affect process plants,

steam utility and electrical utility. It was also defined which are the types of disturbance that the

proposed MPC framework might handle.

Chapter 4 focused on the second technical objective. The chapter successfully showed that a

multistep forecast of persistent or abrupt industrial disturbances is possible with a dataset smaller

than few hours. Indeed, the proposed method, based on 𝑘-nearest neighbours, needs only a few

occurrences of the pattern characterising the disturbance to provide good forecasts.

Chapter 5 and Chapter 6 fulfilled the third and the fourth technical objectives. The chapters showed

the implementation of the MPC with disturbance forecasting on three simulated case studies. It

also showed how certain metrics can be used to assess the behaviour of a controller when handling

process disturbances. Two of these case studies were industrial, a steam boiler and a distillation
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column. Implemented on these industrial case studies,the MPC with disturbance forecasting was

able to dampen the propagating disturbance by up to 65% in the case study of the steam boiler, and

up 95% in the case study of the distillation column when compared to an other MPC strategy used

in industrial settings, which is called Frozen Time MPC. The set-point tracking showed smaller

advantages up to 10% in most cases.

Importantly, the proposed MPC with disturbance forecasting replicates the way plant operators

handle manually process disturbances. The difference is that the operators have to do manual

adjustments over time, while the proposed MPC does these adjustments automatically. This goes

towards the research aim of this thesis, which is increasing the level of automation in process plants

in response to fast and complex disturbances.

Chapter 7 critically evaluated the achievements of the thesis, showing the merits and the limits of the

solutions found, and providing directions for future researchers. The present author thinks that most

important areas of future research are improving the quality of the disturbance prediction, testing

the MPC with disturbance forecasting on larger systems and assessing its economical benefits,

implementing a system that can adapt the sampling to be used for controller and disturbance

algorithm, and integrating control strategies with root cause analysis of plant-wide and site-wide

disturbances. These can be interesting topics that have great potential for increasing the level of

automation in process plants.
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