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19th Nordic Process Control Workshop

Welcome to the 19th Nordic Process Control (NPC) Workshop. The tutorial and work-
shop is held at 13-16 of January 2015. The topic of the tutorial on 13-14 January is
Practical MPC and is presented by Prof. B. Wayne Bequette. This year’s NPC work-
shop on 15-16 January is held on the Coastal Steamer “Richard With” from Trondheim
to Bodg. The objective of the workshop is to bring together the NPC community, and to
provide a rather informal forum for presenting recent and ongoing work in the process
control area. The presentations may concern new results, ongoing research, planned
research or open problems. The workshops are organized once every one and half year
and the venue alternates between Denmark, Finland, Norway and Sweden.

The workshop is organized by the Nordic Working Group on Process Control which
currently consists of the following members:

Prof. Sigurd Skogestad, NTNU, Norway

Dr. Jeno Kovacs, Foster Wheeler Co., Finland

Dr. Elling W. Jacobsen, KTH, Sweden

Dr. John Bagterp Jgrgensen, DTU, Denmark
Prof. Sirkka-Liisa Jamsa-Jounela, Helsinki Univ. Tech., Finland
Dr. Jan Peter Axelsson, Pfizer, Sweden

Prof. Kurt Erik Haggblom, Abo Akademi, Finland
Prof. Bjarne Foss, NTNU, Norway

Dr. Annika Leonard, Vattenfall, Sweden

Dr. Alf Isaksson, ABB, Sweden

Prof. Bernt Lie, Telemark Univ. College, Norway
Dr. Hans Aalto, Neste Jacobs, Finland

Dr. Bjgrn Glemmestad, Yara, Norway

Prof. Tore Hagglund, Sweden

Dr. Gurkan Sin, DTU, Denmark

Mr. Tommy Mglbak, Dong Energy, Denmark
Docent Torsten Wik, CTH, Sweden

Dr. Krister Forsman, Perstorp, Sweden

The NPC Working Group awards the “Nordic Process Control Award” to people who
have made a lasting and significant contribution to the field of process control. The 2015
Nordic Process Control Award is given to Professor Rudolph Kalman (unfortunately, he
cannot come in person, but we have made a nice interview which will be shown). The
previous years recipients were,



Howard H. Rosenbrock (Aaland, Finland, August 1995)
Karl Johan Astrgm (Wadahl, Norway, January 1997)

F. Greg Shinskey (Skeviks Gard, Stockholm, 24 August 1998)
Jens G. Balchen (Lyngby, Denmark, 14 Jan. 2000)
Charles R. Cutler (Abo, Finland, 23 Aug. 2001)

Roger W. Sargent (Trondheim, Norway, 09 Jan. 2003)
Ernst Dieter Gilles (Gothenburg, Sweden, 19 Aug. 2004)
Manfred Morari (Lyngby, Denmark, 26 Jan. 2006)
Jacques Richalet (Espoo, Finland, 23. Aug. 2007)

John MacGregor (Porsgrunn, Norway, 29 Jan. 2009)
Graham Goodwin (Lund, Sweden, 26 Aug. 2010)
Lawrence T. Biegler (Lyngby, Denmark, 26 Jan. 2012)
James B. Rawlings (Oulu, Finland, 22 Aug. 2013)

The Process Control Group and PROST at the Department of Chemical Engineering,
Norwegian University of Science and Technology, is responsible for the local arrangement
this year. The local organizing committee consists of the following members:

Sigurd Skogestad
Johannes Jaschke
Chriss Grimholt
Vladimiros Minasidis
Vinicius de Oliveira
Adriana Reyes-Lua
Julian Straus

On a final note, we wish you all a great workshop ®
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Program outline

Tutorial: Practical Model Predictive Control by B. Wayne Bequette

Tuesday 13/01

09:00-10:45
11:00-12:30
12:30-13:30
13:30-15:00
15:15-15:45
15:45-16:15
16:15-17:00
20:00

Theory:
MATLAB:
Lunch
Theory:
Exercise:
MATLAB:
MPC:
Social event

Wednesday 14/01

09:00-10:45
11:00-12:30
12:30-13:30
13:30-17:00
20:00-22:00

Workshop

MPC:
MATLAB:
Lunch
MPC:
Social event

Thursday 15/01

08:40-09:00
09:00-10:20
10:20-10:50
10:50-12:30
12:30-13:40
13:40-15:20
15:20-16:40
16:40-18:00
18:00-18:30
20:00

Friday 16/01

08:10-10:10
10:10-10:40
10:40-12:40
12:40-14:40

Welcome

Oral presentations 1:
Coffee break

Oral presentations 2:
Lunch break

Oral presentations 3:
Poster session

Oral presentations 4:
NPC award:

Dinner

Oral presentations 5:
Coffee break
Oral presentations 6:

Introduction to Practical MPC
Implement discrete internal model control (IMC)

Introduction to Practical MPC' (cont.)
Derive coincidence point control
Implement co-incidence point control
Disturbance Rejection

“Happy popsicles in Trondheim”

Constrained QMPC
Implement QMPC

Applications
“Informal get-together and a beer at Trondhjem Mikrobryggeri”

Industrial Process Control
MPC and Optimization
PID and Decentralized Control

Applications
Rudolph Kalman Interview (video)

Power and Bio Applications

Modelling and Identification

Lunch and disembarkation



Technical program

Thursday 15/01

08:40-09:00 Welcome and Introduction
Chair: Sigurd Skogestad, NTNU

09:00-10:20 Oral presentations 1: Industrial Process Control
Chair: Bjarne Foss, NTNU

1. The “hidden” process control discipline and its link to operational profit for oil-

and gas production
Olav Slupphaug, ABB, Oslo, Norway

2. Industrial control structures practice: some observations
Krister Forsman, Perstorp AB, Sweden

3. Control of granulation processes
Bjorn Glemmestad, Vidar Alstad, Trude Odberg Nysaeter
Yara, Porsgrunn, Norway

4. Improved Feed Control with Feed-forward for Producing Aggregates
Pasi Airikka, Metso Corporation, Tampere, Finland

10:20-10:50 Coffee break
10:50-12:30 Oral presentations 2: MPC and Optimization
Chair: Kurt Higgblom. Abo Univ.

5. Optimal control of uncertain systems using Dual Model Predictive Control (DMPC)
Tor Aksel N. Heirung*, B. Erik Ydstie** and Bjarne Foss*
* Dept. of Chem.Eng, Carnegie Mellon University, USA
** Dept. of Engineering Cybernetics, NTNU

6. Efficient solvers for soft-constrained MPC
Gianluca Frison, John Bagterp Jorgensen
Technical University of Denmark, Denmark



7.

Sensitivity-based economic model predictive control
Johannes Jaschke, Xue Yang, Lorenz T. Biegler
NTNU & Carnegie-Mellon University, Pittsburgh, USA

On the Convergence Rate of Extremum Seeking Control
Olle Trollberg and Elling W. Jacobsen
Automatic Control, KTH, Stockholm

Model Predictive Control of Pasteurization Processes
Patrick Hammer and Martin Mayer
evon GmbH, Gleisdorf, Austria

12:30-13:40 Lunch break
13:40-15:20 Oral presentations 3: PID and Decentralized Control

Chair: Elling Jacobsen, KTH

10.

11.

12.

13.

14.

Software-based optimal PID design with PI versus PID performance comparison
Olof Garpinger and Tore Hagglund
Department of Automatic Control, Lund University, Lund, Sweden

Industrial setup for autotuning of PID controllers in large-scale processes: Applied
to Tennessee Fastman process

Selvanathan Sivalingam and Esmaeil Jahanshahi

Technology & Innovation Department, Siemens AS, Trondheim, Norway

Derivative Backoff: A Process Value Saturation Problem for PID Controllers
Alfred Theorin and Tore Hagglund
LTH, Lund, Sweden

Wireless process control - Handling of variable latency and sampling rates in PI
controllers

Ivar J. Halvorsen, SINTEF, Applied Cybernetics, Trondheim

Reconfiguration of Decentralized Controllers Using Closed-Loop Sensitivity Factor-
1zation

Wolfgang Birk

Control Engineering Group, Lulea University of Technology, Sweden

15:20-16:40 Poster session
16:40-18:00 Oral presentations 4: Applications

Chair: Tore Hégglund, Lund Univ.

15.

A mid-ranging control strateqy for non-stationary processes and its application to
dissolved oxygen control in a bioprocess



16.

17.

18.

O. Johnsson*, D. Sahlin**, J. Linde**** G. Liden***, T. Hagglund*
* Department of Automatic Control, Lund University, Sweden

** Novozymes A /S, Denmark

*#% Department of Chemical Engineering, Lund University, Sweden

Integrated Process Design and Control of Reactive Distillation Processes

Seyed Soheil Mansouri*, Mauricio Sales Cruz**, Jakob Kjsbsted Huusom®, John
M. Woodley™, Rafiqul Gani*

* DTU, Lyngby, Denmark

** UAM, Mexico

A Mean-Variance Objective for Robust Production Optimization in Uncertain Ge-
ological Scenarios

Andrea Capolei®, Eka Suwartadi®, Bjarne Foss®, John Bagterp Jorgensen®
Department of Applied Mathematics and Computer Science & Center for Energy
Resources Engineering, Technical University of Denmark, Lyngby, Denmark.
bDepartment of Engineering Cybernetics, NTNU, Trondheim, Norway

Modelling and Model Predictive Control of ESP lifted wells
Alexey Pavlov, Dinesh Krishnamoorthy, Elvira Marie B. Aske, Kjetil Fjalestad
and Morten Fredriksen. Statoil Research Centre, Norway.

18:00-18:30 NPC award: Rudolph Kalman Interview (video)

Chair: Sigurd Skogestad, NTNU
Interview (video) by Johannes Jaschke, NTNU

20:00—¢ See Problem (Dinner)

... B d
i, U ) (Dinner)
subject to t < 16/01 08:10 am

®



Friday 16/01

08:10-10:10 Oral presentations 5: Power and Bio Applications

Chair: John Bagterp Jgrgensen, DTU

19.

20.

21.

22.

23.

24.

Remote light stress detection for greenhouse LED lighting control
Anna-Maria Carstensen, Torsten Wik and Tessa Pocock
Department of Signals and Systems, Chalmers University of Technology, Sweden

Fault tolerant model predictive control for the BioPower 5 CHP plant
J. Kortela and S-L. Jamséa-Jounela
Aalto University School of Chemical Technology, Finland

Relative Gain Measures for Once-through Circulating Fluidized Bed Boiler Control
Design

Matias Hultgren®, Jené Kovéacs** and Enso Tkonen*

* Systems Engineering Laboratory, University of Oulu, Finland.

** Foster Wheeler Energy Ltd, Varkaus, Finland.

Model-based optimal design and control of an anaerobic digestion reactor
Finn A. Haugen
Telemark University College, Porsgrunn, Norway

A study on the combustion dynamics of a biomass fuel bed in a BioGrate boiler
LA. Boriouchkine , 2V. Sharifi, 2J. Swithenbank and 'S.-L. Jims&-Jounela,

1 School of Chemical Technology, Aalto University, Finland;

2 University of Sheffield, Department of Chemical and Biological Engineering, UK;

Investigation of tuning of a fuzzy-logic control for biological wastewater treatment
systems

Riccardo Boiocchi, Krist V. Gernaey and Giirkan Sin

Chemical Engineering, DTU, Lyngby, Denmark

10:10-10:40 Coffee break
10:40-12:40 Oral presentations 6: Modelling and ldentification

Chair: Sirkka-Liisa Jamsa-Jounela, Aalto Univ.

25.

26.

Dynamic modelling of a multiple hearth furnace for kaolin calcination
Aleksi Eskelinen, Alexey Zakharov, Sirkka-Liis and Jamséa-Jounela
Aalto University, Research group of Process Control and Automation, Finland

A Continuous-Discrete Extended Kalman Filter for State and Parameter Estima-
tion in People with Type 1 Diabetes

Dimitri Boiroux™?, Vladimir Bétora?, Morten Hagdrup®, Tinna Bjérk Aradéttir?,
Caroline Johannsen', Marfan Tarnik?, Jén Murgas®, Signe Schmidt®*, Kirsten



Ngrgaard?, Niels Kjglstad Poulsen', Henrik Madsenl and John Bagterp Jorgensen!

1 Technical University of Denmark, Kgs. Lyngby, Denmark

2 Danish Diabetes Academy, Odense, Denmark

3 Slovak University of Technology, Bratislava, Slovakia

4 Department of Endocrinology, Hvidovre Hospital, Denmark

27. Output-Error System Identication in the Presence of Structural Disturbances
Amir H. Shirdel, Jari Béling, Hannu T. Toivonen
Department of Chemical Engineering, Abo Akademi University, Finland

28. Iterative Sub Network component analysis
Nadav Bar, Lasse Aasgaard and Naresh D. Jayavelu
Department of Chemical Engineering, NTNU, Trondheim

29. Balanced input excitation for identification of ill-conditioned n x n systems with
n>2
Ramkrishna Ghosh, Kurt E. Haggblom and Jari M. Boling

Department of Chemical Engineering, Abo Akademi University, Finland

30. Advanced optimization of C5 and C6 fermentation by the use of state estimators
with pH measurements
Miguel Mauricio-Iglesias, Krist V. Gernaey and Jakob K. Huusom.
CAPEC-PROCESS, Department of Chemical and Biochemical Engineering, DTU.
Lyngby.
12:40-13:40 Lunch

13:40 Farewell and Disembarkation at Bodg

Honk goce all
Ron fpnge |



Posters (Thursday and Friday)

P1 Self-tuning of predictive controller based on step response model in real-time frame-
work
Dejan Dovzan, Igor Skrjanc
Faculty of Electrical Engineering, Ljubljana, Slovenia

P2 Modeling the Automotive SCR Catalyst
Andreas Aberg*, Anders Widd**, Jens Abildskov* and Jakob Kjgbsted Huusom*
* DTU, Lyngby, Denmark
** Haldor Topsge A/S, Lyngby, Denmark

P3 A Trajectory-based Bumpless Switching Control of Multi- Evaporator Air-Conditioning
Systems
Tushar Jain', Joseph J. Yame?
1 Aalto University, School of Chemical Technology,Finland
2 Université de Lorraine, Vandoeuvre-les-Nancy, France

P4 Active Disturbance Rejection Control of the Newell-Lee forced circulation evapora-
tor — a simulation study
Rainer Dittmar, West Coast University of Applied Sciences at Heide, Germany

P5 Nonlinear Model Predictive Control of a High-Pressure Polyethylene Tubular Re-
actor in Stenungsund, Sweden
Staffan Skalén and Fredrik Josefsson
Advanced Process Control group, Borealis AB, Stenungsund, Sweden.

P6 Automation experiences during projects in Abu Dhabi
Staffan Skalén
Advanced Process Control group, Borealis AB, Stenungsund, Sweden.

P7 Enabling High-Performance Industrial Embedded Model Predictive Control using
Code Generation and High-speed Solvers
D. K. M. Kufoalor*, B. J. T. Binder*, L. Imsland*, T. A. Johansen*, G. O.
Eikrem**, A. Pavlov*
* Department of Engineering Cybernetics, NTNU, Trondheim, Norway
** Statoil ASA, Rotvoll & Porsgrunn.

P8 Model Selection and Estimation of Neural Networks by Using Weight Dropout
Mikael Manngard and Jari M.Boling
Department of Chemical Engineering, Abo Akademi University, Finland



P9

P10

P11

P12

P13

P14

P15

P16

P17

P18

Using Fluorescence as Control Parameter to Decide Optimal Light Spectrum for
Plant Growth

Linnéa Ahlman, Torsten Wik and Daniel Bankestad

Department of Signals and Systems, Chalmers University of Technology, Géteborg,
Sweden

Dynamic Effects of Diabatization in Distillation Columns
Thomas Bisgaard, Jakob K. Huusom, Jens Abildskov
CAPEC-PROCESS, Technical University of Denmark, Lyngby, Denmark

Fault propagation analysis by merging process causality and plant topology
R. Landman, J. Kortela and S-L. Jims&-Jounela
Aalto University, Process Control and Automation Research Group, Finland

Relative Gain Array Estimation Based on Non-parametric Process Identification
for Uncertain Systems

Ali M. H. Kadhim*, Wolfgang Birk and Thomas Gustafsson

Control Engineering Group, Lulea University of Technology, Sweden

Convex optimization as a design tool for feedforward controllers
Martin Hast and Tore Hagglund
Department of Automatic Control, Lund University, Sweden

Autotuning Based on Asymmetric Relay
Josefin Berner, Karl Johan Astrém and Tore Higglund
Department of Automatic Control, Lund University, Sweden

A reduced observer design for a freezing process
Christoph Josef Backi and Jan Tommy Gravdahl
Department of Engineering Cybernetics, NTNU, Trondheim

Decoupling approach in fluidized bed combustor control

Szabd, 7.*%, Kovécs, J.**, Szentannai P.*

* Budapest University of Technology and Economics, Department of Energy En-
gineering Budapest, Hungary

** University of Oulu, System Engineering Laboratory, Oulu, Finland

A performance optimization algorithm in fault tolerant distributed model predictive
control

Alexey Zakharov, Elena Zattoni, Miao Yu and Sirkka-Liisa Jamséa-Jounela

Aalto University, Department of Biotechnology and Chemical Technology, Finland

Modeling Vapor Compression Cycles for Dynamic Simulation of Supermarket Re-
frigeration Systems

S. N. Mohd. Azam ¢, R. Izadi-Zamanabadi ?, J. B. Jorgensen ¢

a Department of Applied Mathematics and Computer Science, Technical University
of Denmark, Lyngby, Denmark

b Danfoss A /S, Electronic Controllers & Services, DK-6430 Nordborg, Denmark



P19

P20

P21

P22

P23

P24

P25

Data Reconciliation method for improving performance and reliability of MPC' con-
trol strategy for a BioGrate boiler

Palash Sarkar, Jukka Kortela, Alexandre Boriouchkine and Sirkka-Lisa Jamsé-
Jounela

Aalto University, Process Control and Automation Research Group, Finland

An indirect fuel moisture content estimation approach for BioGrate boilers
Alexandre Boriouchkine®, Miao Yu and Sirkka-Liisa Jams&-Jounela

Aalto University, Department of Biotechnology and Chemical Technology, FI-
00076 Aalto, Finland.

Dynamic Real-Time Optimization for a Reactor, Separator and Recycle Processes
Vladimiros Minasidis and Sigurd Skogestad
Department of Chemical Engineering, NTNU, Trondheim, Norway

Non-robustness and limitations of Smith Predictor Control
Chriss Grimholt and Sigurd Skogestad
Department of Chemical Engineering, NTNU, Trondheim, Norway

Novwel strategies for control of fermentation processes

Lisa Mears!, Stuart Stocks?, Giirkan Sin', Krist V. Gernaey!, Kris Villez?
! Department of Chemical and Biochemical Engineering, DTU, Denmark
2 Novozymes A /S, Pilot plant, Denmark

3 Eawag: Swiss Federal Institute of Aquatic Science and Technology,
Dibendorf, Switzerland

From Tweets to Optimality in the Smart and Sustainable Factory
Bengt Lennartson
Chalmers University of Technology, Goteborg, Sweden

Optimal Controller Design for Balancing Input/Output Disturbance Rejection Re-
sponse with Robust Stability Condition

Bo Sun

School of Electronic Information and Electrical Engineering, Shanghai Jiao Tong
University.



Oral presentations 1

Industrial process control

Chair: Bjarne Foss, NTNU

Presentations:

1. The “hidden” process control discipline and its link to operational profit for oil-

and gas production
Olav Slupphaug, ABB, Oslo, Norway

2. Industrial control structures practice: some observations
Krister Forsman, Perstorp AB, Sweden

3. Control of granulation processes
Bjorn Glemmestad, Vidar Alstad, Trude Odberg Nysaeter
Yara, Porsgrunn, Norway

4. Improved Feed Control with Feed-forward for Producing Aggregates
Pasi Airikka, Metso Corporation, Tampere, Finland



The “hidden” process control discipline and its link to
operational profit for oil- and gas production

Olav Slupphaug

ABB, (e-mail: olav.slupphaug @no.abb.com)

Abstract: The dynamic process behavior is fundamental to regularity and integrity - high level
Key Performance Indicators of any production asset, including oil- and gas production assets. In
other words, process behavior - or, the way flows, pressures, temperatures, levels, rpm, valves,
and compositions in the production system vary as a function of time — is key to the operational
profit. The process should behave in such way that the operators find it easy to operate, it
causes few unnecessary alarms, a minimum of unplanned shut downs are caused, and
unnecessary equipment weir is avoided. We will present a possible decomposition of the
process behavior and argue that what might be seen as the process control discipline,
specialized in efficiently sorting out dynamic process behavior issues, is “hidden” - at least
when it comes to upstream oil- and gas. Following this, we discuss what we have experienced
are key competencies when it comes to process control, and describe some typical process
control activities as well as typical value creation related to process behavior improvements.
Before summarizing, we present some real world example process behavior problems,
solutions, and associated value creation estimates (generally the sites will be anonymous).
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Abstract. The task of choosing the “right” control structure for a given process in a chemical
industrial plant is often as interesting and creative as it is frustrating. The combinations of unit
operations or apparatuses are endless, and only a few standard processes have been studied in the
literature. There seems to be no general algorithmic procedure for designing a classical control
structure for a given process. We review some control structures used in the process industry, relating
to practical applications. The focus is on issues that are not very well known in literature, but may be
handled by modifications to the classical schemes. Examples include different versions of cascade
control, dual actuator control, ratio control and conditional control. We also give some advice on how
to analyze these types of questions theoretically.

Keywords: multivariable control, cascade control, dual actuator control, ratio control

Introduction

We consider control problems where there is not just one manipulated variable (MV, denoted «) and
one controlled variable (process value, PV, denoted y). These can often be handled by connecting

several controllers and calculations in various combinations. Many aspects of this are covered in [4],
[8] and [11].

Model predictive control (MPC) is a well established and commonly used technology in parts of the
process industry. So why not just use MPC for all multivariable control problems? As argued in [8],
the amount of modeling work required to configure an MPC controller grows rapidly with the number
of variables, whereas most classical structures do not require a full model.

However, if the suggested “classical” solution contains several non-linearities, such as limiters and
selectors, it is probably a good idea to consider MPC instead. The classical solution easily becomes
intransparent and hard to maintain and optimize. An example of this is so called cross-limiting,
sometimes used in boiler control [10]. Furthermore, if the cross couplings in the process are very
strong, and there are more than two MVs and CVs, MPC is probably superior.

Cascade control

The cascade control structure most commonly used today is the one depicted in Figure 1. We refer to
it as the “textbook” cascade controller. This structure only works well if the slave loop (controller C5)
is significantly faster than the master. If the separation in the frequency domain is too small, the
overall system typically becomes unstable.

dy d,

uy=n L) Y2
r — o} G, P, + P, »

Figure 1: Textbook cascade control structure

A potential disadvantage with the textbook structure is that even if the separation between master and
slave is big enough to keep the system stable, the master controller reacts to a disturbance that enters
at the slave level (d, in Figure 1). The result is an undershoot in master PV as showed in Figure 2.

If we wish to decouple the action of the master and the slave controller we can use the structure
showed in Figure 3. This structure is briefly described in [4], but not analyzed in depth. Calculations
of the type described in the appendix show that choosing F, =P, the transfer function from d, to u,

becomes zero, as we wanted.
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Master SP and PV |

180

Figure 2: Cascade control. Response to a step disturbance on the slave loop MV.

This structure has some severe disadvantages, though. The transfer function from d, to y; is

L)
1+C,P. S
272
The specification for this transfer function is that it should have zero steady state gain, i.e. it should be
of the type s"pl—ES; where k>0 and p; and p, are polynomials such that p,(0)#=0. Now, if P; is
po\s

integrating, and C, has one integration or less, then k<0, and a step disturbance in d, produces a steady
state error in the master loop. In fact, any dynamics present in P; will not be addressed by the master
controller, if the disturbance enters as d,. (Of course, this is what we asked for!)

d dy

L5] Y2
+ P, + P, »

rl T T t -

Figure 3: Cascade control with internal decoupling.

In this context we also mention a different version of cascade control, depicted in Figure 4. Here, the
block G, is a filter, and does not have a setpoint. It may be seen as a “feedforward” from the slave PV,
even though that is an abuse of the term “feedforward”.

This structure seems to be older than the textbook structure. It is not internally stable if C, has an
integration, as can be seen from several of the transfer functions derived and analyzed as described in
the appendix. This may be the reason why it is sometimes said that the slave controller in a cascade
should not have integral action, even though that is not true for the textbook version.



3(6)
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Figure 4: Cascade control without inner setpoint.

Dual actuator control
By dual actuator control we mean control structures for processes with two MVs affecting the same
PV. There are many applications where this issue may arise, e.g.

e two stage dilution processes
pressure control in distillation columns using inert gas, with pressurization and venting
temperature control where both the coolant flow rate and temperature can be manipulated
some pH-control systems
pressure control in a steam high-pressure header with shunt valve and vent valve
heat exchanger with bypass valve
so called maximizing control

Depending on control specifications there are different solutions to this problem. Some commonly
occurring structures are

¢ mid-ranging, e.g. valve position control

e parallel control

e gsplit-range control

If we have one high resolution MV and one coarse, and strive for high precision, we wish to keep the
fine MV in the middle of its operating range. This can be done using valve position control (VPC), as
showed in Figure 5. This is one solution to the mid-ranging problem, which is also referred to as input-
resetting [8]. It has been studied in e.g. [1], [2], [7], [9], [11] and various improvements have been
proposed, e.g. the internal decoupling link showed in Figure 6. Since VPC has been studied rather
thoroughly, we do not discuss it further here.

ry = Setpoint for y u,
—_—
C, P,
Small influence
O
+
r, = Setpoint for u, 0
—_—
G P,
VPC Large influence

Figure 5: Valve position control (VPC).
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Figure 6: VPC with inner decoupling.

Another control structure that handles the extra degree of freedom in dual actuator is parallel control,
which comes in a few different flavors. They have in common that each MV has a separate controller,
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and both controllers have the same PV. In Figure 7 we see this, in the case where both controllers have
the same setpoint. This structure is internally stable, even if both C, and C, are PI-controllers.

If one of them is a P-controller and the other one a PI-controller, then we get a structure that addresses
the mid-ranging problem.

1

P,
r y
-] d, b
Uy
P,

Figure 7: Parallel control with common setpoint.
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In Figure 8, on the other hand, where the controllers have different setpoints (r, #r, ), we get internal

instability if both C, and C; has an integration. In practice this means that both controllers will drift off
until one of them reaches the output saturation limit. In some applications, this is a desirable behavior.
For example if one of the actuators uses a resource that is more expensive than that of the other, we
want the expensive one not to be used in normal operation.

Pl
y
>
P2

Figure 8: Parallel control with two setpoints.
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Yet another solution to dual actuator control is to use split range control: there is only one controller
but its output is sent through two look-up tables — one for each valve. Split-range is not discussed a lot
in control literature, but in fact there are several non-trivial aspects of it, e.g. when the two
subprocesses have significant differences in dynamics.

Conditional control

In conditional control, or override control, we have two PVs but only one MV. It frequently occurs
e.g. in steam systems as the one in Figure 9. The pressure reduction valve should normally be used to
keep the LP-header pressure constant, but if the HP-header pressure drops below a critical limit, we
should sacrifice the LP-header pressure to save the boiler from tripping.

Conditional control is usually implemented using two controllers and a minimum or maximum
selector element, determining which controller output to send to the valve. In the steam system above,
the SP for the HP-header PC should be set well below the normal operating pressure of that header.
That PC is the limiting “rescue controller”.

However, that solution suffers from a problem that may be serious: When the rescue controller, which
is normally not affecting the final control element (the valve), is to take over manipulation of the
valve, there is often an undesired delay, because the rescue controller has an output that deviates
substantially from that of the everyday controller normally manipulating the valve. The whole system
is in “limbo”, just waiting for the rescue controller to take over. There are different ways to minimize
this delay, some of which have been described in literature, e.g. [10]. The simplest solution is probably
just letting the rescue controller be a proportional only controller. The rescue controller setpoint is not
intended to be strictly adhered to, anyway.
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Figure 9: Steam system. Application case for conditional control.

Ratio control

Ratio control is a classical scheme for maintaining the ratio between two process variables. If both
variables are controlled, then we have a choice to let the slave controller setpoint be calculated based
on the setpoint or the PV of the master, or even as a weighted sum of them [3]. In theory, it is easier to
make the ratio deviations small by using the master SP rather than PV for calculating the slave SP, but
there are many severe practical disadvantages with that solution.

Another way of making the slave response match that of the master without losing the monitoring of
the master PV is to use PV-based ratio control, but with a feedforward from the master SP. This is
illustrated in Figure 10. The filter F, is non-standard. Often, it is sufficient to use a lead-lag
compensator here. A small disadvantage is that the gain in F; depends on the desired ratio ¢.

d,

u y
2 ¢ —é}— P,

G, Py

]

Figure 10: PV-based ratio control with additional feedforward from setpoint.

Appendix: General analysis of multivariable control structures

The analysis of block diagrams is crucial in the study of control structures. Here we summarize some
basic principles that are not new, but also not particularly well known.

In order to determine all transfer functions in a block diagram, the easiest way is probably to write
down one equation for each block, considering the internal variables (outputs of the blocks) as
“unknowns”, the scalar transfer functions of each block as “coefficients” and external inputs as
“parameters”. In this way we get a set of linear equations represented by a square matrix. The example
below shows the equation for the textbook cascade control scheme (Figure 1).

u 0 0 0 -C C,
C -C 0
x=|" x=| 2 2 X+ r+ d, + d,
Y 0 P, 0 0 P,
] 0 P, 0 0 P,
L J
Y
F b, b, b,
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The solution to this equation is of course
x=(I-F)' (b, +b,d, +b,d,) ()

which gives us all the transfer functions. The adjugate matrix expression for the matrix inverse, tells us
that the denominator for all transfer functions is 1/det(/ — F), except for possible cancellations. All
these calculations are easy to make using some symbolic math software. These observations are
captured, in quite a different formulation, by “Mason’s rule” [6], originally stated in [5]. It is worth
noticing that the F-matrix is closely related to the adjacency matrix of the block diagram considered as
a directed graph.

Thus we have expressed all the system transfer functions as rational functions of the block transfer
functions. We want to study what type of controllers are feasible in which position, e.g. proportional
only vs PI-control, and whether integrating processes can be handled by the structure in question. To
& P (S)

P> (S )
p.(0)#0. Then the integer k is uniquely defined. Some straight forward rules for how k behaves under

do this, write all transfer functions in the form s where p; and p, are polynomials such that

multiplication, division and addition can be derived, and control specifications can be formulated in
terms of & for different system transfer functions. The limited space available here does not allow for a
full review of these techniques, so we just mention some caveats:

In some cases, the conditions thus obtained are only necessary

e The behavior of the k-value under addition is complex, except in the “generic” case (no
cancellation of coefficients can occur).

¢ In the above formulation, the technique only works for rational transfer functions, i.e. e.g. no
time delays are allowed. This restriction can probably be overcome without too much
modification.
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The purpose of granulation is to make solid particles (granules) from a slurry that is crystallizing. This
presentation describes one common granulation process in the fertilizer industry, and shows a
recent example where one simple additional control loop improved performance in a full-scale plant.

A simple sketch of a typical granulation process (or granulation loop) is shown in the figure below.

Recycle

Granulation drum
Slurry feed

Screens
Oversize material
Product

Crusher
Undersize
material @@

Figure 1. Simple sketch of typical granulation loop

A slurry with liqguid ammonium nitrate and dissolved minerals is sprayed into the granulation drum
together with atomizing air and recycled particles acting as seeds for new granules. The detailed
chemical and physical processes in the granulator are not fully understood, but it is clear that a
significant part of the slurry droplets are hitting existing particles and crystallizing so the particles are
growing. Some of the slurry droplets may also form seed particles by crystallizing or by acting as
‘glue’ for recycled very fine particles (dust) that is agglomerating and forming new seed particles.
From the granulator the granules are entering the drier to become less sticky.

The granules out of the drier have a particle size distribution that is wider than the size specification
of the product. Typically, most of the product size material is taken out as product, while the
granules that are too small are recycled with the crushed oversize granules. In some plants, a
significant part of the product size material is also recycled. The total recycled stream can be several
times larger than the product stream. Some granulation loops show oscillatory behavior (limit
cycling) during operation and this may limit the production capacity. Typically the cycle time is a few
hours and there are oscillations in particle size distribution of material out of the granulator.

The specific example in this presentation is a fertilizer plant in Yara where the limit cycles were a
bottleneck for the production capacity for some products. This plant had a possibility to recycle
product size material via the crushers (there are two crushers in parallel). This is not shown in the



sketch above. It may seem counter-productive to crush and recycle product material since this can
be taken out as product and sold directly.

It was decided to implement a simple feedback controller (PI) to have stable total feed to both
crushers, in order to have more stable flow of seed particles recycled to the granulator. This made
the granulation loop more stable. Only two days after the test of the new controller started the
production rate was increased with more than 20% compared to the highest previous production for
a period of more than 24 hours.
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Abstract: An aggregate production process comprises of crushing and screening blasted rock material
into several targeted end-product aggregate fractions measured in size and shape. The aggregate
production process typically starts with human-based rock feeding onto a feeder. Depending on an
aggregate plant layout, rock material is fed by either a dumper or an excavator operator. As soon as the
rock material is spread on a feeder, the feeder starts carrying the material forward. Surprisingly, most of
the feeders operate with relay-based on/off controls lacking PI(D)- or PPI(D)-controllers and good
control performance. And, furthermore, there is no measured information on the volume that a feeder
carries forward to the crushing and screening process. In this paper, a real implemented case is presented
on improving feed control with properly designed predictive PI control with feed-forward control using

the on-line measured feeder material volume.

Keywords: Automatic control, predictive PI, feed-forward, feeder, aggregate, crushing and screening.

1. INTRODUCTION

A typical aggregate production plant, such as a quarry,
produces hundreds of thousands or millions of tons of
aggregates annually. The produced aggregates are separated
already in the production process resulting in different piles
of aggregates measured in size (millimeters). The raw
material to produce aggregates is often on-site blasted rock.

The aggregate production process is primarily crushing and
screening particles of different sizes and moving them
between consecutive crushing circuits (see 2. Appendix).
Typically, there are two to three crushing circuits: primary,
secondary and tertiary but the plant layout does not have to
be limited to this plant layout structure. Typical process
equipment are crushers, screens, conveyors, feeders, hoppers
and silos.

One thing being in common in any aggregate production
process is material (rock) feeding. To start with, there is
human-based feeding by dumpers or excavators which can be
instructed but not automated. An operator feeds or dumps the
rock material onto a feeder which is actually the first
stationary process equipment which can be controlled. And,
furthermore, it is also the most important actuator in the
whole aggregate production process as it also dictates the
production rate measured in tons per hour.

Typically, there are are only simple hardwired interlockings
acting on a feeder. The triggering signal for interlocking is
quite often a volume measurement taken from the first
crusher after the feeder. As soon as the volume (or material
height level) reaches a fixed upper limit, the interlocking is
activated pausing the feeder. Once the volume decreases

below the limit, the interlocking is off and the feeder is
allowed to start feeding again.

There may be also other interlockings action on a single
feeder, however, all these interlockings can be considered
on/off controls from a process control perspective.
Occasionally, a feeder is equipped with a variable speed drive
allowing smooth non-portable operation between pause/stop
and full speed but, in most cases, the feeder is operated at a
fixed speed, no matter if its speed is adjustable or not.

A feeder always comes with a fixed volume capacity. The
instantenous feeder volume, however, is highly dependant on
the human-based feeding cycle. As soon as an empty feeder
is loaded, it carries a lot of tons forward to the process and,
similarly, when reaching the end of the feeding cycle
(typically 2-4 minutes for dumber feeding and 20-30 seconds
for excavator feeding), the feeder volume obviously
decreases. Yet, by default, this information is not available in
hardwired, on/off based or PI/PPI based feed controls.

By adding a sensor for measuring feeder volume on-line and
taking that measurement into account, a feed-forward
controller can be designed to assist a PI/PP controller in feed
control. The relation between feeder volume and its
manipulable speed is non-linear making the design a bit
cumbersome. However, by linearising the first-principle
based process model and simplifying it, the guidelines can be
given for tuning the feed-forward controller.

In this paper, a real case on feed control design with
implementation is presented. An existing feeder was
equipped with a variable speed drive allowing smooth feeder
speed control. In addition to this, an additional ultrasonic
sensor was mounted onto a feeder to measure its volume
(material height, to be precise). This information is extremely
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useful in both ends of the human-based feeding cycle (in the
beginning and at the end) providing assets to the feedback
based feeder control.

Although the feed control concept contains only one actuator,
feeder, there are several control loops involved if all the feed-
related process variables are considered, such as primary
crusher volume, secondary crusher volume and production
rate (measured by a belt scale or indirectly, by measuring
conveyor material height). To accomplish regulation of all
these variables, parallel limiting control loops with min/max
selector are required. Second, there are certain threshold
values (high volumes, high crusher power draws or pressures)
that must stop feeding immediately when active. Third, there
is a slave controller acting on the variable speed drive
receiving its setpoint from the upper master controller.

A dominant characteristic of all the control loops is a
necessity to compensate dead times of the process. Due to
material transportation between and through crushers and
screens, there are dead times that must be considered in
control design. Thus, a predictive PI controller is preferred as
a controller type.

2. APPENDIX

An example of an aggregate production process is illustrated
in figure 1. There is a dumper feeding the process by
dumping the material onto a vibrating feeder. Instead of the
dumper, there may be an excavator feeding the process.

The vibrating feeder is controlled in manual or in auto to feed
a primary crusher where the first crushing of the process
takes place. Primary crushing is about processing large
particles into smaller particles for secondary crushing. Often,
the primary feeder screens fine particles making them bypass
the primary crusher to enter the discharging conveyor of the
primary crusher. The discharging conveyor combines the
crushed feeding material with the bypassed fines.

Dumper

B
_L .

Feed

(vi:thii;]) EI £

Secondary

Inclining crusher

Discharging conveyor

conveyor

Figure 1. A typical crushing and screening process setup for
material feeding.

Next, the crushed material enters an inclining conveyour
feeding a secondary crusher. The secondary crusher crushes
the material into even smaller particles which are taken to

fine crushing circuit. Sometimes, there may be a re-
circulation material flow after the secondary crusher back to
the secondary crushing to get over-sided and non-crushed
material crushed. In this paper, it is assumed that there is no
such a material flow but, instead, the material coming out of
the secondary crusher continues to fine-crushing.

3. REFERENCES

As always, there are references to be referred to but they are
lacking in this abstract. However, the reference list is given in
the full paper.
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Optimal control of uncertain systems using Dual Model
Predictive Control (DMPC)

Tor Aksel N. Heirung* B. Erik Ydstie Bjarne Foss*

We present an adaptive model predictive controller (MPC) for plants with uncertain model
parameters. Inspection of the objective function shows that the adaptive MPC must include
caution and probing in order to generate optimal controls. We propose a dual model predictive
controller (DMPC) that performs better than certainty-equivalence adaptive MPC by integrating
optimal plant excitation with respect to current and predicted parameter estimate errors.

We consider linear models in discrete time with Gaussian disturbances and quadratic perfor-
mance cost. The least-squares estimate provides the model parameters at the current time
given past data. In certainty-equivalence adaptive control these parameters are used directly to
generate the controls by assuming that the estimate provides the best control. However, eval-
uation of our cost function shows that optimal controls are functions of the current and future
parameter-estimate error covariances. The current covariance matrix provides a rationale for
caution, whereas probing can reduce the future covariance matrices. Our proposed determinis-
tic objective-function reformulation provides the optimal combination of caution, probing, and
nominal control.

We demonstrate the application of DMPC to a finite impulse response (FIR) system and present
the deterministic equivalent of the associated stochastic optimal control problem. The advan-
tages of the FIR model includes the compactness of the exact objective function reformulation
and that the covariance predictions are explicit functions of the decision variables. Generaliza-
tions to Laguerre and ARX formulations follow but the computational expense is higher.

In order to facilitate online solution of the DMPC problem we formulate our optimal control
problem in terms of an information matrix that is the inverse of the recursive least-squares
(Kalman) covariance update. We show that the nonconvex optimization problem can be solved
as a quadratic program with bilinear constraints. Although optimization problems constrained
by quadratic equality constraints are not trivial to solve, there exist methods for solving this
class of problem to global optimality that apply to the DMPC problem. We further simplify and
speed up solution by exploiting the symmetry of the information matrix, reducing the number
of variables through decomposition, and using constraints for controls and outputs.

The performance of the controller is compared with adaptive MPC and fixed-parameter MPC. We
discuss the online solution of the optimization problem and the use of local and global solvers.
The simulation examples show that the optimal excitation strategy provides better mean-square
performance than approaches that rely on persistent excitation. Our controller excites the
system just enough to obtain good estimates of the unknown parameters while minimizing the
resulting adverse effect on output regulation. Simulation shows that the parameter estimates
converge quickly and that exact parameter estimates are obtained in the limit even though the
excitation vanishes.

*Dept. of Engineering Cybernetics, NTNU—Norwegian University of Science and
Technology, Trondheim, Norway.
TDept. of Chemical Engineering, Carnegie Mellon University, Pittsburgh, PA, USA.
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Efficient solvers for soft-constrained MPC

Gianluca Frison, John Bagterp Jgrgensen

Abstract— The ability of easily and naturally handling con-
straints is certainly one of the winning features of Model
Predictive Control (MPC). The use of hard output constraints,
however, is often not physically necessary, and furthermore it
can lead to unfeasible optimization problems. One way to avoid
this issue is the use of soft-constraints on the outputs (and more
in generals on the states). In the soft-constrained formulation,
the constraint may be violated, but incurring in a penalty cost:
the optimization procedure thus avoid the violation of these
constraints whenever possible. Soft-constraints are traditionally
handled by introducing a decision variable for each slack
variable associated with the soft-constraints. This increases the
size of the dynamic system variables, and therefore the size
of the optimization problem, and it increases remarkably the
solution time. In this paper, we want to show that IP and
ADMM methods for box-constrained MPC can be modified
to handle the case of soft-constraints on the states, and at
a similar cost-per-iteration. This is obtained by exploit the
special structure of the KKT system of the soft-constrained
MPC problem, avoiding the introduction of additional control
variables. As a consequence, each iteration of the IP or ADMM
methods requires the solution of an unconstrained MPC sub-
problem with the same size as in the case of box-constrained
MPC.

I. INTRODUCTION

Model Predictive Control (MPC) is probably the most
successful advance control technique in industry [6]. It makes
use of a plant model to predict the future evolution of the
plant dynamic and compute an input sequence optimal with
respect to some cost function. At each sampling instant, only
the first input of this optimal sequence is applied to the plant,
before a new input sequence is computed using the latest
measurements: thus, at each sampling instant an optimization
problem has to be solved in real-time. This has traditionally
limited the use of MPC to system with slow dynamic, as
in process or chemical industry. In recent years MPC has
been successfully applied to system with fast dynamic, with
sampling times also in the micro-seconds range [4]: these
improvements are due to both faster hardware as well as the
use of structure-exploiting algorithms.

One of the winning features of MPC is certainly its
ability of easily and naturally handling constraints [5]. How-
ever, the presence of constraints makes computationally-
expensive the solution of optimization problems. Therefore,
algorithms exploiting special constraints formulations (e.g.
box constraints) have been proposed [1], [8]. One drawback
of the use of hard-constraints is that they may make the
optimization problem unfeasible: this is especially true in

Authors are with Technical University of Denmark, DTU Compute -
Department of Applied Mathematics and Computer Science, DK-2800 Kgs
Lyngby, Denmark. Email: {giaf, jbjo} at dtu.dk

the case of output constraints. Furthermore, often the use of
hard-constraints is not physically necessary.

One way to avoid this issue is the use of soft-constraints
on the outputs (and more in general on the states). In this
formulation, the constraint may be violated, but incurring
on a penalty cost. This is usually obtained by introducing
slack variables associated with the soft constrained, and
heavily penalizing them: the optimization algorithm keeps
these slack variables to zero whenever possible, and violates
the constraints only if necessary. Soft-constraints are usually
handled by introducing a decision variable for each slack
variable associated with the soft-constraints. This approach
has the advantage of formulating the optimization problem
in the form of an hard-constrained one. However, this comes
at a cost from a computational point of view: the simple
constraint structure is lost (and thus algorithms for general
constraints must be employed), and furthermore the extra
decision variables enter in the optimization problem as
dynamic system variables, that typically contribute with a
cubic term in the flop count. Recently, a different formulation
has been proposed [7], avoiding the introduction of extra
optimization variables: however, this comes at the cost of
approximating of the soft constraint penalty

In this paper, we propose a different approach. We want to
show that both IP and ADMM methods for box-constrained
MPC can be modified to handle the case of soft-constraints
on the states, and that the flop count increases only by a
linear term. This is obtained by exploit the special structure
of the KKT system associated with the soft-constrained MPC
problem: new optimization variables are introduced for the
slack variables, but these are not additional control variables.
As a consequence, each iteration of the IP and ADMM
methods requires the solution of an unconstrained MPC sub-
problem (accounting for cubic and quadratic terms in the flop
count) with the exact same structure and size as in the case
of box-constrained MPC, and that can be solved efficiently
(21, [3].
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Sensitivity-based Economic Model Predictive Control
Johannes Jaschke, Xue Yang, Lorenz T. Biegler

In recent years, model predictive control has been successfully applied to many large-scale
industrial processes. Because computational power is cheaply available, also nonlinear model
predictive control with economic objective functions has become increasingly attractive (Diehl et
al, 2011). Although optimization algorithms and computers are constantly improving, obtaining fast
and reliable solutions to the underlying nonlinear optimization problem (NLP) remains a challenge,
because models have become more complex, and long computational delays can cause instability.

A popular approach for minimizing computational delays is based on sensitivity updates of the
optimal NLP solution. Here we use information about how the optimal solution changes close to
one optimal point in order to find an approximate solution for the NLP at another point close by.
However, previous work on this approach does either not take changing constraints into account
(Zavala and Biegler 2007), does it in a heuristic way (Lynn et al., 2009, Yang and Biegler 2013), or
assumes very strong regularity conditions (Diehl, 2001).

In this work we first review a method for calculating the NLP sensitivity based on very weak
regularity conditions (Ralph and Dempe, 1995). This result lets us compute the NLP sensitivity also
in case of non-unique multipliers (MFCQ) and changing active sets. The solution point sensitivity is
obtained by solving a quadratic program (QP), and the corresponding multiplier sensitivity is
obtained from the solution of a linear program (LP)

Second, we use this result in a predictor path-following method, where we track the solution of the
NLP along a parameter change (Jaschke et al. 2014). In a model predictive control context this
parameter change generally corresponds to changes in the initial conditions from one sample time to
the next. Our path-following idea is similar to an explicit Euler method, where we subsequently
apply many small sensitivity updates along the path from one initial condition to the next.

At each step along the path we monitor the Lagrangian multipliers and the constraints, in order to
detect changes in the active set. If an active set change is detected, we update the sensitivity
calculations accordingly and continue following the path until we reach the final point.

We demonstrate our path-following method on a CSTR example (Diehl et al. 2011), which has been
modified to exhibit active set changes. Our method is compared with heuristic methods for handling
active set changes, and shows good performance. Directions for future work include adding a
corrector step to our path-following method, and establishing convergence results in order to prove
robust stability of the resulting model predictive controller.
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On the Convergence Rate of Extremum Seeking Control

Olle Trollberg and Elling W. Jacobsen

Abstract— Extremum seeking control (ESC) is an adaptive
optimization method originally proposed for static systems but
later extended to Hammestein/Wiener-like systems and more
recently also to more general dynamic systems. In the latter
case the focus has been on proving convergence and stability
of solutions in the vicinity of the optimum. The proofs are in
general based on combining asymptotic methods like singular
perturbations and averaging, which leads to a three time-
scale factorization of the problem where the control action is
forced to be several orders of magnitude slower than the open-
loop dynamics of the plant. This implies that the convergence
rate will be impractically slow for many applications. In this
paper, we employ Tikhonov theory and averaging to study the
rate of convergence while employing only two time-scales. In
particular, the analysis places no restrictions on the rate of the
gradient estimation and therefore allows for significantly faster
control compared to the conventional approach. The plant is
approximated as a linear parameter varying system (LPV)
which is then used to derive a global quantitative expression for
the convergence rate in terms of the ESC parameters and the
frequency response of the LPV plant. For Hammerstein/Wiener-
like systems, the derived expression is used to show that the ESC
loop behaves like a gradient descent method while it has a more
complex behavior in the general case. Finally, an isothermal
biochemical reactor is used to illustrate the results and some
of the difficulties which might arise in the general case, such
as the fact that the convergence rate can be low locally even if
the gradient of the cost function is large.

I. INTRODUCTION

Extremum seeking control (ESC) based on sinusoidal
perturbations is a powerful adaptive method used to locate
and track the optimal output of a plant, even when no plant
model is available. This is achieved by utilizing feedback
to force the system to a point where an estimate of the
gradient of the cost function is zero. Since the method is
feedback based, it inherits the robustness towards uncertainty
and disturbances which are associated with such methods.
Furthermore, it is also model free, which implies that the
often costly and difficult step of deriving complex models
can be avoided. These strengths combined with a relatively
simple implementation makes ESC a prime candidate for
optimizing complex plants.

ESC was introduced as early as 1922 when it was used
to optimize an application with a static nonlinearity [10]. In
the 50’s and 60’s the method gained in popularity after a
monograph by Draper and Li [6], and was also extended
to dynamic systems of Hammerstein/Wiener type. Over
the years, the method has been implemented in numerous
applications, ranging from optimization of bioreactors [5] to
drag minimization in formation flight [2, Chapter 9]. It is
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thus surprising to note that the field for a long time suffered
from a lack of rigorous results on stability and convergence,
at least for general dynamic systems. In recent years, this
situation has improved significantly after a break-through
stability result by Krsti¢ and Wang [9] (2000), which has
lead to a revival of the field.

During the last decade, much effort has been spent on
proving convergence and stability of ESC for a broad class of
general nonlinear dynamic systems [9], [19], [4]. However,
for ESC to be practically useful, it is not enough that it
converges; it must also do so with a reasonable convergence
rate. For Hammerstein/Wiener-like systems, this topic has
been investigated in e.g., [8] and [11] where it is shown
that under certain assumptions, arbitrarily fast convergence
can be achieved. However, for the broader class of general
dynamic systems, there exist few results on the convergence
rate. The results that do exist are mainly qualitative remarks,
e.g., pointing out that the convergence rate increases with
the magnitude of the ESC-parameters, e.g., [9], [4]. In [19],
the argument is extended to show that there is a trade-off
between convergence rate and domain of attraction of the
optimum in terms of the magnitude of the ESC-parameters.
In [3], error bounds on the deviation from the ideal scheme
approximated by the loop are derived and used as constraints
in an optimization problem serving to maximize the nominal
convergence rate by making the ESC-parameters as large as
possible. However, the results above are mainly qualitative
and valid only under rather restrictive assumptions for which
most dynamic properties of the plant can be neglected.

When studying faster convergence rates, the dynamics of
the plant become essential and must be taken into con-
sideration. By using a different method of analysis where
the plant dynamics are of central importance, we derive a
quantitative expression for the convergence rate in terms
of the ESC-parameters and properties of the plant’s local
frequency response. This gives fundamental insight into
which plant properties are limiting and also how to counter
such limitations. Furthermore, the derived results are globally
applicable and if a model is available the results can be used
to predict the convergence rate. Hence, the derived results
can easily be validated by comparing the prediction with
actual simulations.

The paper is organized as follows: In section II we present
some general assumptions on the plant to be optimized,
introduce the ESC scheme, and briefly discuss how the
convergence rate usually is limited by assumptions. In section
II, we derive an explicit expression for the convergence
rate in terms of the ESC-parameters and properties of the
plant dynamics. In section IV the results are applied to
Hammerstein/Wiener systems and the effect of the plant



dynamics on the convergence rate is discussed further. In
section V we give an example illustrating our results and
some of the difficulties which may arise for general dynamic
systems.

II. BACKGROUND

In this section we state some assumptions on the plant,
introduce the ESC method considered, and finally discuss
briefly how various assumptions can affect the achievable
convergence rate.

A. General Assumptions Regarding the Plant

The input 6 and the output y of the plant is assumed to
be related by a nonlinear state space description:

x:f(xaa)

y = h(z,0), b

where x is the state vector, and f and h are sufficiently
smooth but unknown functions. It is assumed that for each
input 6, there exists a globally stable unique steady state
solution such that

f(z,0)=0

That is, the plant steady states are parametrized by the input
6. The composite function

J(0) = h(i(), )

if and only if x =1(6).

2

is the steady-state input-output map of the plant. J(f) is
assumed to be differentiable, have a unique global maximum
for 6* and be free from local extrema.

B. Extremum Seeking Using Sinusoidal Perturbations

The task of ESC is to locate and track the control input
6* which maximizes the steady-state input-output map J(6).
There exists a great variety of ESC methods in the literature,
e.g., ESC using sliding mode [13], adaptive ESC [7], [1] or
ESC based on numerical optimization [21]. The method we
consider in this paper belong to the classical and most inves-
tigated class of methods based on sinusoidal perturbations,
e.g., [2], [8], [9], [4], [6], [10], [12], [17], [18]. The scheme
is summarized in Fig. 1, which also serves to define the
variables and parameters used in the paper. These are:

- plant output,
- actuated control input,
- nominal control input, the operating point,
— n - high-pass filtered output,
- estimate of the cost function’s gradient,
- perturbation frequency,
- perturbation amplitude,
- integrator gain,
- linear high-pass or band-pass filter,
- linear low-pass filter.

AR Mt Do

S

Essentially, by perturbing the plant input, an estimate of
the local gradient can be extracted and used to drive a
gradient descent scheme. A good introduction to the method
can be found in one of the surveys [15], [16], [5], or
alternatively the monographs [2], [21].

The stability and convergence properties of the loop in
Fig. 1 have in recent years been the subject of numerous
investigations [9], [4], [18]. The focus has mainly been
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Fig. 1. Block diagram of the extremum seeking control loop based on
sinusoidal perturbations.

on showing existence of and convergence to a stationary
solution in the vicinity of the optimum. Such results are
typically derived using a series expansion about the optimum
and a combination of the two asymptotic methods singular
perturbations and averaging theory. The latter combination
typically establishes a three time-scale factorization of the
problem. First, singular perturbations are used to substitute
a static nonlinearity for the plant dynamics under the assump-
tion that the variations in the perturbed control input are slow.
This implies that the perturbation frequency w acts in a slow
time-scale as compared to the plant dynamics. In a second
step, averaging is used to get an autonomous approximation
of the system. However, this requires in turn that the nominal
control input varies in a slow time-scale as compared to the
perturbation frequency w, hence a three time-scale factor-
ization of the problem is established. This line of analysis
has been successful in proving existence, convergence and
stability of stationary solutions in the vicinity of the optimum
[9], [4], [18]. However, from a convergence rate perspective,
the three time-scale factorization is unfortunate since it also
implies that the convergence rate of the nominal control
input must be several orders of magnitude lower than the
slowest dynamics of the plant if the stability results are to
be valid. Hence, we would like to restrict the number of time-
scales in the analysis to allow for faster convergence rates.
Furthermore, the use of a series expansion about the optimum
generally limits the discussion to a local neighborhood of the
optimum which might be less relevant when the convergence
rate is considered.

Avoiding the use of time-scale separation altogether is
probably hard. The reason for this is that the steady state
optimum is a property of the equilibrium manifold, and
in lack of model information, this manifold needs to be
explored. Hence, it is necessary to operate the plant in a
neighborhood of the manifold. Without model knowledge,
the easiest way to ensure that the plant operates in such
a neighborhood is to move the plant slowly enough, on
average, that the natural affinity of the plant for the manifold
keep the states close to it. Note though that the local
exploration of the manifold does not necessarily have to be
slow.

III. CONVERGENCE RATE

We here derive an explicit expression for the convergence
rate in terms of the ESC loop parameters and the local






















































































































































































































































































































































































































































