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Series Editors’ Foreword

The series Advances in Industrial Control aims to report and encourage technology
transfer in control engineering. The rapid development of control technology has
an impact on all areas of the control discipline. New theory, new controllers,
actuators, sensors, new industrial processes, computer methods, new applications,
new philosophies..., new challenges. Much of this development work resides in
industrial reports, feasibility study papers and the reports of advanced collabora-
tive projects. The series offers an opportunity for researchers to present an
extended exposition of such new work in all aspects of industrial control for wider
and rapid dissemination.

Solar energy collectors are rapidly becoming a common sight in the fabric of
urban infrastructure. Many domestic homes are now graced with either water-
based heat-transfer panels or photovoltaic solar panels on their rooftops. In parallel
with these myriad small-scale developments, there are proposals and installations
already active for the industrial-scale harvesting of solar energy. Indeed, to ensure
a significant contribution to the renewable energy mix and to enable the generation
of useful amounts of electrical power, industrial-scale plants are essential.

There are two main process architectures for large-scale thermal solar-energy-
capture systems; either locally focused radiant solar energy is transferred to a heat-
transfer fluid as in the “parabolic trough” process or the solar radiant energy is
globally focused onto a central heat transfer mechanism as in a central (tower)
receiver system. It is the parabolic trough process used in a distributed-collector
solar field (DCSF) plant that is of interest in this monograph Control of Solar
Energy Collector Systems by authors Jodo M. Lemos, Rui Neves-Silva and José
M. Igreja.

Professor Lemos and his colleagues open their monograph with an introductory
chapter that briefly reviews thermal solar plants before focusing on DCSF plants
and their control. This opening chapter also includes a brief review of the control
literature for these plants and a discussion of the organisation of the monograph,
both of which are very helpful to the reader.

A key feature of this type of plant is that it is a distributed-parameter system
with spatially dependent variables, subject to model uncertainty and various types
of external disturbances. The monograph includes a useful discussion of a number
of processes from industry and elsewhere that belong to this class of systems.
These include moisture control, traffic-highway control, glass-tube manufacture,
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viii Series Editors’ Foreword

heating fans, steam-super-heater control and arc welding. Thus, the authors’
methods and approaches to the control of distributed dynamical systems should be
of interest to a wider readership than one simply interested in solar energy
collector control.

This monograph is a valuable contribution to the literature on solar-energy-
collector-plant control. The theory and experimental results presented also dem-
onstrate the value of the MUItiStep Multivariable Adaptive Regulator (MUSMAR)
algorithm that was developed by Prof. Lemos. The outcomes of control approaches
that assume either a black-box model or alternatively use physically based process
models are also illustrated. Finally, the important links with other industrial pro-
cesses and fields make this a significant entry to the Advances in Industrial Control
series.

For the reader interested in the wider solar energy field, the Advances in
Industrial Control series is very fortunate to have the more encyclopaedic text,
Control of Solar Energy Systems by Eduardo F. Camacho, Manuel Berenguel,
Francisco R. Rubio and Diego Martinez (ISBN 978-0-85729-915-4, 2012) within
its imprint. The control of renewable-energy processes is a growing field and the
Series Editors are always pleased to receive new proposals for monograph con-
tributions to this ever-growing field.
Glasgow, Scotland, UK M. J. Grimble
M. A. Johnson



Foreword

The use of renewable energy, such as solar energy, experienced a great impulse
during the second half of the 1970s just after the first big oil crisis. At that time,
economic issues were the most important factor and so interest in these types of
processes decreased when oil prices fell. There is renewed interest in the use of
renewable energies nowadays, driven by the need for reducing the high environ-
mental impact produced by the use of fossil energy systems.

One of the greatest scientific and technological opportunities facing us today is
to develop efficient ways to collect, convert, store solar energy fundamentals and
utilise solar energy at affordable costs. However, there are two main drawbacks of
solar energy systems: (i) the resulting energy costs are not competitive yet and
(ii) solar energy is not always available when needed. Considerable research
efforts are being devoted to techniques which may help to overcome these
drawbacks; control is one of these techniques.

A thermal solar power plant basically consists of a system where the solar energy
is collected, then concentrated and finally transferred to a fluid. The thermal energy
of the hot fluid is then used for different purposes such as generating electricity, sea
water desalination, etc. While in other power generating processes, the main source
of energy (the fuel) can be manipulated as it is used as the main control variable, in
solar energy systems, the main source of power (solar radiation) cannot be
manipulated. Furthermore, it changes in a seasonal and on a daily basis, acting as a
disturbance when considering it from a control point of view.

These types of plants have all the characteristics needed for using advanced
control strategies able to cope with changing dynamics, (nonlinearities and
uncertainties). In order to provide viable power production, parabolic troughs have
to achieve their task despite fluctuations in energy input, i.e. solar radiation. An
effective control scheme is needed to provide operating requirements of a solar
power plant.

During the last 30 years considerable effort has been devoted by many
researchers to improve the efficiency of solar thermal power plants with distributed
collectors from the control and optimization viewpoints. The group of Prof. Jodo
M. Lemos has made a very significant amount of this effort.

The main idea behind adaptive control is to modify the controller when process
dynamics changes. It can be said that adaptive control is a special kind of
nonlinear control where the state variables can be separated into two groups
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x Foreword

moving in two different timescales. The state variables which change more rapidly,
correspond to the process variables (internal loop), while the state components
which change more slowly, correspond to the estimated process (or controller)
parameters.

Since Astrom and Wittenmark first introduced self-tuning control, many works
have appeared in the literature describing new methodological developments and
applications. Although some of these applications come from industry and there
are some commercial adaptive controllers on the market, the technique has not
made it to industry as expected, and even many controllers with adaptive capa-
bilities are working as fixed controllers. The main reason for this slow progression
of adaptive control in industry is that adaptive control, as other advanced control
techniques, requires more knowledge from process operators as it has more tuning
parameters and more concepts to be understood. Another fundamental problem is
that when applied to a real process the two timescales are not as far apart as they
should be and this may be a problem for parameter identification and for assessing
stability. It was shown at the beginning of the 1980s that adaptive control systems
could be unstabilized by small external perturbations or small modelling errors.
Robustness studies of adaptive control systems are, therefore, of paramount
importance.

This book presents techniques to model and control solar collector systems.
The reader will find a good introduction to different types of industrial solar
thermal plants. The modelling of those plants is tackled rigorously and, in par-
ticular, the distributed solar collector plants modeling. This book shows developed
and probed adaptive model predictive controllers (GPC, MUSMAR), not only
through simulation but also through real experiments. Both fixed and variable
operation points are considered with several adaptive controllers designed with a
bank of linear models.

First, the adaptive control is tackled by linear models and afterwards by non-
linear models that are calculated directly or using feedback linearization. The book
ends with a chapter dedicated to tracking variables references. Experimental
results on distributed collector solar fields as well as on plants with similar
dynamics are described, providing practical examples that serve as a guideline to
configure the controllers.

The systematic approach presented in the book will provide a helpful frame-
work for the reader and constitutes an invaluable material for researchers and/or
users of solar systems. The book is mainly aimed at practitioners, both from the
solar energy community and the control engineering community, although it can
be followed by a wide range of readers.

Sevilla, February 2014 Francisco Rubio



Preface

This book addresses methods for adaptive control of distributed collector solar
fields (DCSFs). These systems are plants that collect solar energy and deliver it in
thermal form. Essentially, they are made of a pipe located at the focus of multiple
rows of parabolic concentrating mirrors. The shape of this structure led to the
name “parabolic trough” to designate the technology. Inside the pipe circulates a
fluid (high temperature resistant oil or molten salt) that is heated by solar radiation,
thereby accumulating energy. The thermal energy stored in the fluid may then be
used for several purposes, such as water desalination or electric power generation
in a boiler/turbine plant.

Since solar thermal plants are a “clean” source of renewable energy, the
interest on DCSFs is growing steadily for obvious reasons. Indeed, in recent years,
a significant number of commercial solar thermal plants of the so-called “para-
bolic trough” has been built throughout the world.

In addition to this practical interest, there is a scientific motivation stemming
from the following issues:

1. They are distributed parameter systems, i.e. their dynamics depends on space as
well as on time;

2. Their dynamics is nonlinear, with a bilinear structure;

3. They are uncertain systems, albeit with a structure which can be explored to
design adaptive controllers that yield an improved performance with respect to
“black box” approaches to control.

This book aims to present methods for controller design that meet the diffi-
culties associated with these features, being strongly motivated by the specific
dynamical structure of DCSFs. Considering the degree of uncertainty in plant
dynamics knowledge, we focus on adaptive methods. Furthermore, different
design methods are described that assume various degrees of knowledge about the
plant structure. As such, some chapters are devoted to design methods that assume
only a very limited knowledge about the plant. In order to improve performance,
other chapters address methods that rely on the knowledge of a model, simple
enough to be useful for controller design, but that captures the dominant plant
dynamical features.

Although the book is about control of DCSFs, it does not fully address its
automation in detail, or the optimization of its efficiency from a constructive point
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Xii Preface

of view. Instead, the book concentrates on the problem that consists of, given a
DCSF, how it can be operated so as to perform the correct manoeuvres, ensuring
safe operating conditions and maximizing efficiency. The point of view assumed is
the one of the new emerging area of cyber-physical systems, in which mathe-
matical algorithms interact with physical systems in order to achieve a goal, in this
case energy production.

The book provides a number of examples of plants that bear resemblances with
DCSFs from a structural point of view when their mathematical models are
considered. These examples help to explain how the algorithms described can be
used in other contexts and also to illustrate their limitations and tuning. Indeed, an
interesting feature consists of the fact that the approaches considered can be
applied to other plants described by hyperbolic partial differential equations, in
particular process plants in which transport phenomena occur, such as dryers,
steam super-heaters or even, among other examples, traffic in highways.

Obviously, an important group of readers for this book are control designers
interested in DCSFs. Furthermore, by the reasons explained above, this book can
also be a source of inspiration for engineers dealing with such processes.

From an “academic” point of view, a nice feature of distributed solar fields is
that their dynamics is rich enough to put challenges to the control designer, but at
the same time simple enough to allow analytic work to be done in order to study
the dynamics and use the conclusions reached to design nonlinear controllers.
As such, the book is expected to be of considerable interest to researchers in
control and to postgraduate and even advanced undergraduate students of Control.

Some parts of the book, especially the chapter devoted to dynamics and the
design methods that directly rely on system nonlinear models may be of interest to
applied mathematicians since they provide a case study and a source problem to
illustrate other methods.

An important example, repeatedly used throughout the text concerns an
experimental distributed collector solar field of Plataforma Solar de Almeria,
located in the South of Spain. Indeed, a significant feature of the book consists of
the fact that the control algorithms described are illustrated with actual experi-
mental results performed in this plant.

The material covered is supported by several research projects, developed over
many years, whose results have been published in peer reviewed journals and
conference proceedings and in Ph. D. theses. As such, a number of people in
addition to the authors contributed to the experimental results and the corre-
sponding underlying ideas. The main contributions in this respect were made by
F. V. Coito, who was involved in the initial experiments with MUSMAR,
L. M. Rato, who contributed to dynamic weights in MUSMAR and the application
of Switched Multiple Model Adaptive Control, L. Marreiros who cooperated in a
case study with an air heating fan and M. Bardo who contributed to feedback
linearization and the use of control Lyapunov functions. The data concerning solar
furnaces were obtained in cooperation with B. A. Costa.

INESC-ID provided the first author (J. M. L.) with the conditions, and the
means, to work on this book. The book was partly written within the scope of the
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projects SFERA 1I (project number 312643) and STAGE-STE (project number
609837) supported by the European Commission under the FP7 programme. Part
of the work was supported by contract PEst-OE/EEI/LLA0021/2013.

Finally, the authors must acknowledge and thank the momentum received to
complete this work provided by W. A. Mozart, L. van Beethoven, F. Chopin,
F. Liszt, N. Paganini, F. Schubert, R. Schumann, F. Mendelssohn Bartholdy and
P. I. Tchaikovsky. Without their multidimensional stimulation and encouragement
this book could have never been finished.

Lisbon, Portugal, 2014 Joao M. Lemos
Rui Neves-Silva
José M. Igreja
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Acronyms

ARMAX
ARX
CEP
CNRS
DCSF
DSG
GPC
LMI
LPV

LQ

LQG
MMAC
MPC
MUSMAR
MV
NMPC
OCM
ODE
PDE

PI

PID
PSA
RHC
RLS
SIORHC

Auto-regressive, moving average with exogenous input (model)
Auto-regressive with exogenous input (model)

Certainty equivalence principle

Centre National de la Recherche Scientifique

Distributed collector solar field

Direct steam generation

Generalized predictive controller

Linear matrix inequality

Linear parameter varying

Linear quadratic (controller)

Linear quadratic gaussian (controller)
Multiple model adaptive controller

Model predictive controller

Multistep, multivariable, adaptive regulator
Manipulated variable

Nonlinear model predictive controller
Orthogonal collocation method

Ordinary differential equation

Partial differential equation
Proportional-derivative (controller)
Proportional-integral-derivative (controller)
Plataforma Solar de Almeria

Receding horizon control

Recursive Least Squares

Stable input/output receding horizon controller
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Nomenclature

Model Variables

t Time, [s]
z Space dimension measured along the pipe, [m]
T Fluid temperature inside the pipe, [°C]

Az, 6 Small increment in z, [m]

At, A Small increment in ¢, [s]

Pr Fluid volumic mass, [kg/m’]

Ay Pipe cross section area, [mz]

cr Fluid specific heat, [°C/kg]

R Solar radiation power, [W/mz]

i Fluid flow, [m%s]

u Fluid velocity, [m/s]

o Coefficient of radiation absorption efficiency
o Normalized coefficient of radiation absorption efficiency
T, Ambient temperature, [°C]

L Pipe length, [m]



Chapter 1
Solar Energy Collector Systems

This chapter provides a broad overview of solar thermal energy systems. The aim is
to describe the context of distributed collector solar fields used in plants that apply
parabolic trough technology. Furthermore, the temperature control problem associ-
ated to distributed collector solar fields is explained and the use of adaptive control
to solve it is motivated. In contrast to subsequent chapters that use mathematics to
explain control algorithms and the models upon which they rely, the approach in this
chapter resorts to qualitative explanations together with some plant data to introduce
the main ideas.

1.1 Solar Energy

Solar energy is an important form of renewable energy resource, that is, sources of
energy that do not depend on exhaustable stocks. As such, itis receiving an increasing
research and development interest. In broad terms, solar energy harvesting plants may
be divided into two classes, each associated with different technologies (Boyle 2004;
Miller et al. 2010):

e Photovoltaic;
e Thermal.

Photovoltaic technology produces electrical power from solar radiation by exploit-
ing the so-called photovoltaic effect present in some semiconductors. Although
widely disseminated and raising interesting issues from the control and optimization
points of view, this is not the focus of this book and is not considered further here.
The interested reader may consult (Krauter 2010; Green 2006; Rekioua and Matagne
2012) for further information.

The solar thermal systems of concern in this book transform solar radiation into
heat that is accumulated in a fluid. Using a heat exchanger, this thermal energy may
then be used for different purposes such as water desalination, steam production

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 1
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_1,
© Springer International Publishing Switzerland 2014



2 1 Solar Energy Collector Systems
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for turbine propelling or even applications such as milk pasteurization and air
conditioning.

Needless to say, the interest in solar energy harvesting systems increases during
periods of economic crisis and is boosted by factors such as high prices of oil as well
as other hydrocarbon fuels or growing environment concerns. In 2005, solar thermal
energy accounted for 6.83 % of total world renewable energy and photovoltaic for
0.42 % and these figures are increasing.

Driven by these forces, many national or local administrations are currently pro-
moting the use of solar energy at different levels, from home to the industrial scale.
Correspondingly, a number of companies are advertising products for harnessing
solar energy, in particular to produce thermal energy. Even large companies that tra-
ditionally sell automation and control equipment for "classic" thermoelectric power
plants are now offering in their range of products lines devoted to solar thermal
energy or to thermal power plants with solar energy contributions.

Figure 1.1 shows the world installed concentrating solar thermal power capac-
ity. Although progress stagnated from 1990 till 2005, many new projects have been
started since then. At the industrial level, a number of major projects have been devel-
oped and are currently in progress. In March 2009, the 100 MW Andasol plant located
in Sierra Nevada in southern Spain started operation, with an installed capacity of
100 MWe. This was the first solar plant in Europe to use parabolic trough technology
(explained below), and the second in the world, after the 64 MWe Nevada Solar One
in the United States. A thermal storage system uses a molten salt mixture to store
solar energy captured during the day and allows the operating time to double.

Another example of a large solar energy generating facility using parabolic trough
technology is the Solar Energy Generating Systems (SEGS), consisting of a network
of nine units with a total capacity of 354 MWe, located in the Mojave desert, in the
United States.
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Many other examples of plants starting operation in 2009/2010 or under con-
struction could be indicated, with Spain and the United States leading the list of
installed capacity. Most of them use parabolic trough technology (to which this book
is devoted) or, to a less extent, solar power towers.

1.2 Types of Solar Thermal Plants

Solar collectors may be classified according to temperature in low, medium, or high
temperature. Low and medium temperature collectors are made of flat plates, with
a black background and covered with glass to create greenhouse effect. The fluid to
be heated passes through a pipe that is serpentine inside the plate. Their applications
concern mainly home uses such as swimming-pool heating, for low temperature, or
building heating or air conditioning, for medium temperature.

High temperature collectors concern instead industrial uses, such as energy pro-
duction or material treatment. They include (Miller et al. 2010):

e Distributed collector solar fields;
e Direct Steam generation

e Solar power towers

e Solar furnaces

To this list, one could also add parabolic concentration dishes coupled to Stirling
or steam engines. These are omitted since the description of their operation is outside
the scope of the methods considered in this book.

Distributed collector solar fields are the focus of this book. From a practical point
of view, they are of paramount importance since, as mentioned above, many plants
already in operation, or under construction use the parabolic trough technology.
Some of the control methods described in this book may also be applied to the
other systems. Hence, hereafter we present a concise description of the principles of
operation of the different types of thermal systems, with an emphasis on distributed
collector solar fields.

1.2.1 Distributed Collector Fields

Distributed collector fields form the core of plants using parabolic trough technology.
They are made of parabolic mirrors that concentrate direct incident sun light onto a
pipe where a fluid flows. Figure 1.3 shows an example of a dismounted concentration
mirror. Another alternative is to use Fresnel reflectors that allows reduced construc-
tion costs by the possibility it offers to share a common pipe for several reflectors.
Figure 1.2 shows a schematic view of two reflectors (labeled R; and R;) that share
the same focal line.
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Fig. 1.2 A schematic view a >
of two Fresnel concentrating

mirrors sharing the same focal

line

Fig. 1.3 A dismounted
parabolic mirror concentrating
the incident light at its focus

The fluid used to accumulate energy in thermal form may be either an oil that
can withstand temperatures up to 300 °C or 400 °C, or a molten salt mixture of 60 %
sodium nitrate and 40 % potassium nitrate that is able to reach higher temperatures.
Besides cost reduction, the use of molten salt has a number of technical benefits and
is being used in a number of recent projects. Many plants, however, use oil.

Figure 1.4 shows a distributed collector solar field. The parabolic mirrors are
organized in rows oriented along the East—West direction. The elevation of each row
of mirrors is adjusted by a sun tracking controller. The sun elevation sensors used
for this controller can be seen in Fig. 1.5.

The distributed collector solar field of Plataforma Solar de Almeria (PSA) used
to conduct the experiments described in this book,located in the Tabernas desert in
the south of Spain is a pilot plant that is used in the examples described in this book.
It consists of 480 parabolic mirrors arranged in 20 rows. Each pair of rows forms
a loop. The active part of the pipe corresponds to the segment that is heated by the
concentrators. The part of the pipe that connects the loops with the storage tank does
not contribute to the heating of the plant but is important from a control point of view
because, depending on the process variable being controlled, it may include a delay
in plant dynamics. This field was build for experimental purposes and so its nominal
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Fig. 1.4 A distributed collector solar field

Fig. 1.5 Sun elevation
sensors in distributed collector
solar fields

maximum power is small, just 0.5 MW. As mentioned before, other fields already in
operation in other locations reach 50 MWe or even more when grouped.

As seen in the sketch of Fig. 1.6, the fluid to be heated is extracted at low tem-
perature from the bottom of the storage tank (seen in the background of Fig. 1.4). It
passes through the field where it is heated by solar radiation and returns to the tank,
where it is injected at the top. In the case of the DCSF of PSA in which the experi-
ments described in this book were conducted, the fluid is an oil that can withstand
up to 300 °C. Since the oil has a low heat conductivity, this fluid forms layers of
different temperatures (according to the temperature profile of the incoming oil) that
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Fig. 1.6 Schematic view of a distributed collector solar field showing the heating fluid circuit

do not mix inside the storage tank. This makes energy storage possible in a single
tank where high and low temperature regions coexist.

The flow is ensured by a pump. At PSA, the pump delivers a maximum of 9 1/s.
For safety reasons, the minimum flow is imposed to be 2 1/s. In order to manipulate
the flow of the thermal working fluid, the outlet pipe from the storage tank is provided
with a flow controller, also shown in Fig. 1.6. The flow measure is transmitted to a
PID controller that computes the degree of opening of the valve that manipulates
flow.

From the top of the storage tank (the hotter zone inside the tank), the oil may
then be extracted for use in a desalination plant or to generate steam to feed an
electric turbo-generator. Once the energy is extracted, the cool fluid is re-injected at
the bottom of the storage tank.

The design of Fig. 1.6 has the advantage of decoupling the collection of solar
energy from its use for electricity production. Since energy is stored in thermal
form inside the storage tank, the design mentioned allows, for instance, the produc-
tion of electric power during the night of when solar flux is temporarily interrupted
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Fig.1.7 Simplified schematic view of a distributed collector solar field coupled to a turbo-generator

for persistent clouds. A steam generator may however be directly connected to a
distributed collector solar field, as in the diagram of Fig. 1.7. In this design, there
are two circuits: the fluid circuit and the water/steam circuit. The fluid is heated
in the distributed collector solar field and delivers its energy to a steam generator
comprising a pre-heater, an evaporator (where the water changes phase to steam)
and a super-heater. The steam is then used in a steam turbine coupled to an electric
generator. Typical characteristics of the steam delivered to the turbine are a pressure
of 104 bar and a temperature of 370 °C. The modeling of the solar field is dealt in this
book from a control design point of view (see also the section on literature review,
below in this chapter). Modeling of the steam generation part relies on techniques
known for thermoelectric power plants, see for example (Ordys et al. 1994; Soares
et al. 1997).

1.2.2 Direct Steam Generation

An interesting variant of parabolic trough technology is Direct Steam Generation
(DSG). In DSG, water is circulated in the pipe at the collector focus and is directly
transformed into steam at the collectors. This results in a simpler overall plant design,
requiring lower investment and operation and maintenance costs, and has the advan-
tage of not needing oil, thereby sparing the cost of this element and reducing envi-
ronmental risks. Furthermore, a higher steam temperature is achieved, together with
a higher process efficiency.
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Several experimental projects have been developed since the end of 1980s to
recently. The literature on the control problems associated to direct steam generation
is scarce. An example is Valenzuela et al. (2004) that considers arrangements of
classical controllers for three different configurations:

e Once-through;
e Injection;
e Recirculation.

In the once-through configuration, the water entering the receiver tube is directly
converted into superheated steam whereas in the injection mode there are several
points along the tube where water is injected. In the recirculation structure, a water-
steam separator is placed in the middle of the tube and the resulting water is recir-
culated. The once-through mode is the most difficult to control (Valenzuela et al.
2004, 2005) requiring a combination of proportional-integral (PI), feedforward and
cascade control. The recirculation operation structure is simpler to control. The main
objective of obtaining steam at a specified constant temperature and pressure at the
receiver tube outlet can be achieved by sacrificing the amount of steam produced
(Valenzuela et al. 2006).

A number of difficulties require further progress. These include poor control
performance in the presence of strong and fast solar radiation transients due to clouds,
instabilities of the two-phase flow inside the receiver tubes and the occurrence of
major temperature gradients at the receiver pipes.

1.2.3 Solar Towers

Solar tower fields comprise a single tower on top of which a receiver is located. The
field surrounding the tower is filled with flat mirrors, called heliostats, that reflect the
sun and focus it on the receiver. This is in contrast to distributed collector solar fields,
where the mirrors concentrate the sun radiation along a lengthy focus. As a result, the
temperature achieved with solar towers is higher with respect to distributed collectors
and an increase in the efficiency of the conversion between thermal and electric energy
results. A disadvantage consists in the need of adjusting the heliostat positions along
two axis, whereas distributed collector fields require only one axis, corresponding to
sun elevation. This complicates the design and implies higher construction as well
as maintenance costs.

The receiver contains molten salt that is heated to temperatures above 500 °C.
Figure 1.8 shows a simplified schematic view of a solar tower plant. There are two
main circuits, corresponding to molten salt and water/steam. The molten salt is
pumped from the cold molten salt reservoir up to the receiver, where it is heated
and then goes to the hot molten salt reservoir. The hot molten salt reservoir acts as
an energy storage system. From it, hot molten salt is pumped to provide heat to the
steam generator, and then back to the cold reservoir.
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Fig. 1.8 Schematic view a solar tower plant

The water/steam circuit is similar to other plants. The steam produced by the
steam generator, which by itself is a subsystem with several parts, is used by the
turbine, that can have several bodies that operate at different pressures, with a re-
heater in-between, to convert thermal energy to mechanical energy that drives the
generator.

Although not so common as parabolic trough installations, there are several sig-
nificant examples of plants of solar power type, as well as companies devoted to their
design and construction.

1.2.4 Solar Furnaces

Solar furnaces are highly concentrating plants that yield a high temperature over a
limited area, close to their focus. They are mainly used for material testing and they
may range from relatively small structures to a very large size, such as the Odeillo
furnace of French CNRS plant, located in the Pyrenees.

As shown in the schematic view of Fig. 1.9, a solar furnace is made of the following
parts:

e Heliostats
e Shutter
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Fig. 1.9 Schematic view of a solar furnace

e Parabolic concentrator
e Sample support

The heliostats are computer-driven flat mirrors that track the sun throughout the
day, such that the parabolic concentrator receives the sun beam always along the
same direction. The movement of the heliostats may be defined in either one of two
modes:

e Open loop control, where the heliostat angles are preprogrammed depending on
solar time and the geographic coordinates of the place;

e Closed loop control, in which the angles are selected by a feedback controller that
seeks to keep the mirrors oriented in such a way as to maximize the incoming solar
radiation flux to the parabolic concentrator.

The solar radiation flux reflected by the heliostats crosses the shutter and reaches
the concentrator that focuses it at the area where the sample to be treated is located.

The shutter is the actuator. It is made of blades that rotate along their longitudinal
axis, driven by a motor that receives commands from a computer. In some cases,
the shutter is located such that it interrupts the radiation flux after the concentrator
(but at a point where the temperature is still relatively low). Figure 1.10 shows an
example of this kind of shutter. In any case, the shutter is a nonlinear actuator since,
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Fig. 1.10 The shutter (the white flaps at the center of the image) and the focus of a 6kW solar
furnace where a sample is located handled by a support. The radiation enters from below and the
concentrator is located above the shutter

when the shutter aperture command varies from 0 % (fully closed) to 100 % (fully
opened) the amount of radiation that passes per unit time is a nonlinear function of
the aperture setting. This nonlinearity is exactly known from the shutter geometry
and can however be compensated.

The concentrator can be built either of a single parabolic mirror or of multiple
mirrors, each one a section of a parabola.

In general terms, the control of the furnace consists of manipulating the shutter
such that the temperature at the focus is at the desired value, either kept constant or
closely following a specified reference profile.

The dominant dynamics of the furnace results from an energy balance made at
the material sample placed at the focus for heating and may be represented by the
ordinary differential equation (Berenguel et al. 1999):

Ty = —a(T = T,)) — oo (Ty — T,) + R (L.1)
Here, T; denotes the temperature of the sample, 7, the temperature of the environment

(all expressed in K), R is the incoming solar radiation (expressed in Wm~2) and o1,
oo and o3 are parameters.
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The derivative of the sample temperature depends on three terms. The first term,
—a1 (T4 — T}, models losses by radiation and corresponds to what is known in
physics as Boltzman’s Law. Due to the dependence on the fourth power of the tem-
perature, this term embeds a strong nonlinearity in the dynamics, a fact that shapes
the type of control used in this type of plant.

The second term, that depends linearly on the temperature, accounts for losses due
to conduction and convection. Finally, the third term represents the incoming energy
from solar radiation. This is modulated by the shutter position. Since the shutter is a
moving mass acted by an electric motor, it also contributes to the dynamic behavior of
the system. However, there is a time scale separation between the electromechanical
part (the shutter and its electromechanical driver, which is faster) and the thermal
part (which is slower) that can be taken advantage of for controller design.

When comparing the dynamics of solar furnaces and distributed collector solar
fields, some differences are apparent:

e While the dynamics of solar furnaces are concentrated (that is, described by ordi-
nary differential equations) and low order (mainly a first order system plus the
shutter dynamics), the dynamics of distributed collector solar fields depend on
spacial variables, as well as on time and are described by partial differential equa-
tions;

e Solar furnaces work at much higher temperatures than distributed collector solar
fields and are built such that the losses by radiation must be accounted for. As
mentioned above, this implies a dependence on the fourth power of temperature
which is a strong nonlinearity. As will be explained below, distributed collector
solar fields present a different type of nonlinearity, where the state multiplies the
manipulated variable.

Although solar furnaces are usually modeled by lumped parameter models, it
should be recognized that this is an approximation. The spacial distribution of the
incident radiation over the sample being processed is not uniform and one has to
specify what is the temperature that is actually being controlled. For instance, even
in small samples, a pyrometer measuring the temperature of the upper surface of the
sample and a thermocouple measuring the temperature in the lower surface yield
different values and with different time profiles. Figure 1.11 shows an example.

Despite its importance and scientific interest, the literature on control of solar
furnaces is scarce (Berenguel et al. 1999; Costa and Lemos 2009; Costa et al. 2011;
Lacasa et al. 2006; Paradkar et al. 2002). Although it is possible to use simple PID
controllers with acceptable results, as shown in the example of Fig.1.12, there is
considerable room for improvement using advanced control techniques.

As in other types of solar plants feedforward from solar radiation greatly improves
tracking performance (Berenguel et al. 1999), a fact thatis specially important in solar
furnaces used for material testing where imposing a specified profile of temperature is
quite important. This is no surprise since, as is well known and explored in different
types of processes such as chemical (Stephanopoulos 1984) or electromechanical
processes, feedforward anticipates the existence of tracking errors due to accessible
disturbances and acts to prevent, or at least reduce their appearance. The design of
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Fig. 1.11 Measurement of the upper side of the sample temperature with a pyrometer and of the
lower side of the sample temperature with a thermocouple in 6 kW solar furnace

__ 1000 : : : , , , , ,
o
2. | S~
o 800
E
® 600f |
(0]
o
€ 400 |
(0]
'_
200 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
20 21 22 23 24 25 26 27 28 29

Time [minute]

U[%Q

20 | | | | | | | |
20 21 22 23 24 25 26 27 28 29

Time [minute]

Fig. 1.12 Temperature control of a 6 kW solar furnace

a feedforward controller implies, off course, that a reliable model of the plant is
available, including the effect of both the manipulated variable (shutter command)
and accessible disturbance (incoming solar radiation) on the output to be controlled
(sample temperature).
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Another useful idea is the use of gain-scheduling (Berenguel et al. 1999). A
significant part of the difficulty of designing controllers for solar furnaces comes
from the fact that they are strongly nonlinear. When performing tests on the stress
induced by large temperature changes, it is not possible to consider a linearized
model valid along the whole temperature range considered.

A natural but powerful idea (Murray-Smith and Johansen 1997) is to use a pen-
cil of local linear models that represent the plant dynamics for limited ranges of
temperature. To each local model, a local controller is then associated and a suit-
able switching or interpolation supervisory mechanism is then included to decide
at every moment which controller(s) is(are) to be active depending on the value of
the current value of temperature. It should be remarked that this supervisor should
be programmed in such a way to ensure the stability of the controlled system. This
is nontrivial because one may create an unstable system by switching among stable
ones. This issue will be addressed later on in relation to switched multiple model
adaptive control of distributed collector solar fields.

In the case of solar furnaces, it is easy to conclude from (1.1) that local mod-
els are simply first order linear models whose gain and time constant vary with
the equilibrium temperature. Hence, selecting PID’s as local controllers allows the
corresponding closed loop poles to be placed appropriately.

Another possibility is the use of adaptive control. The Costa and Lemos (2009)
describes an adaptive controller that combines feedback linearization with an adapta-
tion mechanism obtained with a Control Lyapunov Function (CLF). Similar methods
will be consider later in this book.

1.3 Control of Distributed Collector Fields

The main control loop in a distributed collector solar field like the one of Fig. 1.4
aims at driving the temperature of the fluid leaving the collector loops to a desired
value, by manipulating its flow. As explained in Sect. 1.2.1 the manipulated variable
is the command of the pump/valve system that drives fluid flow. The process output
can be either the average of the temperature of the fluid at the output of the collector
loops or its maximum. Since in practical terms there is little difference in controlling
these two variables, the average fluid temperature is used.
The main disturbances to the system are:

e Changes in incoming solar radiation due to passing clouds and moisture scattered
in the atmosphere;

e Changes in the temperature of the fluid at the input of the pipe;

e Changes in ambient temperature;

e Disturbances due to various factors such as dust deposition on the mirrors and
wind affecting the shape of the mirrors.

The first three types of disturbances in the above list can be measured and used as
feedforward signals. In particular, feedforward from solar radiation is quite important
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Fig. 1.13 Basic temperature control system for a distributed collector field

to improve the performance. The other two disturbances are less important. It should
be remarked that the measure of incoming solar radiation may present difficulties
due to the large size of the field that may lead to situations in which the collectors
are not uniformly illuminated.

Figure 1.14 shows two examples of daily records of solar radiation. Due to the
Sun’s apparent movement, the intensity of radiation arriving at a given point on Earth
has a sinusoidal evolution with the hour of the day. As is well known, its peak value
depends on the period of the year, for details see for example, Tiwari (2002) or any
other reference on solar energy. Superimposed on this deterministic variation, there
are two main stochastic fading effects. One is associated with moisture scattered
in the atmosphere. By absorbing radiation in a random way, it causes fast small
amplitude changes of the intensity of the radiation arriving to the collector field. The
fluctuations on the record on the left of Fig. 1.14 are predominantly due to moisture.
The other factor that reduces radiation intensity are passing clouds. The record on
the right of Fig. 1.14 shows three groups of clouds passing that drastically reduce the
arriving solar radiation intensity, sometime to values close to just 100 Wm™2.

It should be remarked that, specially at the beginning and at the end of the day,
the radiation intensity varies such as to resemble a ramp function. Hence, basic
system theory arguments allow us to conclude that if the controller contains just one
integrator a steady state error will result. This will be made apparent later in some
experimental results.

Given the above definition of manipulated, process and disturbance variables,
the block diagram of a distributed collector solar field controller is as in Fig. 1.13.
In many cases, feedforward terms from ambient temperature and from inlet fluid
temperature are not used. It is remarked that the inlet fluid temperature is affected by
the load on the system, that is, by the amount of energy per unit time extracted from
the fluid by the secondary circuit connected to the equipment that consumes power.
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Fig. 1.15 Cascade temperature control system for a distributed collector field

An alternative structure uses two feedback loops connected in cascade as shown in
Fig. 1.15 (for the sake of simplicity the block diagram in this figure omits the sensors
and the fluid flow control system). The inner loop (associated with controller C in
Fig. 1.15) controls the average temperature 7' of the fluid leaving the collector loops
and includes the feedforward actions as explained above. Its manipulated variable
is the fluid flow command. The outer loop (associated with controller C) uses as
manipulated variable, the temperature set-point of the inner-loop (denoted u; in
Fig. 1.15) and as the process variable to be controlled, the fluid temperature at the
inlet to the storage tank. In-between the end of the collector loops and the storage
tank there is a pipe that collects heated fluid from the collector loops and transports
it to the storage tank.

The motivation for using cascade control is common to what is found in other
processes (Stephanopoulos 1984). In addition to decoupling the design of controllers
for different parts of the plant, it reduces the effect of disturbances affecting the
inner loop, thereby decreasing their effect in the outer-loop and improving tracking
performance.

The dynamics of the relation between the average temperature at the output of the
collector loops and the temperature at the storage tank inlet is mainly a delay that
varies with the average value of fluid flow. This means that, if this outer loop is to
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Fig. 1.16 Simulation of a distributed collector field controlled by a PID, demonstrating non-linear
behaviour. Bottom plot The manipulated variable. Top plot Outlet fluid temperature and the corre-
sponding reference

be closed with a controller that is robust with respect to changes in plant delay. A
suitable controller is provided by some Model Predictive Control algorithms. More
details on adaptive cascade control solutions will be provided in Chap. 3.

In general, unless explicitly stated otherwise, when we consider the control of the
field, we refer to the situation of Fig. 1.13 and not to cascade control. Furthermore,
we refer to the average of the temperatures of the fluid leaving the collector loops
simply as “the temperature”.

A detailed discussion of the dominant dynamics of distributed collector solar
fields is made in Chap.2. Here, based on experimental data as well as simulations,
we just point out a number of characteristic features of distributed collector solar
fields that motivate the use of adaptive control techniques and identify some major
difficulties facing controller design.

The first point to note is that the system is nonlinear. The nonlinearity is shown
by the simulation results of Fig. 1.16. These records concern the situation in which
the temperature is controlled with a fixed gain PID that is well tuned for a working
point close to 200 °C. With this controller, the reference is varied between 180 and
280 °C in five steps of 20 °C each. As can be seen, at lower temperatures the response
is sluggish, but, as the working point increases, there is more and more oscillation.
Around 280 °C there is a constant amplitude oscillation. The linear constant parame-
ter controller was not able to adequately control the system over the whole operating
range due to the inherent system nonlinearity.

In qualitative terms, this can be easily understood. At working points correspond-
ing to higher temperatures, the average fluid flow is smaller because the fluid requires
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more time to absorb the energy required to reach a higher temperature. Therefore,
the system transport delay increases and the stability margin of the controlled linear
approximation decreases causing the closed-loop response damping to decrease.

It should be noted that the situation is complex because the operating point depends
on the fluid flow which is the manipulated variable. Actually, as will be shown in
Chap. 2 there is a product of the manipulated variable by the state and hence this type
of system is called “bilinear” (Elliot 2009).

This discussion leads us to the following conclusions concerning distributed col-
lector solar fields:

e For a controller to be effective over a wide range of reference values it must take
into account plant nonlinearity and compensate it;

e Adaptive controllers relying on linear control laws can compensate nonlinear
effects only up to some extent. These controllers are able to adapt to the working
point and yield a good response for small changes of the reference around it, but the
performance degrades when the aim is to track large and fast reference changes.
Chapters 5 and 6 consider nonlinear controllers able to cope with this problem.
In particular, Chap. 5 will present experimental results on the response to a 50 °C
sudden variation of the reference with virtually no overshoot.

Another important issue is uncertainty. In distributed collector solar fields uncer-
tainty comes from several sources. These include parametric uncertainty and unmod-
eled terms.

Issues affecting parametric uncertainty are manifold: When identifying a model,
parameter estimates become known only up to a certain precision. This is common
to all modeling processes. More specific to distributed collector solar fields are the
processes that lead to parameters change. One is aging: With the passage of time the
working fluid used to capture solar energy may change its thermal characteristics.
Another is dust deposition/removal, by factors such as wind or rain, over the surface
of concentrating mirrors that changes its reflectivity coefficient.

Apparently equal systems may actually present different behavior when subjected
to the same stimulus. An example is provided by Fig. 1.17 that shows the temperature
records at the outlet of two different collector loops, made at the same time, with
the same fluid flow and under the same solar radiation incidence. Nevertheless, the
records are not only different, but the maximum is attained in each of them at different
time instants.

Unmodeled terms have also other sources. A major example concerns the fact
that the plant is infinite dimensional but that controller design usually rely on finite
dimensional models. Furthermore, several subsystems, such as energy accumulation
in the glass covering the pipe conveying the heating medium, or the dynamics of the
flow controller, are usually neglected and contribute to uncertainty in plant model
knowledge. Another example is provided by the difference between the fluid flow
command and the actual fluid flow (Fig. 1.18). The temperature controller manip-
ulates the fluid flow command but the fluid flow control loop adds a delay of 15s
which is significant (in the computer control experiments described in this book the
sampling time is 155).
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The presence of uncertainty factors motivate the use of adaptive control. Based
on current plant data, the adaptation mechanism corrects the controller gains so as
to optimize their match to plant dynamics. A word of caution should however be
said: Adaptation corresponds to a highly nonlinear feedback that may destabilize the
plant if proper care is not taken to produce an adequate design (Ioannou and Fidan
2006). This said, adaptive control algorithms are powerful tools that enhance the
performance of distributed collector solar fields.

1.4 Literature Overview

Control of distributed collector solar fields has been the subject of intense research,
well documented in many publications. Some overviews are also available such as
Lemos (2006) for adaptive control applications to DCSFs and Camacho et al. (1997,
2012, 2007a,b) in a more general framework. The methods described in the literature
that have been applied to DCSFs include:

Optimal Control

Predictive Control

Gain scheduling

Adaptive Control including self-tuning, dual control and Control Lyapunov
Functions.

Switched Multiple Model Adaptive control
Frequency based control

Hybrid Control

Fuzzy Logic Control

Internal model control

Nonlinear predictive control

The major role played by changes of solar radiation and plant uncertainty lead to
the approach of Camacho et al. (1992) where a pole placement self-tuning controller
with a series feed-forward compensator is used. An improvement of the adaptation
mechanism and of the underlying control law was possible by resorting to predic-
tive adaptive control techniques. Different forms of adaptive GPC (Camacho et al.
1994; Camacho and Berenguel 1997) and MUSMAR (Coito et al. 1997) were then
demonstrated with success. Variants include cascade control (Rato et al. 1997; Silva
et al. 1997) and dual control to eliminate start-up transients due to initial adaptation
in the absence of good a priori knowledge of the plant dynamics (Silva et al. 2005).
Another example of adaptive predictive control is described in Pickhardt (2000).

By performing a frequency response analysis under conditions which correspond
to linear behavior, it is possible to recognize the occurrence of anti-resonances
(Meaburn and Hughes 1993). This is confirmed by a simplified analysis based on the
PDE (partial differential equation) describing collector loop dynamics (Berenguel
and Camacho 1995) and lead to the design of controllers based on frequency meth-
ods (Berenguel and Camacho 1995, 1996; Meaburn and Hughes 1994). In Meaburn
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and Hughes (1994) a pre-scheduled adaptive controller for resonance cancelation
has been presented and in Berenguel and Camacho (1995, 1996) an adaptive control
algorithm using an Internal Model Control structure together with a frequency design
approach has been introduced. Another internal model based controller is described
in Farkas and Vajk (2002), while Normey-Rico et al. (1998) uses adaptive dead-time
compensation.

While adaptive control already provides some form of accommodation of nonlin-
ear behavior by adjusting the controller gains according to the operating point, explicit
recognition of plant nonlinearities and their exploitation is much likely to improve
the ability of the plant to meet control objectives in a wider set of operating condi-
tions. First steps in this direction were made by employing gain scheduled constant
parameter GPC (Camacho et al. 1994) as well as other gain scheduled approaches
(Johansen et al. 2000) and switched multiple model supervisory controllers (Lemos
et al. 2000; Pickardt 2000; Pasamontes et al. 2011).

In Bardo et al. (2002), a nonlinear controller is developed which explicitly takes
into account the distributed parameter model of the solar plant. A nonlinear adap-
tive controller was designed using a joint control Lyapunov function for parameter
estimation and control. Nonlinear control with feedback linearization is also consid-
ered in Igreja et al. (2005) and Cirre et al. (2007). The inclusion of constraints in
feedback linearization in relation to distributed collector solar fields is considered in
Roca et al. (2009).

Also departing from the partial differential equation model of the plant, Johansen
and Storaa (2002) proposes a design based on Lyapunov methods, using internal
energy as Lyapunov function. Lyapunov methods, but using a quadratic function, are
also the realm of Carotenuto et al. (1985, 1986).

Optimal and suboptimal control laws are considered in Orbach et al. (1981) and
Rorres et al. (1980), where an extension of Pontryagin’s Maximum Principle to
DCSFs is used.

Other approaches include fuzzy logic based control (Rubio et al. 1995; Cardoso
etal. 1999; Flores et al. 2005; Pereira and Dourado 2002) and control based on neural
network models (Arahal et al. 1998).

A major advance is provided by Silva et al. (2003a,b), in which a time varying
sampling interval is used. This approach, to be discussed in detail in this book,
implements a change in time scale that linearizes the plant, thereby allowing very
high sudden changes in reference with a fast response and no overshoot.

1.5 Book Organization

The book is organized as follows:

This chapter introduces distributed collector solar fields in the context of plants
that exploit solar thermal energy. The control problem associated to the plant is
formulated and a literature review is made. This chapter also explains in broad terms
why adaptive control is important for the application at hand.
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Fig. 1.19 Chapter interdependency

Chapter2 introduces a reduced complexity model and addresses methods for
studying the resulting dynamics. The main result is a discrete time approximation to
the evolution over space of the process variable.

The control problem is then considered from a “black box” point of view and
insight from the PDE model describing plant dynamics is not used. Instead, controller
design is based on linear models which are adapted in order to tackle nonlinear
behavior. This is the subject of Chap. 3, concerned with Predictive Adaptive Control,
and Chap. 4, where Multiple Model Switching Control is applied.

Although the above approach has advantages in what concerns the speed of devel-
oping a controller prototype for application to a new process, it does not take advan-
tage of knowledge about the dominant plant structure. The remaining chapters, there-
fore, address the problem of how to explore and use this knowledge.

Chapter 5 capitalizes on the results of Chap.2 to show how to develop a variable
sampling interval control algorithm that overcomes the limitations of the black box
approach by allowing very fast temperature changes.

Chapter 6 explores an alternative method that uses the field model structure. While
the class of algorithms of Chap. 5 relies on a change of the time variable to attain the
control objectives, exact feedback linearization and adaptation based on Lyapunov’s
Second Method are explored here.

Chapter7 approaches the problem of following a pre-specified reference tem-
perature profile combining flat system concepts for system inversion and adaptive
control.

Finally, Chap. 8 draws conclusions and provides a discussion on the interrelation
of the adaptive control algorithms presented and their application in the wider context
of renewable energy production.

Figure 1.19 shows chapter interdependency. After reading Chap. 1, the reader may
take an option. Readers interested in model based design should read Chap.2, on
models and dynamics, and then go to either 5, 6, or 7 that address different forms of
model-based adaptive controller design. If, however, the reader’s focus of interest is
on "black box" methods, the reader may jump directly to either Chap. 3 or 4.
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1.6 Main Points of the Chapter

Being a key part of parabolic trough technology for thermal solar plants, distrib-
uted collector solar fields (DCSF) are currently receiving much interest for energy
production, with many significant projects either in operation or under construction.
They are made of parabolic mirrors that concentrate sun light at their focus where
a pipe is located. Inside the pipe flows an fluid that is heated, thereby accumulat-
ing energy. The main control loop in DCSF regulates the outlet fluid temperature.
The manipulated variable is fluid flow and the main disturbances are incoming solar
radiation, ambient temperature and inlet fluid temperature. The main control objec-
tive consists of adjusting the fluid flow to keep the outlet fluid temperature close to
the desired reference. Due to the levels of uncertainty involved, performance may be
improved using adaptive control. However, since DCSF are nonlinear plants (actually
of bilinear type) the controller design should rely on nonlinear models.
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Chapter 2
Models and Dynamics

This chapter describes models of distributed collector solar fields (DCSF) and uses
them to discuss the typical dynamics found in these plants. The aim is not to describe
a detailed model of a specific DCSF to be used for simulation purposes, as found
in Camacho et al. (1988), since this would diverge from the objectives of the book.
Instead, the attention is concentrated on the general dominant dynamics of DCSF
plants in order to understand its structure and develop models that are adequate for
adaptive control, both for algorithm design and to understand the difficulties that are
to be faced by controller design.

Hence, we start by introducing a reduced complexity model that uses an energy
balance to capture the spatial dependency of the system dynamics (with “space”
meaning the position along the pipe) as well as on time. This model amounts to a
hyperbolic partial differential equation whose solution is studied using mathematical
methods and a heuristic discussion that relies on geometric arguments.

In order to prepare the ground for control algorithm development in subsequent
chapters, the above infinite dimensional model is approximated to eliminate the
dependency on the spatial dimension. These approximate models are an integral dis-
crete time model obtained from the exact mathematical solution of the partial differ-
ential equation model, and continuous time state-space models obtained by projecting
the spatial dependency on finite dimensional sets, either using finite differences or
the orthogonal collocation method. Figure 2.1 summarizes these interdependencies
between models.

The chapter concludes by making a parallel with various plants with similar
dynamics, such as moisture control or glass tube manufacturing. The objective is
to point out that the ideas and methods addressed throughout the book may also be
applied in other types of plants.

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 27
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_2,
© Springer International Publishing Switzerland 2014
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Fig. 2.1 DCSF model
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2.1 Reduced Complexity Model

As explained in Chap. 1, the core of a DCSF is a metallic pipe inside which a
working fluid, used to store energy, flows. Although the metallic pipe is inside a
co-axial glass pipe used to enhance thermal efficiency by creating a greenhouse
effect, this other element will not be considered in a first approach. In addition, it is
assumed that there is no dependency of the fluid temperature on the radial dimen-
sion. Hence, the temperature of the fluid is described by a scalar function 7' (z, t)
where z € R is a space dimension measured along the pipe, with z = 0 correspond-
ing to the beginning of the pipe and z = L to its maximum length, and ¢ € R is
continuous time. Furthermore, it is assumed that 7 is the increment with respect
to the environment temperature, so that 7 = 0 corresponds to the environment
temperature.

In order to obtain an equation for the fluid temperature, consider the small section
of the pipe between z and z + Az, shown in Fig.2.2. The net enthalpy accumulated
in this pipe element between the time instants ¢ and ¢ + At is given by

E; = prfAfAZ [T(z,t + At) —T(z,1)],

where it is assumed that both At and Az are small, p s is the fluid density, c is the
fluid specific heat, and A ¢ is the area of the pipe cross-section.

On the other hand, this net enthalpy is also given by the sum of two terms. One
is the difference between the enthalpy entering and leaving the pipe element due to
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fluid flow, between ¢ and ¢ + A¢, which is given by
Ey =preru®)At [T(z,1) — T(z+ Az, 1)],

where i is fluid flow. The other is the enthalpy increase due to solar energy, given by

E3 = aR(t) Az At,
where R is the solar radiation power and & is a parameter related to the efficiency of
energy absorption by the fluid, which depends on mirror optical efficiency and also
on fluid thermal characteristics. Hence,

Ey=E)+ Ej

or

prefArAZ[T(z, t + At) —T(z, )] = prepu®)At [T (z,1) — T(z + Az, 1)]
+aR(t)AzAt. 2.1

Dividing now (2.1) by AzAt, observe that the fluid velocity u is given by

i
- 22
u 4, (2.2)
define
a2 % 2.3)
prerAy

and let At — 0 and Az — 0 to obtain the model expressed by the following partial
differential equation

0 0
ET(z,t) = —ua—ZT(Z,I) + aR(t). (2.4)
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Fig. 2.3 A DCSF as a system T(,t) T.(t) R(t)
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If heat losses to the environment are taken into account, an extra term appears and
the model is given by the equation

1o} 0
ET(Z, 1) = —ua—ZT(z, t) +aR(@) —~T(z, 1), (2.5)

v is a loss coefficient. Due to the greenhouse effect created by the enveloping glass
tube, the term corresponding to losses is in general less significant than the other
terms. Equation (2.4) or, alternatively, (2.5), together with appropriate initial and
boundary conditions, describes the dominant dynamics of a DCSF.

It is remarked that a detailed model of a DCSF build for simulation purposes
must include other effects. These additions include the fact that the greenhouse effect
causes an extra delay on the action of the solar radiation on the pipe. Furthermore, the
specific heat ¢y has a nonlinear dependence on the fluid temperature 7" that causes
parameter « to depend on the operating point. Instead of modeling these effects,
the control algorithms to follow use an approach based on parameter estimation.
Furthermore, model (2.4) provides information on plant structure that is used in
some of the algorithms.

2.2 Understanding the Dynamics

Figure 2.3 provides a view of a DCSF as a system. The manipulated variable input u
is the fluid velocity (or, alternatively, the fuel flow), and the output y = 7' (L, ¢) is the
fluid temperature at the pipe outlet. There are three main disturbances, namely the
fluid temperature at the pipe inlet, 7 (0, ¢), the ambient temperature T, and the solar
radiation R(z). Of these disturbances, the solar radiation is the most significant due
to the fast stresses it may cause, as well as for its strong and fast influence on fluid
temperature. These variables are related by Eq. (2.5) or, with a further simplification,
by (2.4).
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The structure of the solutions of (2.4) and (2.5) is now examined. First, an exact
solution is presented. Then, a qualitative discussion is made to gain insight into the
type of response.

2.2.1 Exact Solution of the Distributed Model

The solution of Eq. (2.5) is defined in the plane [z, ¢], in the set defined by 0 < z < L
and ¢t > t,, where L is the length of the pipe and 7y is the time instant in which plant
operation starts. For solving (2.5), appropriate initial and boundary conditions must
be defined. These conditions are the initial temperature distribution along the pipe,
T (z, t9), obtained by fixing the time at the initial instant #y, and the temperature of
the fluid that enters the pipe as time passes, 7 (0, t).

It is shown in Appendix B that the solution of Eq. (2.5) with the above initial and
boundary conditions is given by

t t
T(z,t)=T z—/u(o) do, 1y | e 700 +04/R(J)e_7("_’) do.  (2.6)

fo 0]

At this point, the reader may digress to Appendix A in order to deduce (2.6).
Alternatively, the reader may proceed to follow a discussion about the properties of
the solution (2.6) in Sects.2.2.2 and 2.2.3, and then read Appendix A at a later time.

2.2.2 Qualitative Discussion

Figure 2.4 shows the plane [z, ¢], the initial temperature distribution 7 (z, o), the time
evolution of the inlet fluid temperature 7 (0, ¢) that is a boundary condition, and the
temperature distribution along the pipe at an arbitrary time instant r = f1, given by
the function T (z, t1). By making the mute variable # = #1, the solution formula (2.6)
allows the computation of 7' (z, 1) as a function of T (z, tp) and T (0, ¢).

Physical intuition tells that T'(z, #1) is computed by making a shift to the right
along the z-axis of the initial distribution 7 (z, fo) in a way that depends on the fluid
flow. The left part of the pipe is filled with fluid entering through the inlet and this
defines a temperature profile in this pipe section that depends on 7 (0, ). In addition
to this effect, there is a rise in temperature due to incident solar radiation, that acts in
the same way in all the pipe, and that depends on the difference between #; and #.
For 1y constant, the larger the #; the more the radiation absorbed and the larger the
impact on temperature increase.

Finally, there are losses to the environment. In the absence of solar radiation,
T (z, t1) would be given not only by a shift of 7 (z, #y), but also by an attenuation due to
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Fig. 2.4 Solution space of a t
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losses. Furthermore, when computing the cumulative effect of radiation there is also a
discount factor due to losses that affects more the radiation received a longer time ago.

This physical intuition is actually confirmed by the solution (2.6). This equation
computes the pipe distribution temperature 7 (z, t) at an arbitrary instant ¢ as the sum
of two terms. The first term is

t
S$i=T[z— / u(o)do, fy e 7010, (2.7)

fo

The meaning of S is the following: To compute the temperature at position z and
time ¢, pick-up the initial distribution 7 (z, #p) (that is assumed to be known), shift
it to the right by ft; u(c) do along the z-axis, and then attenuate it by e =7/~ a
factor that is less than 1 fot r > 1g.
The second term is
t

S =a / R(0)e 77 do (2.8)
1o
and its effect is to raise the fluid temperature proportionally to the integral of the

radiation discounted by a factor that depends on losses. The proportionality constant
a depends, among other things, on mirror efficiency.

2.2.3 Characteristic Curves

Insight into DCSF dynamics may also be obtained by examining the special case
when there are neither losses nor solar radiation, in which case (2.5) reduces to

o) 0
ET(Z’ 1) = _Ma_zT(Z’ 1). (2.9)
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Fig. 2.5 Shift along characteristic curves of the solution of (2.9)

It is assumed in addition that the temperature of the fluid entering the pipe is
T(0,t) = 0 at all times.

In the plane [z, ¢] consider the curves whose coordinate z is given as a function
of ¢ by the solution of the differential equation

dz

— = 2.10
- (2.10)
for various initial conditions on z. Along these curves, the solution 7 (z, ¢) is constant.
Indeed, along the solutions of (2.10), the total derivative of 7' with respect to time
is, upon use of (2.10) and (2.9),

dr 0T dz OT oT 0T 0 5
E_B_z'EjLE_u@_z—i_E_ 2.11)
and hence it vanishes. For this reason, the solutions of (2.10) are called character-
istic lines or curves and, as shown in Appendix B, they play a major role in the
solution of (2.9) and also (2.5). Figure 2.5 shows an example of the solution of (2.9)
obtained by propagating the initial temperature distribution along the characteristic
lines.
If the flow u is constant, the solution of (2.10) is

z(t) = z(to) + u(t — o) (2.12)

and the characteristic lines are straight lines. Figure 2.6 shows two situations in that
the flow is constant but with different values in each case. The higher the flow the
faster the temperature distribution along the pipe that affects the pipe outlet.
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2.3 Discrete Time Integral Model

In order to obtain a discrete time integral1 model, consider two time instants, ¢ and
t + At and use the solution (2.6) to relate the respective temperature distributions.
By approximating each integral in (2.6) by a rectangle, this gives

T(z,t + At) = T(z — u()At, 1)e " + aR(1) At (2.13)

Equation (2.13) provides an approximate way to compute the temperature distri-
bution at time ¢t + Az from a previously known temperature distribution at time ¢.
As shown in Fig.2.7, to compute the temperature at position z, at time t + Az, one
should take the value of temperature at position z — u () At, at time ¢, multiply it by
the attenuation due to losses, and then add the effect of radiation. This computation
reflects the fact that the fluid is moving to the right with a velocity that, in the time
interval [z, t + At], is approximately u(¢) and, therefore, the fluid particle that was
at position z — u(¢) At at time t moves forward to the right by a distance of u(¢) At.
Iterating (2.13) may be used to generate predictive models that are useful for control
design, an approach that is explored in Chap. 5.

! The model is named “integral” in the sense that it is based in the integral of the PDE (2.10).
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In a practical computation, the temperature is represented by its values in a space
grid. In general, for computing 7'(z, t + At), while z is in a grid point, z — u(¢) At is
not, and hence T (z — u(t) At) is not in the computer memory from the last iteration.
One possibility to obtain 7 (z — u(t)At) is then to approximate this quantity by
interpolating the values of 7 at time ¢ in neighboring points. Another possibility
consists of using a varying time step At such that u(¢) At is constant and equal to
the spatial grid increment Az. As shown in Chap.5, this option leads to predictive
control algorithms with a variable time step that have the advantage of allowing fast
setpoint changes without overshoot.

2.4 Finite Dimension State-Space Models

Instead of considering the fluid temperature in all the points of the pipe that lead to
an infinite dimensional model, in this section we seek models in a finite dimensional
state variable that is propagated in time, and from which an approximation of the
temperature distribution can be recovered using algebraic operations.

2.4.1 Finite Difference Approach

One possibility is to take as state the temperature of equidistant points along the
pipe. As shown in Fig. 2.8, let the points be located at z = 0,z = Az, ...,z = nAgz,
where n is the total number of points in the grid. Fori = 1, ..., n, the state variable
x; (t) is defined as the fluid temperature at position i Az, according to

xi(1) 2 T(iAz 1) (2.14)

Using this definition, and approximating the partial derivative with respect to z
using backward finite differences, by

0 T(z,t) = T(z— Az, 1)
=T ~ )
0z @0 Az
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Equation (2.5) is approximated by the set of ordinary differential equations, for
i=2,...,n

dx,' _ 1 ) )
i —u(t)A—Z (L +xi (1) = xi—1(1)) + aR(@). (2.15)

In the situations considered, the temperature measured for feedback purposes is the
one of the pipe outlet. Hence, the output equation is

y(#) = xu (1) (2.16)
or
y(t) = Cx(1), 2.17)
where
C=[10...0]

and y denotes the output variable in a system framework.
Fori = 1, Eq.(2.15) reads as

dx1 1
— = —u(t)— (1 +y)x1(t) = T(0, 1)) + aR(2). (2.18)
dr Az

The inlet fluid temperature 7 (0, ¢) enters Eq. (2.18) as an external signal that corre-
sponds to a disturbance.
Defining the state vector x as the temperature along the grid points,

A
X =[x ...xn],

and the parameter matrices

and
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the set of Egs. (2.15), (2.18) may be written in compact form as

u

X:Bxu+ozER+_e)1
Az

T(0,1). (2.19)

It is remarked that matrix B is invertible and has n eigenvalues equal to —(1 + 7).

2.4.2 Reachable States

In a dynamical system such as a DCSF, the reachable states are the plant model
states that can be attained, starting from the origin by manipulating the plant input
within its admissible values. Characterizing the set of reachable states is of interest
because it provides the ground for the control design methods based on feedback
linearization that are considered in Chap. 6. In addition, this characterization shows
the states that can be attained, which is important information. Indeed, the discussion
made hereafter shows that, in a DCSF, when starting from a state corresponding to
all fluid elements and the inlet fluid at the ambient temperature, the only possible
temperature distributions along the pipe are monotonically increasing functions of
space. Furthermore, for bounded fluid flow cases (as is always the case in a DCSF),
the fluid temperature along the pype is also bounded.

Using methods from nonlinear dynamical systems (Nijmeijer and van der Schaft
1990; Bardo et al. 2002), it is possible to show that the only directions along which
the state x of the nonlinear lumped parameter model (2.19) may change are linear
combinations of the three following vectors:

1 1
1

.| .|, Bx.
1 0

The first vector concerns heating by solar radiation. Under constant radiation the
fluid is heated uniformly along the pipe, an event that corresponds to a state trajectory
aligned with the direction [1 1 ... 1]".

The second vector corresponds to the possibility of manipulating the temperature
derivative with respect to space at the pipe inlet.

Finally, the third vector represents fluid transport along the pipe.

2.4.3 Jacobian Linearization

To understand the dynamics of the linearized system around an equilibrium point,
assume that the radiation R is constant and that the temperature of the inlet fluid is
zero, T(0,t) = 0. Let ueq be a constant velocity of the fluid and let xeq denote the
corresponding value of the state at equilibrium. Both these variables satisfy
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Bxeqiteq + ER = 0. (2.20)

Since B is invertible and . is a scalar, the distribution of temperature at equilibrium
can be computed explicitly by

R
Xeq = —B7'E, 2.21)
Ueq

Let a perturbation Au(t) be applied to the equilibrium value. The state will respond
with a variation Ax(¢) around its equilibrium x.q, as well as the output y. The input
and state perturbations are related by the linear matrix ODE

d oo foler
EAx_a X = Xeq -Ax+a X = xeq - Au, (2.22)
U = Ueq U = Ueq
where
o(x,u) = BXu + aER. (2.23)

Thus, the linearized model is

d
EAx = BueqAx + BxeqAu (2.24)
Since the output variable y is related to the state by (2.17), the corresponding

increments are also related by
Ay = CAx. (2.25)

The static gain of the incremental model is obtained from (2.24) by equating the
derivative to zero, yielding —Cxeq/ueq. The fact that the static gain is negative is
readily interpreted in physical terms. When the flow increases, the residence time of
the fluid particles inside the pipe decreases, as well as their temperature when they
reach the outlet, because the particles receive less radiation.

The transfer function relating Au with Ay is obtained by taking the Laplace trans-
form with zero initial conditions of both sides of (2.24) and using (2.25). Observing
that

det(s] — Bueq) = (s 4+ (1 + Yueg)”, (2.26)
the transfer function of the linearized system is

Cadj(s!] — Bueg)B
s+ 0+ V)ueq)n '

H(s) = (2.27)
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Fig. 2.9 Disturbance of an equilibrium in a DCSF

where adj denotes the adjoint of a matrix. Thus, H (s) has n real and negative poles
that are located at —(1 + y)ueq. Since the poles are proportional to the equilibrium
flow, it is concluded that the incremental response becomes faster when the flow
increases. Figure 2.9 summarizes the discussion about the linearized system.

2.4.4 Orthogonal Collocation

Instead of relying on the approximation of derivatives by finite differences, the
orthogonal collocation method (OCM) yields a finite dimensional approximation
to the solar collector field model (2.5) by projecting the function corresponding to
the exact solution 7 (z, t) in a finite set of functions and obtaining a set of ordinary
differential equations for the coefficients that express 7'(z, ¢) in the basis functions
(Villadsen and Michelsen 1978). This is a method commonly used in tubular and
other type of chemical reactors (Dochain et al. 1992; Rice and Do 1995) that may
also be used for DCSFs, with the advantage of yielding lower dimensional models
than finite differences.

In order to apply the OCM to approximate (2.5) (for simplicity losses are assumed
to be neglected) by a set of ordinary differential equations, it is assumed that the
temperature along the pipe 7T (z, t) is represented by the weighted sum

N+1

Tz =D ¢i(2) Ti0), (2.28)

i=0

where T;(t) are time weights that define the state to be propagated and the functions
i(z) are Lagrange interpolation polynomials, orthogonal at the so-called interior
collocation points z; fori = 1, ..., N and at the boundary collocation points zo and
Zn+1- The polynomials ¢; (z) verify thus at the collocation points
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0i(z) = IO i ;j (2.29)

Inserting (2.28) into Eq. (2.5) results in the ordinary differential equation verified by
the time weights 7; ()

N+1 N+1

> Gl =-f 3

i=0

d@l (Z)

Ti(t) + a R(t). (2.30)

Compute now (2.30) at each of the collocation points z = z;. Since (2.29) holds, and
individuating the term i = 0O corresponding to the boundary conditions, it follows
that

N+1
de(l‘) u dﬁPi(Zj) dpo(z ])
—_J__= T; (¢ To(t R(1). 2.31
o 7 El ” i)+ — o o(®) | + aR(@) (2.31)
By making j = 1,..., N + 1, that s to say, by considering all the collocation points

apart from the first, the PDE (2.5) is therefore approximated by n = N + 1 ordinary
differential equations (ODE). The state of this nonlinear ODE system is formed of
T; (1), which are the temperatures at the collocation points.

In matrix form, this lumped parameter model is written

X = Bxu + Yxou + EaR(1), (2.32)

where

x=[nn » - Tvu], (2.33)

is the state, with T;(t) = T (z;, t), and z; are the collocation points, the matrices B,
Y and E are given by:

A@) ) ey @)
B— _% 501(:22) g02(:z2) 90N+:1(22) ’ 2.34)
CLaEN+) PrEneD) o Py En)
Pp(a1)
Y= —% %(:ZZ) . E= , (2.35)

%(ZNH) 1
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where

, A doi(z)
¥; (zi) = SDC; lz=z; (2.36)
Z

and Tp(¢) is the boundary condition.

Equation (2.32) has the same structure as the equation that describes the finite
dimensional model obtained by finite differences and given by Eq. (2.19). The main
difference consists in the fact that, for the same level of the approximation error,
orthogonal collocation requires a state of much smaller order than the finite difference
method.

2.5 Plants with Similar Dynamics

Most of the ideas on control design discussed in this book can be applied to plants
with a dynamics that is similar to that of DCSFs. In broad terms, these plants are
characterized by processes with both a temporal and spatial dependence in which
a fluid flows along a scalar dimension (for instance inside a pipe) and with energy
exchanges along the spatial dimension. The manipulated variable is either the fluid
speed or flow, or the power received along the space dimension. Furthermore, it is
assumed that diffusion is negligible.

Itis remarked that, although in DCSFs the manipulated variable is usually taken to
be the fluid flow, it is possible to make a change in variables such as to define a virtual
manipulated variable that amounts to be a correction of incident solar radiation, as
shown in Chap. 5.

In mathematical problems, the plants considered are described by a Cauchy prob-
lem (Pazy 1983) associated to a hyperbolic PDE like (2.41), where a variable T'(z, t)
that is not necessarily the temperature, evolves in time from an initial condition
Tz, 0), with ¢ denoting time and 0 < z < L denoting the scalar coordinate of the
space dimension.

The examples described hereafter that illustrate this class of plants are:

Moisture drying

Traffic in highways

Glass tube manufacturing
Air heating fan

Steam superheaters

These examples illustrate (but by no means exhaust) the variety of plants that can
be controlled with the methods described in Chaps. 2—8. Furthermore, some of them
will be used to illustrate briefly the use of these methods in a context outside the
DCSF area.

In addition to the above examples, control of trailing centerline in arc welding is
also described. Although this process is no longer described by an hyperbolic model
because, in addition to movement, there are significant diffusion effects, controller
design for it can be done using the algorithms of Chaps.3 and 4. Furthermore, the
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Fig. 2.10 Schematic view of a drying plant

key idea of Chap. 5 of using a sampling interval that depends on movement velocity
may also be used with advantage.

2.5.1 Moisture Control

Drying is an operation frequently performed in several types of industrial processes
such as those found in the pharmaceutical industry, the food industry (such as “Ital-
ian pasta manufacturing”), cereal processing, or coal preparation for use in ther-
moelectric power plant units. The objective is to reduce the moisture content of a
given product, usually provided in the form of powder, small grains, or porous paste
(Nybrant 1988; Moreira and Bakker-Arkema 1990).

Figure2.10 shows a schematic view of a moisture drying line that consists of a
conveyor belt that moves with a velocity v, and over which the material to dry is
transported. At the beginning of the conveyor belt a feeder drops the product to dry in
order to form a layer over the moving belt with an approximately constant thickness.
In order to remove the moisture, a number of fans impel hot air through the belt with
aflow ¢ (1).

Let w(z, t) denote the moisture quantity per unit volume of the material spread
along the belt, where z is the abscissa of a coordinate system aligned with the belt
that has the origin at the feeding point and ¢ is time. It is assumed that the rate of
moisture removal is proportional to g (#)w(z, t).

In order to obtain a mathematical model of this process consider a small section
of the belt between the points with abscissa z and z + Agz, with Az small. The
difference between the moisture quantity inside the volume element at times ¢ and
t + At, where A is a small increment of time, is given by

M, = ApAz[w(z, t + Ar) — w(z, 1)],

where Aj, denotes the area of the cross section of the material over the belt.
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On the other hand, the accumulation of moisture in the volume element due to
the belt movement is given by

My = ApvAt[w(z, 1) — w(z + Az, 1)],
while there is a quantity of moisture leaving the element of volume that is given by
Mz = BApw(z, t) Az AL,
where (3 is a parameter. A mass balance applied to the moisture results in
My = M> + M3.

Dividing by Az At and making the increments Az — 0, At — 0 results in the model

0 1o}
gw(z, t) = —va—zw(z, t) — Bgtw(z, 1), (2.37)

an equation similar to (2.6).

2.5.2 Traffic in Highways

Traffic-flow modeling and control is an area that attracts increasing attention and
provides an example in which the process variable of interest is not temperature.
A simple model of a unidirectional highway section with neither sinks nor sources is
obtained as follows: Let p(z, ¢) denote the concentration (number of vehicles per unit
length) at position z of the highway and time ¢, and ¢ (z, #) denote the flow (number of
vehicles that pass at point z per unit time. Consider an element of the highway between
positions z and z + Az and during a time interval Az, with both Az and At small.

By the definition of p, the accumulation of vehicles inside the element during the
time interval between ¢ and t 4+ At is given by

N1 = Az(p(z, t + At) — p(z, 1)).
On the other hand, this same quantity is also given by the number of vehicles that

enter the highway element at the point with coordinate z, minus the vehicles that
leave the highway element at z + Az, that is to say

Ny = At(g(z,t) — q(z+ Az, 1)).

Equating N1 and N, dividing by Az At and making the increments Az — 0, At — 0
yields the conservation equation
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Fig. 2.11 Schematic view of the glass tube drawing bench. According to Wertz et al. (1987)

d 0
5P = —5-p@ 0. (2.38)

Equation (2.38) can be expressed in terms of vehicle density p and vehicle speed u
by using the relationship (Lieu 2011)

q(z, 1) = p(z, Hu(z, 1) (2.39)

Using (2.39), and assuming that there are sinks/sources of vehicles, the traffic flow
model reads as

0 0

where g is the generation dissipation of vehicles per unit length, per unit time.

2.5.3 Glass Tube Manufacturing

The glass tube drawing bench depicted in Fig.2.11 works as follows: Molten glass
drops from a feeder bowl over a tilted rotating cylinder. The air blown through an
axial hole located inside the cylinder forms the tube from the glass bulb at the cylinder
bottom.

Both the diameter of the tube and the thickness of its glass walls are associated to a
dynamics that depends both on time and space, with the space dimension defined by
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Fig. 2.12 Characteristic lines ¢ A
associated with glass tube
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the length along the tube. In the identification study performed in Wertz et al. (1987)
the movement of the glass tube is taken into consideration by using a sampling
interval that is inversely proportional to the tube velocity. This procedure can be
understood by considering the simplified model of the glass movement given by

gy(z, 1) = —va%y(z, 1), (2.41)
where y(z, t) is the tube diameter at position z (measured along the tube) and at time
t, and v is the tube velocity. Equation (2.41) is similar to Eq. (2.41) and does nothing
more than to represent a shift to the right of the function y(z, 0) that describes the
initial tube diameter along the bench. As explained in Sect.2.2.3, this shift is such
that the function y(z, t) is constant along the characteristic lines in the [z, ¢] plane,
given by the solutions of the differential equation

dz
— = . 2.42
=Y (2.42)

For constant v the general solution of (2.42) is
z(t) = z(0) + vt, (2.43)

meaning that the characteristic lines are straight lines of slope v. Thus, as shown
in Fig.2.12, a point at the origin of the glass tube, moving with velocity vy, needs
a time Aty to reach a point of abcissa Az, but needs a greater time At to reach
the same point if the velocity is smaller. This means that, if the sampling interval is
smaller, and if it is chosen so as to be adequate for a given velocity, it might be too
big if the velocity is bigger (since the details of the dynamic response are lost), or
oversampling might occur if the velocity is smaller.
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Fig. 2.13 Schematic view of the air heating fan system

Furthermore, although the transport delay of the continuous time model varies
with the velocity, it becomes constant in a discrete model if the sampling time is
inversely proportional to the velocity.

These observations suggest to consider the transformed timescale 7 defined by

T =t, (2.44)

in which (2.41) reads

0 0
Ey(z, T) = —a—zy(z, 7), (2.45)

The characteristic lines associated to the normalized Eq.(2.45) have a slope of 45°.
This normalization is explored in Wertz et al. (1987) to obtain the same model for
different tube sizes. The idea of making a normalization with respect to velocity is
common to other areas such as control applications to aerospace engineering (Serra
et al. 2010). This idea is also useful to design controllers for DCSFs (Silva et al.
2003a, b), as explained in Chap. 5.

2.5.4 Air Heating Fan

The air heating fan system shown in Fig.2.13 has also a dynamical behavior that
is similar to those of DCSF. This system consists of a tube inside which cold air is
blown by a fan. The air flow can be adjusted with a register that is manipulated by a
flow controller. Along the tube, an electric resistor liberates heat with a power that
depends on the command signal (u in Fig.2.13) of an electronic power converter.
The temperature of the heated air is measured at the tube outlet.
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Fig. 2.14 Schematic view of the superheated steam temperature manipulation system

Neglecting diffusion, this pilot plant can be modeled by the PDE

0 0
ET(LI) = —f(t)a—ZT(Z,t)—i-aR(t), (2.46)

where T (z, t) is the air temperature at position z measured along the tube and at time
t, R(¢) is the heating power and « is a parameter.

This plant is used in Chap.4 to illustrate a control design procedure based on
multiple models that is subsequently applied to a DCSF.

2.5.5 Steam Superheater

Boiler units for thermoelectric power production, either solar or with fossil fuel,
include steam superheaters that have a twofold function: Eliminate the water droplets
in the steam that could damage the turbine blades and increase energy use efficiency.

Associated to some superheaters there are spray water injection systems that
provide a way to regulate the steam temperature at a required value (the higher as
possible to maximize efficiency, but low enough to avoid damaging equipment).

Figure2.14 shows a simplified schematic view of the so-called attemperator sys-
tem, where the spray water valve is operated so as to keep the temperature of the steam
leaving the superheater, at point B, close to the desired setpoint. The superheater con-
sists of a long pipe, or parallel of pipes, inside which a fluid (steam) circulates to be
heated by an external source. Up to a first approximation, the dynamics of the super-
heated is therefore similar to 2.46, with the velocity of response of the temperature at
point B in response to a change in temperature at point A depending on steam flow.

Like the other examples in this chapter, superheated steam temperature can be
controlled with the techniques described in subsequent chapters.



48 2 Models and Dynamics

2.5.6 Arc Welding

In the type of arc welding considered here, the objective is to spread a seam over a
workpiece (Santos et al. 2000). For that purpose, electric tension is created between
a consumable electric and the workpiece that creates an electric arc. In this process,
particles of the consumable electrode are liberated and form the seam over the work-
piece. The consumable electrode passes through a torch that liberates a protective
gas. Figure2.15 shows a schematic view of the welding machine arrangement and
Fig.2.16 shows a photograph of the actual apparatus.

The temperature at the head point of the seam, where the arc forms, is not con-
trollable because it corresponds to the melting temperature of the metal. Hence, the
approach followed consists in measuring the temperature to be controlled 2.5cm
behind the point where the arc is formed. This means that what is controlled is the
rate of cooling of the seam temperature, in what is referred in technical terms to be
the trailing centerline temperature (Santos et al. 2000). This temperature is measured
with a pyrometer. A screen protects the pyrometer from receiving direct radiation
from the melting point. The whole set (torch, screen and pyrometer) is connected to
a car that moves with a velocity that is optimized, depending on the type of materials
involved and the electric tension, in order to obtain a stable arc. In the experiments
reported in this book, the relation tension/car speed is optimized for the protection
gas Ar—C 0> 20-80 % and the electrode made of carbon-steel ¢ 1.2 mm.

The process involves complex thermal-electro-chemical phenomena. The tem-
perature in the workpiece can be modeled by the Fokker—Planck equation. A major
difference with respect to DCSFs consists in the fact that, in arc welding, heat dif-
fusion is much significant, resulting in a model of parabolic type. A snapshot of
the space dependency of temperature at one instant of time is shown in Fig.2.17.
The shape of the isothermal curves is affected by several factors, including the car
velocity and, most important, the geometric shape of the workpiece.

Hence, due to the complexity of the process it is no surprise that a high level of
uncertainty affects modeling. When approximating the relationship between electric
tension and temperature by a lumped parameter linear model, such as an ARX model,
identified from process data, there is high variability in the model parameters when
the data set changes. This is illustrated in Fig.2.18 which shows frequency response
curves corresponding to linear models identified for rectangular workpieces of the
same steel, and all with the same rectangular shape, with widths of 6 and 12 mm.
As it is apparent, even at low frequency there is strong variability. When consid-
ering different workpieces of different shapes and of different steels, variability is
even greater and prevents the possibility of designing a single controller of constant
gains to stabilize all possible plant outcomes with an acceptable performance. Thus,
this example provides a good example where adaptive control may be applied with
advantage.
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Fig. 2.15 A schematic view of the welding machine apparatus

Fig. 2.16 A photograph of the welding machine setup. a Optical pyrometer, protected from direct
radiation by a screen; b Plate to weld; ¢ The torch, inside which passes an electrode; d The cart that
makes the torch move
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Fig. 2.17 A time snapshot of the spatial distribution of temperature in the arc welding example.
The arrow indicates the direction of movement of the torch
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Fig. 2.18 Frequency response of transfer functions identified using different data sets between the
electric tension and the temperature

2.6 Main Points of the Chapter

The dynamics of DCSF depends on space as well as on time and, as such, is repre-
sented by a PDE with appropriate initial and boundary conditions that reflect physical
conditions, namely the initial distribution of fluid temperature along the pipe and fluid
temperature at the inlet. The solution of this model reflects the fact that the fluid is
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moving to the right, that it receives energy from solar radiation which increases its
temperature, and that it is subject to thermal losses to the environment, which tends to
decrease its temperature. It is possible to obtain a closed-form solution of the model
and to make a numerical approximation of it resulting in a recursive model that can
be used to make predictions of temperature values. In addition to this model, nonlin-
ear state-space models with a bilinear structure are obtained in this chapter. All the
models are explored in subsequent chapters in order to develop different controllers.
Attention is called to the fact that the dynamics found in DCSF are common to other,
seemingly different, plants that include transport phenomena and that, therefore, the
ideas explored here are also useful in other system control problems, with some
examples being provided.

2.7 Bibliographic Notes

A detailed model of the PSA DCSF used, which is based on physical principles and
parameter estimation from plant data, is described in Camacho et al. (1988, 1997).
In addition to the energy balance inside the fluid that accumulates solar radiation, the
model includes an equation obtained by making an energy balance in the metal of
the pipe and a nonlinear function that represents the dependence of some coefficients
on temperature. A detailed review of different models is presented in Camacho
et al. (2007). Bilinear state-space models are presented in Bardo et al. (2002) and
input/output predictive models with variable sampling in Silva et al. (2003a, b).

The solution of PDE that model processes involving mass and/or energy transport
phenomena are studied in many books, some examples of which are Jeffrey (2003),
Parker (2003), Grindrod (1996). The Fokker—Plank equation, which is an important
model for processes that involve diffusion as well as transport and which appears
in wide different areas ranging from thermal processes to telecommunications, is
studied in Grindrod (1996) by using an approach that combines intuition and sound
mathematical basis.

The highway traffic-flow model described is an aggregated model in the spirit
of Chapter2 of Lieu (2011). An agent-based alternative is described in Kerner and
Klenov (2003), Marques and Neves-Silva (2011).
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Chapter 3
Predictive Adaptive Control with Linear Models

Model Predictive control (MPC) is one of the most significant tools for controller
design, not only in the process industry but in other emergent areas as well. Its
importance stems from a number of features:

e A minimization of a cost function is involved and hence the controller can be
designed such as to have a direct relationship with a performance index with
economic significance;

e Since it depends on the prediction of the plant output over an enlarged time hori-
zon, several desirable properties hold such as robustness with respect to plant
input/output transport delay or the ability to stabilize plants that are simultane-
ously open-loop unstable and nonminimum phase;

e The possibility of incorporating constraints.

No attempt is made here to present a general overview of predictive control methods,
and of the associated problems, a subject on which several books are available (Mosca
1995; Maciejowski 2002; Sdnchez and Rodellar 1996). Instead, we concentrate on
the aspects that have a more direct impact on adaptive control of distributed collector
solar fields. In this chapter, we address controllers that rely on linear plant models
and in Chap.5 a class of nonlinear MPC directly related to DCSFs is described.

In a computer control framework, the basic idea of MPC consists in, at the begin-
ning of each sampling interval, computing the value of the manipulated variable to
apply to the plant by minimizing a cost defined along an horizon (called the predic-
tion horizon) of future discrete time instants. In order to perform this minimization,
the plant dynamics is described by predictive models that relate the samples of the
manipulated variable with the samples of predicted values of the plant output along
with the prediction horizon. A sequence of values of the manipulated variable results
from this optimization, of which only the first is actually applied to the plant, the
whole procedure being repeated at the begining of the next sampling interval. This
procedure is known as “receding horizon” optimization (Kwon and Han 2005).

The origin of MPC can be traced back to the 1970s, or even early, and was strongly
motivated by applications, specially processes in the fluid industry (Richalet et al.
1978; Cutler and Ramaker 1980).

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 53
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_3,
© Springer International Publishing Switzerland 2014
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In parallel to these developments, a different approach emerged that considers
the plant to be represented by a discrete-time transfer function and subject to sto-
chastic disturbances modeled by filtering a white noise sequence (that is to say, a
sequence of independent identically random variables) by a linear transfer func-
tion with the same poles of the plant model. This is the so-called ARMAX model
(Astrom 1997).

For simplicity, consider the regulation problem that consists in keeping the plant
output (considered as an increment with respect to a desired value) close to zero
despite the effect of disturbances. The regulation control problem is formulated as
the minimization of the plant output variance at the earliest sample affected by the
current manipulated variable move (Astrom 1973), that is to say, at discrete time k,
the manipulated variable u (k) is computed by minimizing the minimum variance
cost Jyy given by

v () = €[y + zt]. G.1)

where d is the plant pure delay and £[-|7¥] stands for the mean conditioned on (the
o -algebra induced by) the information available up to time k, denoted Z¥. Adaptation
is embedded by estimating the parameters of a d-steps ahead plant predictive model
using recursive least squares (RLS) and using the estimates instead of the true plant
parameters to compute the manipulated variable.

Since the minimum variance control law yields a closed loop that cancels the zeros
of the open-loop plant (Astrom 1997), if the plant is nonminimum phase there will
be unstable internal modes. Even when the closed-loop system is stable, minimum
variance control is too reactive and often results in excessive control action.

In order to overcome the limitations of the minimum variance control law, a
new version was proposed (Clarke and Gawthrop 1975, 1979) in which the cost
(3.1) is modified by the inclusion of a term that penalizes the manipulated variable,
resulting in

Jacunea (k) = & [y2k + d) + pu ()| T¥ (3:2)

with p a positive parameter (weight on the manipulated variable penalty).

Controller design based on the minimization of Jgewned (3.2) is an important
modification because the extra term regularizes the control variable, providing the
designer with a knob (the value of p) that changes the type of closed-loop response
obtained.

The resulting control law can be used to stabilize open-loop stable nonminimum
phase systems but is not able to stabilize a plant that is both open-loop unstable
and nonminimum phase. In addition, one has to be known precisely the value of
the plant pure delay d. MPC, that has a tight link with optimal control, solves these
problems by considering a multistep cost function that is optimized in a receding
horizon way using predictive models. Furthermore, MPC provides a natural setting
for the inclusion of constraints in control design. These ideas are now explained with
emphasis on the relation to distributed collector solar field application.
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3.1 Receding Horizon Control

Since the aim is to work in a computer control framework, a discrete time formulation
of models and control is considered. For that sake, let t € R denote continuous time
and let # be a sequence of continuous time instants corresponding to the sampling
times, with k an integer that denotes the discrete time. The use of a sampling interval
that varies along time will be explored in Chaps. 5 and 7. In this chapter, it is assumed
that the sampling interval A is constant and hence

th=ti_1 + A (3.3)

Hereafter, except when stated otherwise, we only consider the variables at the sam-
pling instants and, hence, only the discrete time index £ is used.
In MPC, a multistep cost function such as

T Ty
Ir=E3 D P k+ ) +p D> itk +j— DIk (3.4)
j=T j=1

is minimized at the beginning of each sampling interval k. The parameter T is called
“prediction horizon” and 7, is called “control horizon.” Parameter 77 is included
in order to avoid the unnecessary prediction of plant outputs in processes with pure
delay bigger than 1. In many cases, we select 71 = 1 to avoid making assumptions
on the minimum value of the process delay.

Figure 3.1 shows the main variables used in MPC. These are the virtual manipu-
lated variable i, the plant output y and the reference to track r.

A virtual reference r* is used to connect the present value of the measured plant
output y(k) with the desired reference value at the end of the prediction horizon,
r(k 4+ T). A possible choice consists in obtaining r*(k + j) for j = 1,..., T by
defining

ri(k) = y(k) (3.5)

and then computing recursively for j = 1, ... T the following difference equation
rk+p))=yr'k+j—-D+A =y )rk+T) (3.6)

where 0 < y, < 1 is a parameter. This procedure is a command governor that
smooths out the response to abrupt reference changes, preventing saturation and
strong control moves. Smaller values of y, make the reference transitions faster,
while values of y, close to 1 make the controller less aggressive. The tracking error
is then defined for any k as

yk) = yk) —r*(k) 3.7

It is assumed that one is at time k (“present time”) and wants to compute the
manipulated variable u (k) to apply to the plant during that sampling interval. For
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T T T T T T
k-n  k-n+1 k-1 k k+1 k+2 k+T-1 k+T

TPresent time, u(k)=?
L | L
Data observed at time k Predictions made at time k

B Observations of y, known up to time k
O  Predictions of y from k+1 up tp k+T
----- Reference to track
— -— Virtual reference
@ Past moves of the manipulated variable u
O  Virtual moves of the manipulated variable

Fig. 3.1 The variables in receding horizon control

that sake, one minimizes Jr given by (3.4) with respect to the sequence of virtual
future values of the manipulated variable, it(k), ..., u(k + T — 1), obtaining an
optimal virtual control sequence, i*(k), ..., u*(k + T — 1), that minimizes (3.4).
According to the receding horizon strategy (Kwon and Han 2005), the value of the
manipulated variable at time k to actually apply to the plant is chosen to be the first
value of this optimal sequence:

u(k) = u* (k). (3.8)

The whole procedure is then repeated at the beginning of the next sampling interval.

Depending on the values of T, 7, and 77, and on the existence and type of
constraints, several control laws with quite different properties can be obtained. For
instance, in the limit case where 71 = T = d and T,, = 1, the control law reduces to
the one-step detuned minimum variance control yielded by (3.2). More interesting
control laws (in the sense that they are able to stabilize a wider class of plants, being
also more robust with respect to available plant knowledge) are obtained by extending
both the prediction and control horizons.

Consider the case in which 7,, = T and there are no constraints. Furthermore,
let the plant be represented by a reachable and detectable state-space model. In this
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situation, minimizing Jr is equivalent to a state feedback control law in which the
gains are computed by iterating backwards T steps of an associated Riccati difference
equation (Mosca 1995). Hence, if the horizon T is large enough, u (k) will be given
by a stabilizing state-feedback law whose gains are a tight approximation to the
steady-state (infinite horizon) Linear Quadratic (LQ) gains (Mosca 1995). For the
above choice of horizons, this fact provides a heuristic justification for the use of
receding horizon control as a way to approximate steady-state LQ optimal control.
Furthermore, this example also explains the limitations of minimum variance and
detuned minimum variance control. Indeed, since minimizing (3.2) corresponds to
just iterating one step of the Riccati equation, the resulting control may be quite
different to the steady-state (infinite horizon) solution, a situation that happens, for
instance, for plants that have zeros outside the unit circle.

When considering the above reasoning, an issue immediately arises: How large
should be the horizon in order to ensure a stable closed-loop? From a practical point
of view, one can adjust 7 by trial and error, for instance by making simulations.
This procedure is however unsatisfactory from a theoretical point of view. Several
answers have been given in the second half of the 1980s for linear systems, some
of which inspired also solutions for stabilizing nonlinear systems. The solutions
based on stability constraints, that lead to a higher computational load, are explained
concisely in Sect.3.5.2.

3.2 Linear Predictive Models

In order to minimize (3.4) the relation between the future plant manipulated input
samples (that is to say, from time k up to time k + T},) and the output samples (that
is to say, from time k + 1 up to time k + T'), is expressed by predictive models.

3.2.1 ARX Plant Model

In order to obtain predictive models, assume that the plant is represented by the
difference equation

yk+n)+arytk+n—1)+---+ayyk) = bou(k +m) + bruk +m —1)
+ bpu(k) + e(k + n). (3.9)

Here, u denotes the plant manipulated input, y denotes the plant output and e is
a sequence of uncorrelated Gaussian variables of zero mean and variance o> that
models stochastic disturbances that affect the plant. In addition, » and m are integer
numbers and g;,i = 1,...,nand b;,i = 1, ..., m are plant dependent parameters.
It is assumed that n > m ir order to ensure that the process model is causal and has
a pure delay of at least 1.
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Model (3.8) is named in the literature as ARX (acronym of “Auto-Regressive with
eXogenous input”) (Astrom 1997). It assumes that a sample of the plant input at a
given time instant can be expressed as a linear combination of the previous n samples
and n manipulated input samples delayed by n — m samples. A closely related model
is the ARMAX model, in which the disturbance is given by a linear combination of
past samples of e, and not just by e(k + n).

Defining the forward shift operator ¢ as a mathematical operator that transforms
a discrete time signal by advancing it by one sample, the ARX model can be written
in compact form as

AlQ)y (@) = B(q)u(1) + q"e(1), (3.10)

where A(q) and B(g) are polynomials in the forward shift operator given by

n
A =q"+ D aig"” 3.11)
i=1
and
m .
B(q) =Y big"™". (3.12)
=0

Let now the backward shift operator ¢~ be a mathematical operator that trans-
forms a discrete time signal by delaying it by one sample and define the reciprocal
polynomial of a polynomial X (¢) of degree n by

1. A
X"qH=q"X(@q) (3.13)
With this definition, the ARX model (3.9) can also be written as:
A*g Ny k) = B* (g~ Hulk — 8ip) + e(k), (3.14)

where §;, is the plant pure input/output delay given by

Sip =1 —m (3.15)
and
n .
A*q ) =14 ag™, (3.16)
i=1
n .
B*q™")y = big™". (3.17)

i=0
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Itis assumed that §;, = 1. This does not imply any loss of generality since plants with
longer delay can be considered by assuming some of the leading terms of B*(g~!)
to be zero.

In addition, it is assumed that A and B are coprime polynomials, meaning that that
they have no common roots. This assumption is required to ensure that the control
design problem that is to be considered in association with the plant is well posed.

3.2.2 Positional Predictive Models

The theory of Diophantine equations (Astrom 1997) guarantees that there exist
unique polynomials

Figh=1+fig"" + -+ fig /™ (3.18)
and ‘ ' _
GiagH=g +elad "+ +eg_ g (3.19)
that satisfy the identity
1=Fi g HA g )+ @ HGig™. (3.20)

From a more elementary point of view, F ]’.‘ (g~ 1) is the quotient of order j — 1 of
the long division of 1 by A*(¢~!) and Gj(q_l) is the corresponding remainder
multiplied by ¢/.

In order to obtain the j-steps ahead predictor for the plant output y, apply (thatis to
say, multiply in a formal sense, using the definition of ¢ ~!) the operator polynomial
F;“ (q_l) to the plant model (3.14) and use (3.18) to get

Y+ ) =Gig Hy®) + Fi(qg VB (g Huk+ j) + Fi (g~ et + j) (3.21)

The optimal least squares predictor of y(k + j) given observations up to time k
is a quantity y(k + j|k) that minimizes the quadratic cost Jp(y(k + jlk)) given by

Ip Gk + jlk) = Lyt + ) = 5+ jIo T (3.22)

Inserting (3.21) in (3.22), expanding the square and using the properties of the
statistical average yields
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2
TpG e+ 1) = (G5 Hy®) + Ff @ B @tk + ) = 5k + j1K)
1 2
+E [[F;(q— etk + )] ]
+2¢ {[G1@ ™y ® + Fa™HB @ utk + )]

Fg etk + )T (3.23)

Because F]* (¢~ 1) is a polynomial of order j — 1, the term FJ’k (g~ De(k+ j)isalinear
combination of samples of e between times k + 1 and k£ + j and, hence, the cross
term in (3.23) is the average of the product of two statistically independent terms
or, equivalently, the product of their means. Since the mean of F ;‘(q’l) is zero, it is
concluded that the cross term is zero.

Furthermore, since e is a sequence of zero mean, independent, identically distrib-
uted variables, it follows that

2 2
£ {[F;(q—l)e(k +)] ] =(1+ 24 fl) 2 62
Combining the above reasonings, it is concluded that
TG+ jI0) = (G5 Hy®) + Fia B @tk + ) = 5k + j|k>)2

+(1 +f12+...+fj2_1)203 (3.25)
The minimum of Jp (¥(k + j|k)) is therefore obtained by selecting the predictor as
Sk + jl) = Gi(g ™y + Fiq HB* (¢ Hutk +j)  (3.26)

The corresponding least-squares prediction error variance is
o2 = (1 +flz+...+fj{l)zae2 (3.27)

We now give the predictor (3.26) a form that can be more readily interpreted in
terms of the response of a linear system and, at the same time is more prone to use in
MPC. For that sake, define polynomials Ej (¢~ " and H]’.‘ (g~ ") such as to decompose

the product F;f(q_l)B*(q_l) as
Fi g HB g H=H @@ H+q7 €@ (3.28)

with
Hiq Y=mhg '+ +hjqg (3.29)
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and

Eiq =& +&q "+ &g (3.30)

Using (3.18) it is readily concluded that the coefficients of HJ’." (g~ 1) are samples of
the impulse response (also called Markov parameters) of the plant discrete transfer
function A/B. With the above definitions, the predictor (3.26) is written

Sk + jlk) = HE (g Otk + j) + Gig Hyk) + i@ Hutk = 1) (331)
Define the vector of coefficients of the j-steps ahead predictive model

T I T I ) ! (3.32)
J gO gn—l 0 m—1

and the pseudostate

s(k)é[y(k) oo yk—n+1) utk—1) --- u(k—m)]T. (3.33)

In the case of ARX plants, the pseudostate is actually a state, although not of minimum
length. A state space realization associated to it is controllable but not observable.
The case of ARMAX plants is discussed in Sect.3.2.5.

With the above definitions, the j-steps ahead least squares predictor is written in
vector notation

J
S+ jlky =D hiutk + j — i) + 7] s(k). (3.34)

i=1

Expression (3.34) has a straightforward interpretation. The predictor y(k + j|k)
is the sum of two terms:

e The free response at time k + j due to the decay of the initial condition of the state
at time k, given by ans(k) and

e The convolution of the future control moves, u(k), ..., u(k + j — 1), with the
process impulse response samples, 1, ..., hj, given by Z{:l hiu(tk + j —i).

Since it is assumed that one is at time k, the first free (that is to say, whose value is not
yet decided) sample of control is u (k). Furthermore, it is assumed that the nominal
delay of the process is 1, which explains why the summation stops at u(k + j — 1)
since hg = 0. This does not imply a loss of generality since, for plants with delays
larger than 1 it simply happens that some of the leading terms of /; vanish.

The actual value of y(k + j) and its least squares predictor given observations up
to time k are related by

yk+j) = yk+ jlk) +¢&;(k), (3.35)
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where ¢ (k) is uncorrelated with y(z + j|¢), meaning that it verifies the so called

orthogonality condition

E{Sk + jle; ()} = 0.

(3.36)

Since MPC relies on sets of predictive models over a time horizon, it is useful
to define a convenient notation to represent pencils of predictive models. Write the

predictor (3.34)for j = luptoj =T:

Sk + 111) = hyu(k) + 7{ s(k)
$(k +2|t) = hyu(k 4+ 1) + hou(k) + 7l s (k)

Yk +Tlt) = hyuk +T — 1)+ -+ hruk) + 7t s(k)

and define the vectors

YE[yk+1) - yk+T)]",
VE[Sk+10) - Sk+TIO]",
UZ[utk) - uk+T-1]",
A
E=[eik) - er®)]
and the matrices
b0 0 0
Hé hz /’ll 0 0
hr hr_ hy hy
and
A
nfml - ]

The set of predictive models is written in compact form as
Y =HU+1"s(k)

and

(3.37)
(3.38)
(3.39)
(3.40)

(3.41)

(3.42)

(3.43)

(3.44)

(3.45)

(3.46)

(3.47)

(3.48)
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Due to (3.36),
£ [ET?] —0. (3.49)

Defining
Yo 2 M7 s(k), (3.50)

the set of predictive models (3.47) may also be written as

Y =HU +Y,. (3.51)

3.2.3 Incremental Predictive Models

An alternative to the ARX model (3.14) consists in assuming that the plant is repre-
sented by

A*(g™Ny(k) = B* (g~ Hulk — 1) + dogr + n(k), (3.52)

where A*(¢g~") and B*(¢~") are co-prime polynomials in the unit delay operator
q’l, parameterized as in (3.16, 3.17), dof is an unknown constant offset and the
stochastic disturbance 1 satisfies

Alg (k) = e(k), (3.53)

with the increment operator

AgHE1-g" (3.54)

and e is a white noise sequence as in model (3.14).

The assumption (3.53) made on the stochastic disturbance amounts to state that
n is a random walk, and therefore that its power grows without bound when time
increases, and may seem somewhat artificial. It is justified because the corresponding
incremental version of the model involves only a white sequence. Actually, model
(3.52) is the basis of the widespread GPC adaptive control algorithm (Clarke et al.
1987a).

Let F j’.‘ (g~ and ij (g~ 1) satisfy the following diophantine equation

=g/ =A@ HFi@ HAGH+A6GH—¢7/Gi@™). (359

It is remarked that a solution always exists because (As_trom 1997) the maximum
common divisor of A(q’l)Ajf(q’l) and A(g~") — ¢~/ (that is equal to A(g™"))
divides 1 — ¢ —/.

Apply now A(g~")F#(g™") to both sides of (3.52) and use (3.55) to write the
j-steps ahead '
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S+ jlk) = y(kb) + Gig~HA@ Hyk)
+F (g~ YB* (g Y AGq Hulk + j). (3.56)

Defining the incremental pseudostate by

sal) 2 [yt) Ay -+ Aytk—n+1) Autk—1) - Autk—m)]".
(3.57)

the incremental predictor is written

J
P+ jlky =D hiAuk + j — i) + 7] sak). (3.58)

i=1

The pencil of predictors for j = 1 upto j = T is written

Y =HUxr 4+ Yap (3.59)
where
Un = [Au) - Aut+T-1]", (3.60)
and
Ya.o = 17 s (k). (3.61)

3.2.4 MUSMAR Predictive Models

Itis possible to consider predictive models that are alternative to the ones described in
Sects.3.2.2 and 3.2.3 and that are suitable for adaptive MPC algorithms that approx-
imate the steady-state (infinite horizon) solution of the linear-quadratic gaussian
(LQG) optimal control problem. This class of models, introduced in (Greco et al.
1984), is obtained by assuming that, along the control horizon, from & + 1 up to
k + T — 1, the manipulated variable is constrained to be a constant feedback of
the pseudostate. Using an innovations state-space model for the evolution of the
pseudostate it is possible to eliminate the dependency of y(k + j) on the samples of
u(k 4+ i) fori =1andi = j — 1. In order to use these predictors in MPC, it is also
needed to predict future values of the control samples. The details are explained in
Appendix C.
The above mentioned procedure yields the positional j-step ahead predictors for
the output
Sk + jlk) = 0ju(k) + ¥ s(k) (3.62)
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and, for the future samples of the manipulated input
u(k + jlk) = pju(k) + q)st(k). (3.63)

For ease of reference (3.62, 3.63), will hereafter be referred as “MUSMAR predic-
tors” because they are associated with the predictive adaptive MUSMAR (acronym
of Multistep, Multivariable, Adaptive Regulator) control algorithm, to be explained
latter in Sect. 3.6. Here 6; € R, u; € R, ¥; € R" and ¢; € R"s are parameters and
ng is the dimension of the pseudo-state s.

In the “ideal” case in which the plant is represented by the ARX model (3.14),
these parameters can be computed from the coefficients of the polynomials A and B
of the ARX model, and from the feedback gain assumed to act between from k + 1
up to k + T — 1. In practice, however, the parameters of (3.62, 3.63) are estimated
directly from plant data, using least squares and implying that

yk+ j) = 3k + jlk) + &} (k) (3.64)

and

u(k + j) = itk + jlk) + €' (k) (3.65)

where 8;) (k) is uncorrelated with y(¢+ j|¢)), and 8? (k) isuncorrelated with i1 (¢ + j| 1))
meaning that they verifies the orthogonality conditions

& {ﬁ(k + jlke; (k)} =0 (3.66)

and

£ {ﬁ(k + j|k)gf;(k)} =0. (3.67)

Using a common nomenclature, we say that variables such as y(k + j|k) and
y(k+ j) that differ between themselves by a term that is uncorrelated to the regressor
in y(k 4 j|k) are “equal in least-squares sense” and use the notation

ylk+j) ~ y(k + jlk). (3.68)

In addition to simplify the algorithm, the above procedure has the major advantage
that the variables that enter the pseudo-state s can be chosen in a flexible way, without
requiring the computation of predictive models with unknown dynamics. Thereby
the designer is allowed the possibility of imposing the structure of the controller, by
selecting n and m, by including feedforward terms from accessible disturbances, or
state variables that are measured. It should be clear, however, that some choices may
lead to controllers that are not able to stabilize the plant whatever the value of their
gains.
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The drawback of the predictive model (3.62, 3.63) is that, apart from j = 1, their
parameters depend not only on the plant, but on the feedback applied as well. As
a consequence if, for instance, the manipulated variable saturates for long periods,
(3.62, 3.63), with their parameters update by a recursive estimator, will loose their
capability to correctly predict y and u.

Incremental models in the case of MUSMAR predictors may also be obtained,
being of the form

ik + jlk) = pjAuk) + ¢ sa (k) (3.69)
for the output predictors, with sp given by (3.57), and
Kuk + jIk) = j du(k) + ¢ sa (k) (3.70)

for the increments of the manipulated variable.

3.2.5 The Case of Colored Noise

For ARMAX plants s is no longer a state and the least squares predictors of y may no
longer be expressed as a linear combination of a finite number of past samples of y
and u. However, it is possible to show (Mosca and Zappa 1989) that, in closed-loop
and under a constant feedback gain, the plant still admits a parametrization such that
the prediction errors still verify (3.66, 3.67) for MUSMAR predictors. Hence, even in
the case of the ARMAX plants, the parameters of the MUSMAR predictive models
can be estimated without bias with the standard least squares estimation methods.
Thus, there is no need to use estimation methods that require approximations, such
as extended least squares or maximum likelihood.

3.3 Predictive Model Identification

The predictive models in the preceding sections can be written in the form of the
linear regression model
2(i) = 0T (i) + v(i) (3.71)

where z(i) € R and ¢(i) € R"» are variables that can be measured for each index
i, ¥ is a vector of parameters to estimate, n, is the number of parameters and v (i)
is a residue that accounts for mismatches between the linear model (3.71) and the
actually observed data.

The problem to consider consists in estimating the vector of parameters ¢ from a
set of data z(i), ¢(i) fori = 1, ..., k with k the total number of observations.

For instance, to estimate the j-steps ahead predictor in (3.64), we select z(k) =
y(k + j), (k) = [uk) sT (k)]" and 9 = [0 ¢T]7. Similar choices are made to the
other predictive models.
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3.3.1 Recursive Least Squares Estimation

The least squares estimate of the parameter vector ¥ in the linear regression model
(3.71), given k observation points, is such that it minimizes the cost functional J :
R"» — R defined by

k
1 .
Bs@®) =5 2 M) — " ()07 (3.72)

i=1

Here, A is number selected between 0 and 1 called the “forgetting factor”. If A = 1
all the observation points are weighted equally in Jis. If A < 1, the more recent
(meaning that its time index is closer to k) is the observation point, the greater is the
weight associated to it. This means that observations made in the past have a smaller
influence on J s than more recent ones. Since the weight varies exponential in time,
the resulting algorithm is called “least squares with exponential forgetting”.

It is shown in Appendix B that the least squares estimate B (k) of & given obser-
vations up to time k is computed recursively from the estimate given observations
up to time k — 1 by

dk) =Dk =D+ KMk — " 0Dk = D], (3.73)
in which K (k) is called the Kalman gain, being given by
K (k) = P(k)p(k) (3.74)
where the covariance matrix P satisfies the Riccati equation

Pk = Dok k)P —1)] 1

PO =1 Pk=D) == 0Pk — Dot | &

(3.75)

Equations (3.73, 3.74, 3.75) define the RLS estimation algorithm with exponential
forgetting. If no a priori information is available about the true value of ¥, its estimate
is initialized by selecting an arbitrary vector and P (0) selected such as to reflect this
lack of knowledge, for instance P (0) = 1000/, where I is the identity matrix. Since
this choice may induce strong initial transients, this issue is discussed in much more
detail in Sect.3.9.

The above exponential forgetting algorithm defined by (3.73, 3.74, 3.75) implies
that old data is discarded no matter the relation it has with the parameters to estimate.
If some parameters have a degree of identifiability which is higher than others,
forgetting data uniformly may led to some entries of the covariance matrix to grow
unbound, leading to strong variation of the estimates. The application of Bayesian
methods solved this problem by introducing algorithms with “directional forgetting”
(Kulhavy 1987), in which data is discarded only along the directions of space that
are aligned with the directions of incoming data. One possible algorithm for RLS
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with directional forgetting reads as follows

K“):1+¢%m;$izggfr—mamr 370

P(k) = [1 — K (k)¢' (k)(1 — Bag (k))] P (k) (3.77)
and

B(k) =Dk — 1) + KK)[y(k) — 3 (k) pk)]. (3.78)

The variable Bqr(k) denotes the quantity of information discarded in each iteration,
being given according to a directional forgetting (Kulhavy 1987) scheme by

1—A

ky=1-—A\ s
Par ) T WPk = Do)

(3.79)

where A is a constant to be chosen between 0 (complete forgetting) and 1 (no forget-
ting) that determines the rate of forgetting in the direction of incoming information.

The equations that propagate the covariance matrix P in RLS either with expo-
nential forgetting (3.75) or with directional forgetting (3.77) are ill-conditioned from
a numerical point of view since they imply the subtraction of two quantities whose
difference is much smaller than their absolute value. This, in practice, a factorized
version is used (Bierman 1977) in which the matrix P is factorized as P = UDUT
where U is an upper triangular matrix with the diagonal elements equal to 1 and D
is a diagonal matrix. Instead of P, matrices U and D are propagated in time. The
major advantage is that the resulting equivalent P is always positive definite and
symmetric, no matter the numerical errors induced by roundoff.

3.3.2 Predictor Extrapolation and Redundant Estimation

In order to obtain the coefficients of the predictors (3.31) one possibility (Clarke et
al. 1987a) is to estimate the parameters of the one-step ahead predictor by RLS and
then to compute the parameters of the other predictors by extrapolation using (3.20).
This can be done with the following algorithm:

3.3.2.1 Predictor Extrapolation
1. Using RLS, estimate the parameters in the one-step ahead predictor

Pk + k) = hyutk) + 7 s (k).
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2. Let
ai = —m(i) for i =0,...,n

bo="h; and b =m1(i +n) for i =0,...,m

3. Let fy=1, and g’ = —a; 4y, fori=0,...,n—1.
4. For j = 1 up to T execute recursively

i—1
fi =8
. - .
gif :gl.JJrl —aip1fj fori=0,...,n—1
8p_1 = —anfj

J
FigH=1+ ijq_’

i=1

i .
B* g™ =D big™

i=0
Using the nomenclature in (3.28-3.30), set
wip1(i) = gij_l for i =0,...,n and
T +i) =& fori=0,...,m. O

Above, 7 (i) denotes the entry i of vector ;. A formally equal procedure can be
used to compute the parameters for incremental predictors. If the exact values of the
parameters of the one-step ahead predictor are known, the above algorithm provides
the correct value of the parameters of predictors over longer horizons. This is not the
case if the model order is not correct or if there are plant nonlinearities. Furthermore,
the plant pure delay must be known exactly in order to use the algorithm.

If, as it happens in adaptive control, the parameters of the one-step ahead predictor
are estimated with RLS there will be an estimation error that propagates and is
amplified when computing predictors over larger horizons. Furthermore, RLS is
only unbiased estimator for ARX plants. For ARMAX plants RLS will yield biased
estimates causing a significant deviation of the estimates from their correct values that
is not compensated when combining the estimator with a MPC control law (opposite
to what happens when considering the classical RLS plus minimum variance self
tuner briefly discussed in the introduction of this chapter).

Another possibility that circumvents these problems is to separately estimate
the parameters for all parameters. For the MUSMAR parameters (3.62) does not
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entail a big increase of the computational load since the regressor is the same for all
the predictive models, and is given by ¢(k) = [u(k) sT(k)]T. Therefore, only one
covariance matrix must be propagated in time.

In the ideal situation in which the plant is linear with a known order, separate
estimation of the predictors is redundant and the parameters of the predictive models
are not identifiable. Unidentifiability of the parameters is a drawback that can be
solved by using RLS with directional forgetting. The advantage is that, in practical
situations, improves predictive performance since extrapolating the one-stepa ahead
predictor yields a bigger error than direct estimation. Furthermore, as discuss below
in Sect. 3.6.2, separate predictor identification with RLS leads to an adaptive control
algorithm that, at least locally, adjusts the controller gains such as to minimize the
underlying cost and progressing a Newton direction (Mosca et al. 1989).

3.4 The GPC Algorithm

Assuming that there are not inequality constraints and that the plant is described by
a linear model, the control law that minimizes the quadratic cost functional (3.4)
can be computed explicitly using knowledge of the predictive model parameters.
Depending on the different type of predictive models used, different control laws
will be issued.

If the plant is described by the pencil of incremental predictive models (3.51), the
Generalized Predictive Control (GPC) law will be issued (Clarke et al. 1987a, b).
To deduce this control law, write (3.4) in the form

sr=e{(y =) (v = v*) + pufusiT}, (3.80)

where Y is a vector of future plant output samples, as in (3.41), Y* is a vector of
corresponding future virtual references and U, is a vector as in (3.60), but with the
control increment samples replaced by virtual control increment samples. Inserting
the vector predictive model (3.59) in (3.80) and using the fact that the residue vector
E is uncorrelated with the predictor, yields

Jr = UKMUA +2(YA,0 — Y*)T HUA + (YA’() — Y*)T (YA,() — Y*)
+5{ETE}, (3.81)

where

ME2HTH 1 pI, (3.82)

with H the matrix of plant Markov parameters given by (3.45).
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In order to find the value of U, that minimizes Jr consider a generic quadratic
function of U with minimum at U%, written as

T
Jgen = (UA - UZ) M (UA — UZ) (3.83)
and expand it to get
Joen = UL MU — 205" MU + UL U (3.84)

Comparing the second term of (3.84) with the second term of (3.81), yields the
optimal sequence of virtual control

Ui =-M""H" (Yao—-Y"). (3.85)

According to the receding horizon strategy explained in Sect. 3.1, only the first ele-
ment of this vector of virtual manipulated variables is actually applied to the plant.
This is Au(k), the GPC control law is written as

uk) =utk —1) —el M~ HT (Ya 0 —Y*), (3.86)

WhereélT = [1 o - 0].
By recalling (3.61), the GPC control law can also be written as a feedback from
the pseudostate plus a feedforward term

u(k) =uk — 1)—FTSA(k)+uff(k), (3.87)
where the vector of feedback gains, F, is given by
F=TIHM "¢, (3.88)
and the feedforward term is
ugp(k) =el M~ 'HTY*. (3.89)

Figure 3.2 summarizes the structure of the GPC control algorithm applied to an
ARX plant. At the beginning of each sampling interval the estimates of the parame-
ters of the one step-ahead plant output predictor are updated using the RLS algorithm,
either with exponential forgetting (Eqs. (3.73-3.75)) or with directional forgetting
(Egs. (3.76-3.79). From these estimates, the parameters of multiple steps ahead pre-
dictors are obtained by extrapolation using the algorithm os Sect.3.3.2. From the
estimates of the predictor parameters and the virtual reference compute the manip-
ulated variable using (3.86) or, equivalently (3.87). If the plant delay is not 1, make
T1 equal to the plant delay, estimate by RLS the parameters of the 77-steps ahead
predictor and obtain the remaining predictors by extrapolation.
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Fig. 3.2 Structure of the GPC adaptive control algorithm

3.5 Constraints

There are two types of constraints:

e Operational constraints;
e Stability constraints.

3.5.1 Operational Constraints

Operational constraints are constraints added to the problem of minimizing the cost
in order to comply with operational specifications. For instance in a DCSF, the fluid
flow must be kept between a minimum and a maximum value, and the temperature
may not exceed a certain safety value. Thus, in general, the problem of computing
the manipulated variable is formulated as

min J7 (Un) (3.90)
Una
subject to
AUpr—D, <0 (3.91)

and

ayY —by, <0 (3.92)
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where A,, b, Ay and by are matrices and the inequalities are taken for each entry
of the vectors. In order to solve this problem, one must resort to numerical methods.
The references (Adetola et al. 2009; Kim and Sugie 2008; Kim et al. 2008; Maniar et
al. 1997; Nikolakopoulos et al. 2006; Tanaskovic et al. 2013; Veres and Norton 1993)
provide several adaptive predictive controllers that incorporate hard constraints such
as these ones.

3.5.2 Stability Constraints

A major concern is to ensure the stability of the closed-loop resulting from the control
algorithm being used. Without any constraints, the control yielded by the minimiza-
tion of a cost defined over a finite horizon does not necessarily ensure stability.

When the control horizon 7, is equal to the prediction horizon 7', GPC applied to
the regulation problem (meaning that the reference to track is zero) yields feedback
gains that are equal to the ones obtained by iterating backwards T steps of the Riccati
equation associated to an equivalent LQ control optimization problem (Clarke et al.
1987a; Mosca 1995). The gains that result from the solution of the LQ problem for
an infinite horizon stabilize the closed-loop but, for short values of the prediction
horizon, the resulting gains may be quite different from the steady-state ones. In
practice, it is expected that, by enlarging the horizon 7', a better approximation of
the steady-state LQ gains is obtained and GPC yields stabilizing gains.

The desire to provide conditions on the value of T to obtain stabilizing gains lead
to a number of modifications of the basic MPC algorithms (Mosca 1995; Bitmead et
al. 1990). The constraint that the plant state vanishes in the end of the optimization
horizon solves this problem and gives rise to algorithms like SIORHC (for “Stable
Input—output Receding Horizon Controller”) (Mosca 1995). It is remarked that in the
linear case imposing this constraint does not cause any numerical difficulties since
the solution may still be obtained in closed-form.

3.6 The MUSMAR Algorithm

The Multistep, Multivariable Adaptive Regulator MUSMAR) was designed (Greco
et al. 1984) so as to approximate the Kleinman’s iterations to solve numerically the
steady-state Riccati equation associated to the minimization of J7 when T — oo.

3.6.1 The Basic Algorithm

The MUSMAR algorithm relies on the predictive models (3.62) described in
Sect.3.2.4, that are used to minimize the cost (3.4) in a receding horizon sense,
and reads as follows for positional models:
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3.6.1.1 MUSMAR Positional Algorithm

At the beginning of each sampling interval k (discrete time), recursively perform the
following steps:

1. Sample plant output, y(k) and use 3.7 to compute the tracking error y, with respect
to the virtual set-point r*.

2. Using RLS with directional forgetting, update the estimates of the parameters 0,
¥, nj—1 and ¢;_1 in the following set of predictive models

Fk+ j) ~ Oju(k) + s (k) (3.93)
utk 4 j = 1) ~ pj—quk) +¢;_ysk) (3.94)
for
j=1,...,T.

Here, ~ denotes equality in least squares sense and s (k) is given by

sty =[5(k) -+ Sk —n+ 1D utk —1) - u(k —m)
d(ky - dk —nyn)1" (3.95)

where the d are samples of the feedforward signal incoming from accessible distur-
bances. Since, at time k, y(k 4+ j) and u(k + j) are not available for j > 1, for the
purpose of estimating the parameters, the variables in (3.93) are delayed in block of
T samples. The RLS estimation equations are thus,

Pk —Dok =T)

K (k) = 1+¢k—T)Pk — Dok —T)[1 — B((k)]

(3.96)

and

Pk) =[I — K(k)¢'(k = T)(1 = B(k))1P(k — 1) (3.97)
where, for j =1, ..., T,
O;k)=0;k—D+K®[yk —T+j)—0jtk —=T) ok —T)]  (3.98)
andfor j=1,...,T —1

Qi) =Qjtk — 1)+ K [uk — T + j) — Qik — TV otk —T)].  (3.99)



3.6 The MUSMAR Algorithm 75

In these equations, &) j represents the estimate of the parameter vector of the output
predictors, given at each discrete time k and for each predictor j by

0, =10 v} (3.100)
and ¢ (k — T) represents the regressor, common to all predictors, given by
ot —T)=[ut—-T)s't—-T)]. (3.101)

Similarly, Q ;j represents the estimate of the parameter vector of the input predictors,
given at each discrete time and for each predictor j by

Q= (u; ¢} (3.102)

Since the regressor ¢ (k — T') is common to all the predictive models, the Kalman
gain update (3.96) and the covariance matrix update (3.97) are also common to all the
predictors and need to be performed only once per time iteration. This computational
organization greatly reduces the computational load.

3. Apply to the plant the control given by

u(t) = F'st) + n(t) (3.103)

where 7 is a white dither noise of small amplitude and F is the vector of controller
gains, computed from the estimates of the predictive models by

T T—1
1
F=— D0+ D mid |- (3.104)
j=I j=1
with the normalization factor @ > 0 given by

T T—1
a=>0r+p[1+D ui]. (3.105)
j=1 j=1

O

Figure 3.3 shows the structure of the MUSMAR controller. The core of the algo-
rithm is a linear controller that computes the manipulated variable through a feedback
of the pseudo-state. The gains of this controller are adapted by an adaptation mecha-
nism that consists of two major blocks. One of the blocks estimates the parameters of
a set of predictive models. Using these estimates, according to a certainty equivalence
strategy, the other block updates the gains of the linear controller.

An incremental version of MUSMAR can be obtained as well, in a similar way
as for GPC, by using the MUSMAR incremental predictors (3.69, 3.70).
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Fig. 3.3 Structure of the MUSMAR controller

3.6.2 MUSMAR as a Cost Optimizer

The convergence properties of the adaptive algorithm applied to each of the local
controllers are summarized in the following propositions whose proofs are shown in
the Appendix F.

Proposition 1 Moscaetal. (1989) Let Fi—1 be the controller gains computed by the
MUSMAR algorithm. These gains are supposed to be applied to the controller for a
number of past iterations long enough such that the estimator has converged and let
the vector of update gains Fy be computed from (3.104) in such a way that the predic-
tor parameters are replaced by their least-squares estimates at equilibrium. Then,

1 1
Fr=F,_1— ——R. (Fi_)V7Jr(Fi—1), 3.106
k k—1 S Fep) s (Fr—)VrJr (Fr-1) ( )
where
L T—1
a(Feet) = 67 (Feon) + p(l +> u?(Fk_n), (3.107)
i=1 i=1
and

Ry(Fio1) = lim E[s(1)s'(1)] (3.108)
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and V7 (Fr_1) is the gradient of the receding horizon cost (3.4), computed for
F = F_1. (Il

This proposition states that, if the prediction horizon T is large enough, each of
the local adaptive controllers adjust the gains in a “Newton direction” in the process
of minimizing the underlying steady-state (infinite horizon) quadratic cost

Joo = lim € {yz(k) + pulk — 1)} (3.109)

In general, nothing can be proved about the convergence properties of the MUS-
MAR algorithm. However, if T is large enough, V7 J; (F) is a tight approximation
to the gradient of the steady state cost (3.109), VJo (F), and the controller gains are
then updated by

1
Fr=F_y — —— RN (Fi_ ) Vs (Fi_ 3.110
k k—1 e Fey s (Fr—1)VJoo(Fi—1) ( )

In this limit case, the following proposition holds:

Proposition 2 Moscaetal. (1989) Consider the regulation problem (zero reference).
For the controller with the controller gains updated by (3.104, 3.105), the only
possible convergence gains are local minima of the steady-state underlying cost Jo,
constrained to the local controller structure imposed by the choice of the pseudo-
state s. ([

3.6.3 Constraints in MUSMAR

Constraints in the instantaneous value of either the input or the output cannot be
incorporated in MUSMAR because, in such case, the assumption of a constant gain
underlying MUSMAR predictors would not be valid. However, it is possible to
impose constraints in the average vale of the manipulated variable.

Consider the problem of minimizing the steady state value of the plant output

min lim & [yz(k)] (3.111)
k—o00
subject to the constraint on the input power
eliw] = (3.112)

where c is a constant.
The above problem can be solved in an approximate way using the MUSMAR
algorithm and updating the control weight p along discrete time k using
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pk) = ptk — 1) + scptk — 1) (uz(k— 1)—c2), (3.113)

where ¢, is a small parameter.
As a simulation example of the use of the MUSMAR algorithm with constraints,
consider the ARMAX plant defined by the difference equation

yk)=—yk —=1)—=04yk =2) +uk — 1)+ e(k) —0.7e(k —1). (3.114)

Although this plant is of second order, the selected controller structure matchs a
first order plant, and is defined by

u(k) = fiytk) + fou(k —1). (3.115)

The controller gains f1 and f> are to be adaptively designed such as to minimize
the steady state variance of the output (3.111), subject to the constraint (3.112) with
2 =1.88. Figure 3.4 shows the contour lines of the cost (3.111). This function has
a minimum at the point indicated by the sign + in Fig.3.4. The shadowed region
indicates the range of values of f1 and f; that satisfy the constraint. The constrained
minimum (CM) is indicated by the sign ‘0’.

Figure 3.5 depicts the time evolution of the controller gains computed by MUS-
MAR with the weight p updated by (3.113). The thin straight lines indicate the
optimum constrained values of f; = 1.666 and f> — 0.247 (that are unknown to the
algorithm and have been included for the sake of comparison). The average of the
values of the gains yielded by MUSMAR after convergence is shown by the sign * in
Fig.3.4. As can be seen, MUSMAR tightly approximates the constrained minimum.
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Fig. 3.5 Simulation example of MUSMAR with constraints. Evolution of the controller gains. The
horizon straight lines indicate the optimal gains for comparison

3.6.4 Dynamic Cost

The design of controllers based on a quadratic cost such as (3.109) or its receding
horizon approximation (3.4) can be improved by the inclusion of dynamic weights.
This modification allows both to shape the response obtained for the closed loop
system and to enhance the controller robustness with respect to unmodeled plant
dynamics. In order to understand how this can be done, let the plant be described by
the input—output model

A(g)y(k) = B(q)u(k) +d(k), (3.116)

in which A and B are polynomials in the ward shift operator ¢, k denotes discrete
time, u is the manipulated variable, y is the process output and d is a disturbance.
Let H(q) be a polynomial such that H(1) = 1 and define the filtered variables

H
yu (k) = qa(z)y(k) (3.117)

and

H
up (k) = %u(k), (3.118)
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where d H denotes the degree of H. Multiplying the plant model (3.116) by ) ¢

is recognized that the filtered variables are related by the model o
A(q)yn (k) = B(q)up (k) + q(q)d(k) (3.119)
Consider now the causal linear controller
r(quy (k) = =S(q)yn (k) + T (q)r(k), (3.120)

in which r is the reference to track and R, S and T are polynomials in ¢ that minimize

Iy = lim € {(H(q)y(k) —r(k)* + p(H(q)u(k)z} : (3.121)

For generic values of R, S and T, the closed-loop model is obtained by eliminating
ug in (3.119) and (3.120), and is given by

BT 1
y(k) = (AR+BS)Hr(k)+ AR+Bsq6_Hd(k)' (3.122)

Let d(k) = C(q)e(k) with e a white noise sequence (ARMAX model). In this
case, if R, S and T minimize Jy, then they satisfy (Mosca 1995)

T(q)=C(g9)H(q) (3.123)
and the linear diophantine equation

A(@)R(q) + B(q)S(q) = Q(q)C(q)H(q), (3.124)

where Q(q) is a monic, hurwitz polynomial obtained by solving the spectral factor-
ization problem

y0@)0G ™" = pARAGET") + B()Bz ), (3.125)

where y is a normalizing constant. Therefore, for the the optimal controller, using
(3.123) and (3.124) in (3.122), the closed-loop model becomes

w=2 Liws L 2"
T ™Y T o T H

d(k). (3.126)

From (3.126) it is concluded that the control law that results from the optimization of
(3.121) causes the plant output to track the reference filtered by 1/ H (¢). Furthermore,
the effect of the disturbance is also filtered by 1/H (q). Since H is a polynomial,
1/H (q) is a low pass filter and the high frequency components of the disturbance
are therefore washed out.

In order to use a MUSMAR type approximation of the steady-state quadratic
cost with dynamic weights (3.121), one should use the basic MUSMAR algorithm
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described in Sect.3.6.1 with y and u replaced by its filtered versions. From the
resulting u i compute then the control to apply to the plant by

dH

“O =4y

up (k). (3.127)

As shown below, the inclusion of dynamic weights yields a significant improvement
when controlling a DCSF because of the high frequency dynamics that is inevitably
neglected with a finite dimensional model.

3.7 Using MUSMAR in Practical Examples

Before considering the application of MUSMAR to DCSFs, three other examples
are considered that the following plants described in Chap. 2:

e Air heating fan (Sect.2.5.4);
e Superheated steam in a boiler (Sect.2.5.5);
e Trailing centreline temperature in arc welding (Sect.2.5.6).

These examples have been chosen because they concern processes that involve trans-
port phenomena. Specially in the first two cases, there is a similitude with the dynam-
ics of DCSFs. In each case it is explained how to choose the parameters that configure
MUSMAR and the type of results that are obtained. The first example uses a labo-
ratory plant, while examples 2 and 3 concern industrial plants.

When applying MUSMAR to a specific plant, the first step is to select the para-
meters that configure the controller in order to yield the best performance. This step
is usually an iterative process in which one starts by an initial guess of what might
be adequate parameters, makes simulations or plant experiments to improve each
parameter and repeats this procedure until a satisfying configuration is obtained.

In order to configure MUSMAR the value of the following parameters must be
chosen:

e Minimum prediction horizon T, in the cost (3.4). Set this to the value of the plant
delay if this is known. Otherwise, set it to 1. In all the examples hereafter we
choose 71 = 1;

e Prediction horizon T , in the cost (3.4). Usually, there is a U-shaped dependency of
the experimental cost on 7'. This can be understood in qualitative terms as follows:
For small values of T the steady-state of the cost is not yet attained. For instance,
if the process is nonminimum-phase, low values of 7" may not even stabilize
the closed-loop. When T increases the steady-state controller gains are better
approximated and this usually results in a performance improvement. However,
when the horizon increases predictors become be less accurate and this causes a
degradation of performance.

e Forgetting factor A. Decreasing the forgetting factor makes the controller for agile
to track changes in plant dynamics but increases the variance of the parameter
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estimation error which in turn limits the best achievable performance. Due to the
fact that MUSMAR uses a redundant description of the plant it is advantageous to
use directional forgetting.

e Number of samples in the pseudo-state (3.33) of the output, n, and of the manip-
ulated variable, m. In general, performance improves when the controller com-
plexity n + m increases. However, for constant n 4+ m a better performance is
yielded when n increases. It is remarked that other variables can be included with
advantage in the pseudo-state, for instance accessible disturbances or physical
variables related to plant state. If this is the case, the number of delayed samples of
these variables that is included in the pseudo-state also affects performance. For
instance, if the variable is an almost constant disturbance that only presents low
frequency changes in time, the best is to include just one sample. If, instead, the
variable changes in a time scale similar to plant dynamics, more samples may be
included and this has to be studied.

e Penalty on the effort of the manipulated variable p, in the cost (3.4). In general,
decreasing p reduces the tracking error variance but increases the variance of
the manipulated variable of of its variations, depending whether a positional or
incremental algorithm is used. As shown in example 2, it is possible to increase
p such that, with only a small degradation of tracking performance, there is a
significant decrease in the variance of the manipulated variable, thus reducing
the wearing of the actuator. It is remarked that, for large values of T so as to
approximate the infinite LQ gains, the influence of rho on the poles of the closed-
loop system can be studied by using the root-square locus (Lewis and Syrmos
1995). Another aspect to consider is the fact that, in the absence of integral effect,
the tracking error will exhibit a steady-state offset that is bigger the bigger is the
value of p.

e Sampling period T;. The sampling period must be selected in accordance to the
process dominant time constant. Too small sampling periods cause zeros of the
discrete time model to migrate to the outside of the unit circle, thereby posing dif-
ficulties to the controller (for instance requiring that the horizon is increased). Too
long sampling intervals may lead to an inadequate consideration of fast process
modes and to inter-sample variance. Furthermore, one should bear in mind that
during the sampling time the process is operating in open-loop. Thus, if a dis-
turbance appears in-between two sampling instants, the controller will start to
take actions to reject it only at the next sampling instant. Furthermore, the equiv-
alent prediction horizon for the continuous-time dynamics is the product of the
discrete-time horizon 7' and the sampling interval.

e Parameters of dynamic weight filters. These filters have influence in three aspects:
Shaping the process output response to reference changes, high frequency noise
filtering and robustness with respect to unmodeled dynamics.

These issues are now illustrated through the following examples as well as through
the application to the control of temperature in a DCSF.
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3.7.1 Example 1: Air Heating Fan

This example concerns the control of the temperature in a air hearting fan of the type
described in Sect. 2.5.4, with the difference that the heating element is concentrated
in a limited region of space, at the beginning of the pipe that drives the air. Hence, the
plant dynamics includes a pure transport delay between the actuation and the plant
output.

Figure 3.6 shows the dependence of the experimental loss obtained in steady-state
for different values of the prediction horizon 7. For low values of the prediction
horizon (T = 1 and T = 2) the controller is not able to stabilize the closed-loop
system, a fact due to the existence of a pure transport delay that demands a minimum
value of T. For higher values of T there is a U-shaped dependency.

MUSMAR has been used with a prediction horizon 77 = 5, a penalty in the
manipulated variable p = 0.001 and a dither noise variance 0,72 = 0.01. The structure
of the pseudostate is defined by including n, = 3 samples of the tracking error,
np = 1 sample of the manipulated variable and ny, = 1 sample of the reference to
track. The predictor parameters are estimated using RLS with directional forgetting,
with an initial value of the covariance matrix of P(0) = 1000, and a directional
forgetting factor of A = 0.005. The sampling interval is 0.05s.

Figure 3.7 shows a plot of the results obtained. The reference and temperature are
plotted on the graphic of the top, the manipulated manipulated variable is plotted in
the middle and 4 of the 5 controller gains are plotted below. All the plant input/output
variable units are (V) (the units of the transducer), the range being between 0 and 5 V.

The evolution of the experiment protocol is as follows: after turning on the system,
including the activation of MUSMAR, there is a sequence of steps of the reference that
drive the air output temperature from a value corresponding to ambient temperature
(0V) to a value corresponding to 3.5 V. During this period, that lasts for about 1200
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Fig.3.7 Control of an air heating fan using MUSMAR. Reference and temperature (above), manip-
ulated variable (middle) and controller gains (below)
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samples, the gains converge after an initial adaptation transient. During the first five
samples the gains are forced to be equal to a value that corresponds to an acceptable
performance, but far from the optimum one.

The changes of the reference value help in the convergence of the controller gains.
After this initial period, the reference is kept constant for a long period, up to sample
8000. During this period, although the tracking error power is kept approximately
constant by the controller, there is a reduction of the average value of the manipulated
variable, due to a slow adjustment of the controller gains. This happens because the
pipe is slowly accumulating heat and, in this process, less and less heat is required to
be released by the manipulator in order to keep the outlet air temperature at a constant
value. In other words, this example illustrates the adaptation of the controller gains
to a change in linearized process dynamics.

At sample 8000 there is a change in the reference value and, at sample 8500 (the
time instant marked by the arrow labeled A), there is a sudden change in the position
of the air admission register. This change is caused by an external factor and is
included in order to exhibit the algorithm response to a rupture in dynamics, such as
the one caused by a fault in a plant component. The manipulated variable is adjusted
by feedback but, in addition, there is a readjustment in controller gains to meet the
new plant dynamics. It is remarked that, in addition to a parameter change there is
also a change of plant input/output transport delay because the flow of air is affected.
MUSMAR is able to tackle this change in delay because of its structure based on
a multistep cost function. The convergence speed of the gain re-settlement can be
improved by manipulating the RLS covariance matrix (Costa and Lemos 1991).

3.7.2 Example 2: Superheated Steam in a Boiler

Example 2 concerns the temperature control of super-heated steam in the boiler unit
described in Sect.2.5.5. As explained in this section, the objective is to regulate the
steam temperature at the outlet of a superheater by manipulating the command of
the spray water injection valve position.

The prediction horizon was set at 7 = 15 discrete time instants and the sampling
interval was Ty = 5s. This means that, in continuous time, the prediction horizon
is T x Ts; = 75s. This value should be selected bearing in mind that the time scale
of the plant, including the pure delay, varies with the value of steam flow. Indeed,
since the water spray is injected at the input of the superheater (a set of parallel
pipes through steam is made to pass in order to recover heat from the flue gas of
the furnace) its influence at the output depends on the travel time which, in turn,
is inversely proportional to steam flow. Hence, the higher the value of the flow, the
faster becomes the response, with a smaller pure delay. For instance, if T = 10
and Ty = 2s the controller yields acceptable results at the maximum steam flow of
1501t/h, but is unable to even stabilize the plant at the minimum flow of 100 t/h.

Furthermore, it should be kept in mind that there are some trade-offs in selecting.
As already mentioned in the general remarks made in the begining of Sect. 3.7, the
value sampling value must neither be decreased beyond a certain value, because
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Fig. 3.8 Control of superheated steam temperature in a boiler unit with MUSMAR. Effect of the
penalty parameter p on the standard deviations of the tracking error [°C] and of the valve position [%]

the resulting sampled dynamics may become nonminimum phase, nor be increased
too much, because the plant is working in open loop between sampling intervals.
Therefore, to encompass the possible outcomes of plant dynamic time scale due to
changes of steam flow one must increase 7. However, this increase has also a limit
because, due to the loss of precision of predictors over large horizons, the overall
performance also starts to degrade for high values of T'.

In conclusion, one has to evaluate the possible ranges of 7" and T, by using a
priori information about the plant and preliminary plant experiments, and optimize
their values within them.

Another controller tuning knob is the value of the manipulated variable penalty, p
that also forms an important way to configure the type of response of the controlled
system. Figure 3.8 shows the effect of p on the standard deviations of the valve move
oy (expressed in [%]) and of the tracking error oy (expressed in [°C]). When p
increases, o, decreases and o, increases. This means that there is a trade-of in the
selection of p. Above a certain threshold of p the controller is in this case no longer
able to stabilize the closed-loop.

In the example, the pseudostate contains n, = 3 samples of the tracking error,
np = 2 samples of the manipulated variable, 1 sample of the steam temperature at
the input of the superheater and immediately after the water injection, 2 samples of
the steam flow, 2 samples of the flow of air entering the furnace and 1 sample of a
constant whose value is the average of the manipulated variable.
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Fig. 3.9 Control of superheated steam temperature in a boiler unit with MUSMAR

The estimation of the predictor parameters is done with directional forgetting
using a factorized algorithm and with a forgetting factor of A = 0.998. The initial
value of the covariance matrix is P(0) = 1000/. The standard deviation of the dither
noise 7 was set to a value corresponding to 1 % of the maximum valve opening.

Figure 3.9 shows the record of an experiment performed using the above con-
figuration of MUSMAR. Initially, the plant is operated by a controller made by a
cascade of two PID controllers. The inner loop controls the steam temperature at
the injection point and the outer loop controls the superheated steam temperature by
manipulating the reference of the inner loop. In adition, there are feedforward effects
from the steam flow and the flow of the air entering the furnace.

Although this controller has been optimized by the plant technical staff, when the
adaptive controller is connected (at the instant marked by the arrow with the label
“Adaptation stars”), the standard deviation of the tracking error is reduced by a factor
of more than 3. This happens no matter the persistent disturbance caused by constant
stochastic variations of stem flow between 145 t/h and 150 t/h, due to consumption
by two industrial chemical plants, in addition to power production with a turbine.
Initially, a value of p = 0.05 is used. When this parameter is further reduced to
p = 0.01 (at the instant marked by the arrow labeled “p reduced”), the off-set between
the average steam temperature and the reference is reduced since integral effect is
turned off as well as the fluctuations around the mean value. This improvement in
reference tracking has the reverse payback of implying an increase in the standard
deviation of the valve command from 1,6 to 4 %, in accordance to Fig. 3.8.
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When adaptation is turned off (at the instant marked by the arrow with the label
“Adaptation stars”), the standard plant controller enters again in operation and the
tracking performance degrades. Further details on the application of MUSMAR to
this plant, including a relation of control performance with plant economic perfor-
mance, can be seen in Silva et al. (2000).

3.7.3 Example 3: Arc Welding

In this example the process described in Sect.2.5.6 is controlled with MUSMAR.
Further results can be found in Santos et al. (2000).

MUSMAR predictors are identified using directional forgetting RLS with A =
0.98. The weight on the penalty of the manipulated variable is chosen to be p = 500.
Figure 3.10 shows the cost dependency on the sampling frequency. In the results
shown here the value of 3Hz has been chosen for the sampling frequency. The
choice n = m = 3 leads to a control structure whose performance is of the order of
the minimum achievable with the least possible value of n + m. For this value of n
and m, Fig.3.11 represents the cost dependence on the horizon T'.

Finally, Fig. 3.12 shows a record of a temperature control experiment when using
the above configuration applied to a workpiece consisting of a steel bar of 12mm
thickness in series with another bar of 6 mm thickness. This change of dimensions
imply that the controller has to adapt its gains when passing from one part of the
piece to the other, a fact that is apparent from the controller gains record in Fig.3.12.
In order to eliminate a steady-state tracking offset an integrator fed with the tracking
error has been included in parallel with MUSMAR (Santos et al. 2000).

3.8 Solar Field Predictive Adaptive Control

Hereafter with describe some experimental results obtained with the predictive adap-
tive controller MUSMAR when applied to the DCSF described in Sect.1.2.1 of
Chap. 1. We start by considering the basic MUSMAR algorithm as presented in
Sect.3.6.1. Then, in order to eliminate undesirable high frequency oscillations that
may be present in the manipulated variable, the algorithm modified by the inclusion
of dynamic weights is used. Finally, taking advantage of the robustness of MUSMAR
with respect to variations in plant input/output transport delay, cascade control such
as depicted in the block diagram of Fig. 1.15 of Chap. I is exemplified.

3.8.1 The Basic Algorithm

We start by considering that the basic MUSMAR algorithm is interconnected to the
DCSF such as shown in Fig. 1.13 of Chap. 1. The controller structure is defined by
including in the pseudo-state (3.33) 3 samples of the tracking error and 2 samples of
the manipulated variable. Furthermore, in order to incorporate feedforward effects,
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Fig. 3.11 Control of arc welding trailing centerline temperature with MUSMAR. Cost dependence
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Fig. 3.12 Control of arc welding trailing centerline temperature with MUSMAR. Temperature and
reference (above), electric tension (middle) and controller gains (below)

the pseudo-state includes also 1 sample of the reference to track, 1 sample of the
solar radiation and 1 sample of the inlet fluid temperature. The sampling interval is
15s and the prediction horizon is T = 15 samples.

Figure 3.13 shows the record of experimental results of the outlet fluid tempera-
ture and reference (top) and fluid flow (below). Figure 3.14 shows the record of the
solar radiation during the period of the experiment. The plot shows the results since
MUSMAR is activated. In order to reduce the adaptation transient, during the initial
20 steps a set of constant gains is used. At the time instant marked by the arrows
labeled A one of the collector loops is disconnected, causing a disturbance in the tem-
perature as well as a change in the stating gain of the plant, which is reduced by 10 %
(since there are 10 collector loops in parallel), causing MUSMAR to adapt its gains.

3.8.2 Temperature Control with a Dynamic Cost

When using the basic version of MUSMAR, there is a high frequency oscillation
in the manipulated variable that is due to the high frequency DCSF dynamics that
includes multiple anti-resonance peaks. In some cases, such as the example shown in
Fig.3.15 this high frequency oscillation can take the form of bursts that cause actuator
wearing. As shown in Fig.3.16, this high frequency oscillation is eliminated by the
inclusion of dynamic weights in MUSMAR, according to the algorithm described in
Sect.3.6.4.
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Fig. 3.13 Temperature control in a DCF with the basic MUSMAR algorithm. Outlet fluid temper-
ature and reference (top) and fluid flow (below). Experimental results

3.8.3 Cascade Control

As explained in Chap. 1 the outlet of the collector loops is passed to a passive pipe and
brought back to the storage tank, where it enters at the top. The passive pipe introduces
a long delay that varies with the value of fluid flow. In a cascade control framework,
the average of the temperatures at the outlet of the collector loops is taken as the inter-
mediate variable. In this way, the dynamics is decomposed in two parts: The dynamics
of the collector loops, that relates the fluid flow to the average of the temperatures
at the collectors outlets, 7, and the dynamics of the pipe connecting the outlet of the
loops with the inlet of the storage tank, that relates the temperatures in both points.

The former corresponds to the faster time constant, with a value of about 3 min.
The latter corresponds to the slower part of the dynamics, made of a pure delay of
about 9 min that varies with the fluid flow, in series with a time constant of about 2 min.

When using cascade control as in the block diagram of Fig. 1.15, the problems of
rejecting disturbances in both subsystems are split apart.

Figure3.17 shows experimental results obtained with cascade multi-rate MUS-
MAR control. In this experiment both 77 and 7> (the prediction horizons on both
MUSMAR controllers in the cascade structure of Fig. 1.15) are made equal to 15
samples. The sampling intervals of both controllers are different, with the sam-
pling interval of the inner controller 41 = 15s and the one of the outer controller
h> = 60s. When h5 increases, the pure delay in P, measured in number of samples
decreases.
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Fig. 3.14 The solar radiation in the experiment of Fig.3.13
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Fig. 3.15 Temperature control in a DCF with the basic MUSMAR algorithm in a situation where
there are bursts of high frequency oscillation in the manipulated variable. Outlet fluid temperature
and reference (top) and fluid flow (below). Experimental results
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Fig.3.16 Temperature control ina DCF with the MUSMAR algorithm modified to include dynamic
weights. Outlet fluid temperature and reference (top) and fluid flow (below). Experimental results.
Compare with the results in Fig. 3.15. The high frequency oscillation in the manipulated variable is
eliminated by the inclusion of dynamic weights

The orders are set equal in both controllers and given by n; = 3, m; = 2. The
control weight p; is set equal to 0.001 in both controllers and the variance of the
dither noise is 0.01.

The pure delay is apparent in Fig. 3.17, where the heat loss in the pipe connecting
the outlet of the collector loops to the storage tank is also seen. The outer loop
controller adjusts the set-point of the inner loop, such that y; is high enough to
compensate for the thermal losses in the pipe and let the temperature at the inlet of
the tank be equal to the set-point.

3.9 Dual Control and Start-Up

A major practical issue when controlling a plant whose dynamics is a priori unknown
with an adaptive algorithm is the reduction of the start-up adaptation transient time.
Many algorithms relies on the Certainty Equivalence Principle (CEP) (Astrom 1987),
meaning that the plant parameters are estimated on-line from plant data and the
estimates are used to redesign the control law.

In this case, if the initial controller gains do not stabilize the plant, a strong burst
at both the input and output signals may result, known as the adaptation transient.
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Fig. 3.17 Cascade control in a DCF with the MUSMAR algorithm. Experimental results

This instability effect can however help the controller in providing the adaptation
mechanism with enough information to correctly identify the plant model. This
compromise between the competing objectives of the control action (that tries to
keep the plant state still) and plant model identification (that requires the plant state
to be disturbed) is known as the “dual effect”.

It can however happen that the start-up adaptation transient may be so strong as
to prevent the practical use of the algorithm due to constraint violation. It may also
drive the adaptation mechanism to a state where return to the optimum is very slow
or even impossible due to the existence of local minima.

Therefore it is necessary to balance the dual actions of probing (system excitation
in order to improve model estimation) and caution (reduction of excitation in order to
improve control performance). Finding the adequate balance of the system excitation
level so as to achieve a good control performance with adequate parameter excitation
is the dual control problem.

The exact solution of the optimal dual control problem cannot be obtained exactly
in general, neither analytically nor numerically. This is because of the growing dimen-
sion of the underlying space when time grows, in which alternate minimization and
mean value evaluations have to be performed. Therefore, one must resort to approx-
imate solutions of the solution for the dual problem.

Hereafter, the dual MUSMAR algorithm is obtained by modifying the basic MUS-
MAR predictive adaptive controller according to the bi-criteria approach (Filatov et
al. 1997, Filatov and Unbehauen 2004).
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3.9.1 The Bi-criteria Approach

The bi-criteria approach for the approximation of dual controllers relies on the con-
sideration of two cost functionals at each sampling interval k

e the control cost, ch and
e the uncertainty cost, J{.

These two cost functionals correspond to the two objectives of dual control: control-
ling the process and generate an excitation such as to accelerate the convergence of
parameter estimation. A dual adaptive controller based on the bi-criteria approach is
obtained by the sequential minimization of both criteria according to the following
steps (Filatov et al. 1997; Filatov and Unbehauen 2004) (see also Fig.3.18 for an
interpretation):

1. Obtain the cautious control component u. (k) by minimizing the control cost J; :
uc(k) = argmin,, ;) Jy . (3.128)

2. Minimize the functional associated with uncertainty, J,f, in the interval 2
given by

Qi = [uc(k) — 0 (k); uc(k) + 0 (k)], v(k) = 0. (3.129)
This interval is centered in the cautious control component u. (k) and its length is
proportional to the trace of the covariance matrix P (k) of the least squares plant
model identifier, meaning that

v(k)y =ntr{PKk)}, n=>0, (3.130)

where 7 is a parameter that adjusts the excitation level.

According to the bi-criteria procedure, the dual control law approximation, u (k),
actually applied to the plant at sampling interval & is given by

u(k) = argmin, o Ji'- (3.131)

3.9.2 The Dual MUSMAR Algorithm

Consider a SISO ARMAX plant
A(q)y(k) = B(q)u(k) + C(g)e(k), (3.132)

where u(k) is the input; y(k) is the output, {e(k)} is a stationary zero-mean white
sequence with variance 062 and A, B, C are polynomials in the unit forward shift
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operator, g. Associated with (3.132) consider a quadratic cost functional

T

1

J,f:E{szz(k+i)+pu2(k+i—1)|0’<], (3.133)
i=1

where p > 0 is a design parameter that defines the penalty on the manipulated
variable, E { | ok } stands for the expectation value conditioned on the o — algebra
O* generated by the information available up to time k and T is an integer design
parameter corresponding to the prediction horizon. Consider also, a set of 27 least
squares predictive models

Yk + i) = Guk) + 9] s (k)
ik +i =1 = fi-u®) + ¢ s k) (3.134)
i=1,...,T

The vector s(k) is a sufficient statistic for computing in closed-loop the predictions
y(k+1i)and ii(k +1) called the “pseudo state” as in the basic version of MUSMAR,
and the scalars and vectors 9,, I/fz, i1, qb, 1 are recursive least squares (RLS)
estimates of the real unknown parameters at time k.

Let the parameters in equation (3.134) be considered as random variables 6;, ¥;,
Wi, ¢; (i =1, ..., T) with conditional mean é,-, g@,-, i, qAﬁ,- and variances
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© — 0 (i — )| O*}
oupi = E { (i = i) (s — $0)10*}. (3.135)

As shown in Appendix E, solving this control problem results in the following
cautious control law

uc(k) = FTs(k), (3.136)

with the vector of controller gains F given by

Z, 19ﬂﬂz+pz, 1#1 1¢z 1+/3Pus

F = =~ (3.137)
Zl 101"':02, 1/11 1+ﬂpuu
where the covariance matrix is
_ [P i (3.138)
leS pSS

and g = Z = o + ,oam, ay and a > being the variance of the prediction errors of
y; and u; as deﬁned by Eq.(3.134). If B is made equal to zero, Eq. (3.137) reduces
to the basic MUSMAR algorithm described in Sect.3.6.1.

The first modification in the MUSMAR algorithm incorporates a cautious mech-
anism on the gain computation. During the startup of the algorithm the value of p,,,
is large implying that the control action will be very small.

The second modification introduced in the basic algorithm concerns the plant
excitation. The basic MUSMAR controller adds to the controller action a low power
dither noise 1 with variance a,? to maintain the persistent excitation of the estimator.
Instead of using constant power white dither noise added to the control input, the dual
version uses a second criterion for acceleration of the parameter estimation process
by maximizing the predictive errors value. This criterion consists in minimizing the
second cost functional given by

T
—E‘;;[y(k+i)—ﬁ(k—i—i)]z—i-a[u(k—i-i—1)—ﬁ(k+i—1)]2|0k],

(3.139)

with @ > 0. As explained above the aim is to find the minimum of Eq. (3.139) in an
interval €2; around the cautious control action defined by Eq. (3.137). As such, the
control action is given by Eq.(3.131), with € according to Eq.(3.129), where the
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width of the interval is proportional to the trace of the covariance matrix defined in

Eq. (3.130) and defines the amplitude of the excitation as shown in Appendix E. The
control law obtained by the minimization of (3.139) is given by (see the Appendix E)

w(k) = ue (k) + 0 (k) sign { Puntte (k) + puTSs(k)} . (3.140)

To sum up, the algorithm is implemented as follows:

3.9.2.1 Dual MUSMAR Control Algorithm

At the beginning of each sampling interval performed, the following steps are given
in a recursive way:

Step 1 Using RLS, update the covariance matrix, P(k), and the estimates of the
parameters in the following set of predictive models

$k =T +i) = utk —T) + 4] stk = T), (3.141)
ik =T +i—1) = fliutk —T)+ ¢! stk —T),
i=1,..,T.
stk) = [y(k)..y(k — ng + Dulk — 1)..utk — np) r(k)]". (3.142)

Step 2 Using the past prediction errors for each model, compute the value of § and
use it to update the cautious control action as in equation (3.137).
Step 3 Apply the control given by equation (3.140) to the process manipulated input.

3.9.3 Dual MUSMAR Control of a DCSF

In the experimental results reported in Sect. 3.8, the startup procedure was performed
with some “reasonable” initial gains obtained by simulations in a plant model or from
past experiments. If no such a priori information is available, there can be violent
adaptation transients that result in poor performance. Figure 3.19 (top) shows experi-
mental results in such a situation, in which standard MUSMAR is used in a DCSF field
with poor a priori information (resulting from a very crude simulation plant model).

On the other way, Fig.3.19 (bottom) presents the output temperature and the
reference to track when dual MUSMAR is used. The structure used for the pseudo-
state is: 3 output terms (n, = 3), 2 input terms (n, = 2), the actual reference
signal (1 term), the actual radiation measure (1 term) and the actual inlet temperature
measure (1 term). This choice totalizes 8 terms, meaning that 8 (feedback and feed-
forward) gains are tuned. The prediction horizon in this experiment is 7 = 15, with
the sampling period being 7y = 15s. The initial adaptation transient is avoided and
the performance is clearly better with respect to the results of basic MUSMAR,
shown in Fig. 3.19 (top).
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Fig. 3.19 Adaptation transient in the DCSF used with standard MUSMAR (below) and with Dual
MUSMAR (above) with no a priori information about the process dynamics is used

3.10 Main Points of the Chapter

Temperature control of DCSFs raises problems that can be tackled by MPC. The
difficulties to overcome include varying input—output transport delay and significant
un-modeled dynamics that includes high frequency peaks, and is inherent to a finite
dimension approximation of the exact infinite dimension model of DCSFs. When
using MPC based on linear models, adaptation allows to adjust the controller gains to
the working point as well as to other sources of uncertainty. Several MPC algorithms
based on linear models have been successfully used to control DCSFs, two main
examples being GPC and MUSMAR. Both of these controllers minimize a multistep
quadratic cost defined over a time horizon that slides with the current time.

The basic adaptive MPC that rely on linear models can be subject with advantage to
several modifications. The inclusion of dynamic weights allow to shape the controlled
system frequency response and therefore, if properly used, to enhance the stability
robustness properties of the algorithm. Another significant modification consists
of on-line modification of the weights that penalize the manipulated variable to
asymptotically satisfy constraints on its average value. Finally, start-up adaptation
transients can be reduced either by a proper initialization of the adaptation algorithm
(including not only the value of the initial plant model parameter estimates but also
its error covariance matrix) or by using dual version of the algorithms.



100 3 Predictive Adaptive Control with Linear Models

3.11 Bibliographic Notes

The first attempt to design a self-tuner was described in Kalman (1958). The algorithm
proposed combined the least squares estimation of the parameters of a deterministic
linear difference equation with a control law to be selected in accordance with the
application considered in each case. Lack of adequate computer technology limited
the impact of these ideas, although a dedicated analog computer was build at the
time to test the controller.

The successive step consisted in the the inclusion of stochastic disturbances in
the model and the formulation of the control problem as the minimization of the
plant output variance at the earliest sample affected by the current manipulated
variable move, resulting in the self-tuning regulator (Astrom 1973). In the self-
tuning regulator adaptation is embedded by estimating model parameters with RLS
(Ljung 1983). In the cases in which the disturbance is not a white noise stochastic
process (a situation referred as colored disturbance), a remarkable fact, known as
the self-tuning property, is that, under some conditions, the gains will converge to
the ones that minimize the minimum variance cost. This fact is established (Astrom
et al. 1977) using the so called ODE method (Ljung 1977) according to which a
deterministic ordinary differential equation is associated to the difference stochastic
equation to be studied. In rough terms, the solution of the ODE corresponds to the
average behavior of the solutions of the difference equation, the equilibrium points
being the same. Applying the ODE method to the “standard” self-tuner (RLS model
estimation plus minimum variance cost) leads to the conclusion that, provided the
closed loop is stable and under a positive real condition, the controller gains converge
globally to the gains that minimize (Ljung 1977).

Since the minimum variance control law yields a closed-loop that cancels the
zeros of the open-loop system, for nonminimum-phase plants there will be unstable
modes. Even when the closed-loop is stable, minimum variance control is too reac-
tive, yielding an excessive control action. In order to overcome the limitations of the
minimum variance control law, a new version of the basic self-tuning was proposed
in which the cost is modified by the inclusion of a term that penalizes the manipulated
variable (Clarke and Gawthrop 1975, 1979), the so called detuned minimum variance
control. Detuned minimum variance control was an important step forward because
the extra penalty regularizes the control variable, providing the designer with a knob
to change the type of closed-loop response obtained.

The resulting control law can be used to stabilize open-loop stable nonminimum
phase systems but, as already recognized in the original work (Clarke and Gawthrop
1975, 1979), is not able to stabilize a plant that is simultaneously open-loop unstable
and nonminimum phase. For these type of plants, one should resort to a control law
based on a cost function defined over an extended horizon. Hence, the idea arose
of designing the control by minimizing an extended horizon cost that approximates
the steady-state quadratic cost. Together with the concept of receding horizon min-
imization, this approach leads to several MPC algorithms based on linear models
(Richalet et al. 1978; Keiser and Vauwenberghe 1981; Rouhani and Mehra 1982;
Peterka 1984; Greco et al. 1984; Sanchez and Shah 1984; Clarke et al. 1987a, b).
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An issue that raised a strong controversy in the end of the 1980s was the problem
of finding a value of the horizon T that ensures stability. This lead to a number
of modifications with various techniques (Mosca et al. 1990; Clarke and Scattolini
1991; Mosca and Lemos 1992; Bitmead et al. 1990).

Several modifications and extensions were also considered, including the multi-
variable case (Sdnchez and Shah 1984; Shah 1989; Scattolini and Schiavoni 1992;
Mohtadi 1992), state-space modeling (Li 1989; Elshafei 1995) and soft (i.e., depend-
ing on the mean value of the variables) constraints (Mosca 1992).

When hard constraints are included, the controller may no longer be expressed as
a linear feedback of a (possibly nonminimal) state and one has to resort to nonlinear
programming numerical algorithms to find the optimal value of the manipulated
variables (Maciejowski 2002). Recent formulations (Kansha and Chiu 2009) allow
to handle constraints in an approximate, although systematic, way. Other algorithms
that incorporate hard constraints in adaptive MPC using various approaches are found
in Adetolaetal. (2009), Kim and Sugie (2008), Kim et al. (2008), Maniar et al. (1997),
Nikolakopoulos et al. (2006), Tanaskovic et al. (2013), Veres and Norton (1993).

Filtering and the inclusion of dynamic weights in one and two-degrees of freedom
controllers to enhance robustness is treated for GPC in Yoon and Clarke (1995) and
for MUSMAR in Coito et al. (1997).

A comprehensive exposition of adaptive dual control is made in Filatov and Unbe-
hauen (2004). As discussed in Filatov and Unbehauen (2000), the difficulties in
obtaining exact dual algorithms led to a number of simplified approaches, of which
(Chan and Zarrop 1985; Filatov et al. 1997; Lindoff et al. 1999; Milito et al. 1982) are
examples. An adaptive predictive controller with dual features is reported in Lindoff
et al. (1999). It results from the modification of an optimal multi-step stochastic
quadratic cost by replacing the unconditioned mean with a mean conditioned on
the o-algebra generated by the observations available up to current time. Another
approach solves a bi-criteria optimization problem (Filatov et al. 1997) and yields
an acceptable computational load. A number of industrial type applications of dual
adaptive control are reported in the literature. In Ismail et al. (2003), the applica-
tion of an adaptive dual control strategy to a bent blade paper coating machine is
reported. Similar process characteristics motivate also embodying dual features in
controller as described in Allison (1995), where probing is mentioned to be a useful
way of starting up the controller. The bi-criteria approach has been applied in Filatov
(1998) to the speed control of a thyristor driven DC-motor. The derivation of the dual
MUSMAR algorithm and its application to a DCSF is presented in Silva et al. (2005).
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Chapter 4
Multiple Model Adaptive Control

When considering methods that can be applied to a wide class of operating regimes,
an alternative to the adaptive controllers described in Chap. 3 consists in the use of
algorithms that rely on multiple models. In general terms, to use this type of methods
the plant dynamics is assumed to be unknown, and possibly slowly time varying, but
amenable to be represented by one of the models in a a priori defined set of models
(the model bank). An important case is when the plant is linear and its dynamics
depends on a parameter, being denoted as the Linear Parameter value (LPV) class
of models Balas (2002), Mohammadpour and Scherer (2010).

In classical gain-scheduling, to each one of the possible outcomes of the plant
model a controller is designed in such a way that, if the controller is coupled with
the corresponding model (or with the models in a subset of the overall model set
that are similar in an adequate sense), then the resulting closed-loop satisfies the
specifications. The adaptation mechanism consists thus of an algorithm that, given
the observations of the input, output, and/or possibly other plant signals, decides
at each sampling interval what model that best fits the observed plant dynamical
behavior. In the more powerful class of LPV-based design methods controller design
is formulated as a convex optimization problem with linear matrix inequality (LMI).

The simplest way to select the controller that should be activated is by means of a
scheduling variable, according to a procedure called gain scheduling. If the dynamics
of the plant depends on a variable, or set of variables, that define its operating point,
the controller is selected as the entry of a table whose indexes are a function of the
value read for those variables. As an example, consider a DCSF whose temperature is
controlled by a PID as in Fig. 1.16. If the PID gains are tuned to yield a good response
in an intermediate range of temperature values, as shown in Fig. 1.16, the response
will be sluggish at low temperatures and too oscillatory, or even unstable, at high
temperatures. According to the classical gain scheduling approach, one can consider
three sets of gains for the PID, that are optimized in three different temperature ranges
corresponding to low, intermediate, and high values of temperature. Therefore, each
set of gains will be used depending on the temperature measure at each sampling
interval.

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 105
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_4,
© Springer International Publishing Switzerland 2014
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Although gain scheduling proved to be very useful in many industrial applications
it has the obvious limitation of being unable to adapt the controller when the plant
dynamics changes due to causes that were not foreseen in anticipation and do not
depend on the value of the indicator variables. This way of operation lead gain
scheduling to be sometimes referred as “open-loop adaptation”. This limitation is
overcome by supervised multiple model adaptive control (SMMAC).

In SMMAC all the models in the model bank are excited by the same manipulated
variable applied to the plant input. Their outputs are compared with the actual plant
output and the one that yields the least error is considered to be the best plant rep-
resentation. The corresponding controller is then used to generate the manipulated
variable value that is actually applied to the plant input.

When considering these adaptive control structures, several issues have to be
considered:

e Since these methods rely on switching among different candidate controllers, one
has to ensure bumpless transfer when switching between the different sources of
the manipulated variable;

e Conditions for stability have also to be ensured. Indeed, it is not enough to guar-
antee stability of the overall system to ensure that each controller stabilizes the
model that elects it since it is possible to switch between stable systems in a way
that results in an unstable time varying system;

e The local controllers have to be designed such as to be robust with respect to
unmodeled plant dynamics;

e Noise and disturbances have to be taken into account when designing both the
local controllers and the supervisor that perform switching.

In the present chapter, we address control based on multiple model algorithms.
We start by introducing classical gain-scheduling and then we progress to SMMAC.
Experimental results with two different types of plants are presented to illustrate the
methods. First, we consider the air-heating fan described in Sect.2.5.4 for which
detailed experimental results that illustrate several important design issues are pre-
sented. Then, the application to a DCSF is considered.

4.1 Controller Structure

In supervisory based multiple model control, a supervisor decides which controller,
among a number of a priori designed controllers Cy, ..., Cy is to be connected
with the plant to control. Hereafter, we designate the C; as local controllers and their
ensemble as the model bank. Figure4.1 represents a block diagram of this type of
adaptive control. When the plant input increment Au is connected in permanence to
one of the outputs of the candidate controllers, a closed loop system is obtained. It
is assumed that the plant can be adequately controlled by one of the controllers, C;+,
the problem being to find the value of the index i*.
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Fig. 4.1 Supervised control

In this chapter, we assume that the plant is linear and may change its dynamics
only through jumps of a vector of parameters that define its poles, zeros, and static
gain. Furthermore, it is assumed that these jumps occur only after intervals of time in
which the plant is time-invariant, that are long compared to the plant dominant time
constant. In addition, it is assumed that, for each of the possible outcomes of plant
dynamics, there is at least one controller that stabilizes the closed-loop and yields
the performance that is specified.

In practice, this assumption implies that each controller is able to meet the speci-
fications for a certain range of possible plant dynamics, and that the controller bank
covers all the possibilities. One may also consider the problem of enlarging the model
bank with new controllers when the supervisor concludes that none of the existing
controllers is adequate (Lourenco and Lemos 2008, 2006), a situation that is not
discussed here.

In the diagram of Fig. 4.1, switching among controllers happens mainly in three
situations. In the first place, when the system is started-up, and unless there is some
a priori knowledge about the plant dynamics, the controller employed for the first
time is likely to yield a poor performance. This adaptation transient is perceived by
the supervisor, that will start to look for the best controller, using the algorithms that
are explained below in this chapter. When the “best” controller is connected, if the
plant varies, the supervisor will switch to a new controller if it is expected to yield
a superior performance. Finally, even if a controller is the “best” one, there can be
switchings induced by noise and disturbances.

Switching corresponds thus to adapting the controller to the plant dynamics with
the ultimate goal of improving performance, but it also causes some undesirable
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effects. The first one corresponds to the fact that switching from one controller to
another may cause an abrupt change in the manipulated variable u, that degrades
performance and may be harmful to the plant. Avoiding this type of effects is the
realm of bumpless transfer, for which several methods are available (Hanus et al.
1987; Turner and Walker 2000; Zaccarian and Teel 2002, 2005). In the methods
considered in this book, the bumpless transfer problem is solved by inserting an
integrator that is common to all controllers, before the plant manipulated input, as
shown in Fig.4.1. Therefore, the local controllers generate only increments Au of
the manipulated variable. Even if Au changes abruptly, the integrator output, that is
directly connected to the plant manipulated input, is always continuous.

The other undesirable effect of switching is the possibility of inducing instability.
Indeed, if the local controller applied to the plant is always such that it stabilizes
the closed loop for a given plant model, it is possible to find situations in which the
overall system is unstable due to switching among stable closed-loop systems. The
supervisor algorithm must thus be such that it prevents these undesirable situations.

Two types of supervisory algorithms are described hereafter. In the first (gain-
scheduling control) it is assumed that there is available a variable whose value indi-
cates the adequate controller to use. In the second (SMMAC) such a variable is not
available and the decision on which controller to use relies on the comparison of
the observed input/output plant behavior with the one of candidate plant models in
a priori defined model bank.

4.1.1 Gain-Scheduling Control

When using gain-scheduling, the active controller is selected at each time instant
depending on the value of a (possibly vector) variable known as scheduling variable.
Scheduling variables define the plant operating regime and can be chosen as the plant
input, output, or state, or some auxiliary signals measured in the plant. Figure4.2
shows an example of a nonlinear plant in which two indicator variables #; and 6,
define five operating regimes, labeled by the integers 1-5, that correspond to regions,
possibly with some overlap, in the space defined by the scheduling variables.

For instance, in a DCSF such as the one used in the simulations depicted in
Fig. 1.16 it is reasonable to use either the fluid flow (that is the manipulated variable)
or the outlet fluid temperature (that is the process output) as scheduling variable.
As discussed in Chap. 2, and in particular in Sect.2.4.3, both the time scale and the
static gain of a linearized DCSF model are directly influenced by the fluid flow at
equilibrium. As concluded from Egs. (2.24) and (2.25), the higher the fluid flow is,
the faster the linearized system will be [because the linearized dynamic matrix is
proportional to the equilibrium fluid flow, see (2.24)], and the smallest will be the
static gain [because the static gain is inversely proportional to the equilibrium fluid
flow, as concluded from (2.24) and (2.25)].

One way to design the local controllers for a DCSF is thus to split the range of
the possible variations of fluid flow in disjoint intervals between its minimum umjp
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and the maximum u . values. For instance, Fig.4.3 considers three intervals for
the flow value that correspond to low (between umin and u1), medium (between u
and u»), and high (between uy and umax) values of fluid flow and that are labeled,
respectively, as LOW, MED, and HIGH. Each of these ranges of the scheduling
variable (fluid flow) is associated to a local control, labeled respectively as Crow,
Cwmep and Chigh. When the scheduling variable assumes a value inside one of these
ranges, the corresponding controller is used. For instance, if the value of the fluid
flow u is between umiy and u1, then Crow is the controller used.

In a DCSF the outlet fluid temperature can be used as well as an indicator vari-
able since, as explained in Sect.2.4.3, one is inversely proportional to the other at
equilibrium.

Clearly, each local controller has to be designed such as to stabilize the closed
loop, yielding the specified performance, when u is assumed to be constant and
within the corresponding range of values.

If the scheduling variable changes from one range of values, that define an operat-
ing regime, to another, a switching of controllers occurs. In order to prevent a situation
in which switching leads to an unstable system, some conditions must be imposed. As
shown in Hunt and Johansen (1997), in addition top an adequate design of the local
controllers, one must ensure that the plant nonlinearity is sufficiently well approxi-
mated by the operating regimes, that the scheduling variable varies sufficiently slow,
leading to operating points that change slowly, and that the external noise and dis-
turbances are small. Other type of stability conditions, based on Lyapunov function
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theory, are obtained in the realm of LPV control theory (Mohammadpour and Scherer
2010).

In order to prevent fast switching, that may cause glitch phenomena in the manip-
ulated variable and, ultimately, instability, one possibility is to include a form of
hysteresis in the mechanism that selects the controller from the scheduling vari-
able. This may be done by ensuring that, between two neighbor operating regimes,
a transition of a controller A to a controller B happens when the scheduling vari-
able overpasses a value H but, if B is active and the scheduling variable is reduced,
there is a switch back from B to A only if the scheduling variable is smaller than a
threshold L that is smaller than H.

An alternative is to use a dwell time condition that means that, once a controller
is selected, it remains connected to the plant for at least a minimum time interval,
known as the dwell time. This is the mechanism used in SMMAC to ensure stability,
as explained below.

In gain scheduling, it is also possible to smooth transitions between local con-
trollers by applying to the plant manipulated variable a weighted sum of the local
controller outputs, in which the weights w depend on the scheduling variable 6. Thus

N
u(t) = > wiBO)u; (1), (4.1)

i=1

where u; is the output of local controller C;, 6 is the scheduling variable, w; is the
weight associated to the operating regime i, and ¢ is time. As discussed in Hunt and
Johansen (1997), the weights w; ought to be selected such as to satisfy the following
conditions:

1. All the weights are between 0 and 1, 0 < w;(#) < 1, for all values of 6. If ¢
is away from the border of the region that define the operating regime i, then
w;(0) ~ 1.

2. For any value of the scheduling variable 6, all the weights add to 1, ZlN: 1
w; (0) = 1.

3. For any pair of operating regimes indexed by i and j that do not have an overlap-
ping region, then either w; =0 or w; = 0.

Under these conditions the plant manipulated variable becomes either the output of
one of the local controllers, if the scheduling variable is inside and away from the
border of one of the operating regimes, or an interpolation of the outputs of the local
controllers, if the scheduling variable is close to the border of the corresponding
operating regimes that intersect.

4.1.1.1 An Example of Gain-Scheduling

This example illustrates the main features of gain-scheduling in a simple situation that
resembles the difficulties found in DCSF control over a wide range of temperature
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that have been illustrated in Fig. 1.16. Consider a plant with a Wiener model structure
that consists of a static nonlinearity in series with a linear dynamic time invariant
system. The input u is passed through a nonlinear function N (.) whose output feeds
the input of the linear part, that is described by a transfer function G(s) where s is
the Laplace variable. Figure 4.4 shows a feedback controller of this plant that uses a
constant gain PI controller.

The nonlinear function N (.) is such that it has an incremental gain that increases
with its argument. As such, the constant gain controller of Fig.4.4 experiences dif-
ficulties when the operating point changes over a wide range. These difficulties are
illustrated in Fig. 4.5 where the reference executes maneuvers in three different oper-
ating regions that correspond to values of the output close to 0.2, 1, and 5. Initially,
the reference is close to 0.2 and, at the instant indicated by the arrow labeled A,
there is a small amplitude step in the reference. If the PI is tuned to a linearized plant
dynamics that corresponds to this operating point, then the response of the plant
output is adequate.

The reference is then changed, driving the output to a higher value, close to 1.
Due to the nonlinearity, the incremental gain is higher and, in response to a small
step in the reference (arrow labeled B) there is now some overshoot. If the reference
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is further increased to a value close to 5, the mismatch between the controller tuning
and the linearized dynamics is even bigger and the closed-loop becomes unstable
(arrow labeled C).

If, instead of relying on a constant gain PI, the gain-scheduling controller of
Fig.4.6 is used, a uniform step response is observed in all the operating regions, as
shown in Fig.4.7.



4.1 Controller Structure 113

M Ml i

Ty 2 . oYy r
o H oo m -

. . Sy, .
n -9
<o o «é%—y” M, |~

Switching
logic

‘G
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4.1.2 Supervised Multiple Model Adaptive Control

In SMMAC the supervisor makes no assumption about the existence of a scheduling
variable that decides which local controller to use but, instead, seeks to take a decision
using the structure of Fig.4.8 that consists of a bank of N models, called local
models, {M1, ..., My}, whose dynamic behavior is compared with the observed
plant input/output signals.
In a discrete time framework, each local model M; is described by the incremental
linear model
Ai(q)oy(k) = Bi(q)Au(k) + d(k), (4.2)

where k is discrete time, Au(k) = u(k) —u(k—1), d is a high frequency disturbance,
0y = y — r is the deviation of the plant output y with respect to the reference to
track r and A;(g) and B;(g) are polynomials in the forward shift operator g, with
A; monic (a polynomial is called “monic” if the coefficient of its monomial with
biggest degree is 1) and such that the degree of A; is strictly bigger than the degree
of B; so that the model is causal.

Let £2(q) be a Hurwitz polynomial (a polynomial is called “Hurwitz” if all its
roots have negative real part) with degree equal to the degree of A;. The plant model
(4.2) may then be written

2 —A;

B; 1
Oy (k) + o Auk) + 5 d (k). 4.3)

dyi(k) =
Equation (4.3) the use of predictive models of dy that are of the form

R 22— A;
0yi (k) =

Sy () + 2L Auk 4.4
y()+§ u(k), 4.4)

where §y; denotes the prediction of the plant output (actually, this quantity is the
deviation of the plant output with respect to the reference; hereafter we will use this
abuse of expression for the sake of simplicity) assuming that the plant dynamics is
adequately represented by model M;.
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Subtracting (4.4) from (4.3) it is concluded that the prediction error, assuming M;
correct, is

1
dyi(k) —03; = 0. (4.5)

Hence, polynomial £2 should be selected so that 1/£2 is a low pass filter that washes
out the high frequency disturbance d. We call §2 the supervisor observer polyno-
mial. The adequate design of this polynomial has a crucial impact on SMMAC
performance. In practical situations there is always a mismatch between all the local
models and the actual plant that is seen by the models as a disturbance or noise signal.
For instance in a DCSF there are high frequency anti-resonance peaks that cannot
all be modeled with a finite dimensional model. The supervisor observer polyno-
mial eliminates these high frequency signal components and allows the supervisor
to make comparisons between the plant and the local models in the frequency range
that is meaningful.

As seen in Fig.4.8, the supervisor consists of a bank of N parallel predictive
models My, ..., My that compute estimates ¢y; of the plant output 0y according
to (4.4), when assuming that model M; is true. These estimates are then compared
with the actual plant output dy. For this sake, compute first the prediction errors ¢;
given by

ei(k) = 03i (k) — 0y(k) (4.6)

and then the performance indexes 7; that correspond to an estimate of the power of
e¢; and are updated by the difference equation

mi(k) = Aprmi(k — 1) + (1 — Appe? k), (4.7)

where Apy is a design parameter to be selected between 0 and 1.

For each M;,i =1, ..., N, acontroller C; is designed. As in gain-scheduling,
these controllers are the local controllers shown in Fig.4.1. In SMMAC, a local
controller is selected by the supervisor to be connected to the plant by the switching
logic block shown in Fig. 4.8. This block searches for the model M;+ with the lowest
value of the performance index. If the controller that is currently applied to the plant
has been in this state (i. ., connected) for at least 7p samples, then the controller C;
(that corresponds to the best performance index) is connected to the plant. Otherwise,
no switching of controllers occurs.

In other words, according to this algorithm, if a controller is applied to the plant,
it remains so for at least 7p sampling intervals. The parameter 7p is referred as dwell
time. In Morse (1996, 1997) it is shown that, if 7p is greater than or equal to the order
of the plant and at least one element of the model bank is a good approximation to
the true plant model, then the closed-loop system is stable.
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Fig. 4.9 Switching between two stable systems with a dwell time of 10. Left A trajectory in the
state-space. Right The norm of the state as a function of time

4.1.2.1 Example: Switched Systems with a Dwell Time Condition

This example aims at explaining how a time-varying system that results from the
switching between two local stable linear systems may be unstable. Furthermore,
it also clarifies why it becomes stable if we ensure that each local system, once
becoming active, remains so for at least a minimum dwell time.
Consider then the second order time-varying system described by the state-space
model
x(k+1) = Ajgyx(k), 4.8)

where x € R? is the state and k € N denotes the discrete time. The index i of the
dynamics matrix assumes the values either i = 1 or i = 2, depending on time &,

being
1.17 —0.22 0.73 —0.22
A= [0.44 0.73 } and Az = [0.44 1.17 }

The index i (k) of the active dynamics matrix A; is given by

. 1 if 2j7p<k<Q@j+1Dmp
’(k)z[z if (2Jj+1)TD5kJ<(2j+2)TD : 4.9)
In other words, the sequence of dynamics matrices are A during 7p time steps, then
Aj during Tp time steps, with this sequence repeating.

The time-invariant systems corresponding to the situations in which either i = 1
or i = 2 for all k are both asymptotically stable as can be verified by checking that
the eigenvalues of A and A, are all strictly inside the unit circle.

There are, however, values of the dwell time 7p for which the time-varying system
becomes unstable. For instance, for 7p = 10 this system is unstable. As seen in
Fig.4.9, when the time increases there is a lower bound of the state norm that grows
without bound. This happens because, for this value of 7p, the switching between
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Fig. 4.10 Switching between two stable systems with a dwell time of 40. Left A trajectory in the
state-space. Right The norm of the state as a function of time

local systems always happens in such a way that the state moves away from the origin
due to the elongation of the state-space trajectories of the local systems.

Instead, for a large enough value of the dwell time 7p, switching always happens
such that there is an upper-bound of the norm of the cost that decreases to zero.
Such a Tp can always be found because, since both local systems are asymptotically
stable, the state vector under each of them will always contract in the long run. For
instance, as seen in Fig.4.10, for 7p = 40 the time-varying system is stable and the
State converges to zero.

Using mathematical arguments it is possible to find a number 77;, that depends
on Ay and A, such that, if 7 > 77j, then the time-varying system is asymptotically
stable.

4.2 Local Controller Design

Local controller design is based on incremental linear models of the form

B(q)
A(gq)

dy(k) = Su(k), (4.10)

where du and Jy are increments of plant input u# and output y with respect to the
working point and A(q) and B(g) are polynomials in the forward shift operator ¢,
with A monic and 0A > OB so that the local system is causal. As mentioned before,
each local system has a different model and is indexed by an integer number between
1 and N. For the sake of simplicity, this index is omitted here both in the system
model and in the corresponding controller.

Each local controller is described by

R(q)ou(k) = =S(q)dy(k) + T (q)or (k), (4.11)
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where R(q), S(g) and T (g) are polynomials in the forward-shift operator ¢ such
that OR > 0§ and R > OT so that the controller is causal and dr is the incremental
reference to track. Designing the local controller amounts to compute the coefficients
of the polynomials R, S and T such that the specifications are met and the controller
has minimal order. For this sake, several methods may be used. One possibility is
to use LQG methods. Another is to use MUSMAR (described in Chap.3) with a
plant model and to take for the value of the coefficients of R, S and T the gains at
convergence. Still another method is pole placement.

When coupling the plant model (4.10) with the linear controller (4.11) the con-
trolled system is seen to be represented by

_ B(g)T (q)
A(q@)R(q) + B(q)S(q)

oy (k) or(k), (4.12)

when using the pole-placement design procedure, the controller design problem
consists of finding polynomials R, S and T such that the controlled system (4.12)
has the specified transfer function given by

B
dy(k) = A—(qiér(k), (4.13)

m(q

where A, and B,, are polynomials in the forward shift operator such that 0A,, >
O0B,,, meaning that the specified system is causal, and 0A — OB > 0A,, — OBy,
meaning that the open loop plant pure delay may not be reduced (a necessary condi-
tion to yield a causal controller). The controller polynomials may be computed from
the equations

T =PB,A,, 4.14)
A(z— DR+ B S = A, A,, (4.15)

where A, is the observer polynomial, B~ is a factor of B such that B = B*B~
with BT stable and monic, and B’,, is a factor of the polynomial B, of the desired
closed-loop transfer function, such that B,, = B~ B'j,.

4.3 Example: Air Heating Fan

The temperature control of the air heating fan described in Sect.2.5.4 provides an
example to explain the design of a SMMAC system. This example illustrates a gen-
eral procedure to characterize the way in which the linearized dynamics varies with
the working point, the identification of linear models and the design of the local
controllers. Important aspects concern the choice of the controller observer polyno-
mial, the design of the local controllers and the design of the supervisor observer
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polynomial. The reader may adapt the steps described to design a gain-scheduling
or SMMAC controller to a plant of interest to him.

As explained in Sect.2.5.4, in the plant considered there are two main variables
that influence incremental linearized dynamics. These are the average values of air
flow and temperature. In the example shown these variables are expressed in electric
tension, in which they are transduced, in the range between 0 and 5'V.

In order to assess the nonlinear dependence on the average temperature that defines
the working point, the plant has been submitted to an experiment in which the manip-
ulated variable is made to vary according to successive steps, each one taking as initial
point the final value of its predecessor. As such, the steps sweep the dynamic and
static responses when the manipulated variable ranges from 0V up to its maximum
at 5V. Each of these experiments has been performed with the flow assuming a
constant value. Three sets of experiments have been made, with the flow in what is
considered a “low” range, in a “medium” range, and in a “high” range of values.
Furthermore, to take into account hysteresis effects, two successive sets of variations
have been performed, first with the manipulated variable increasing, and then with
the manipulated variable decreasing from step to step.

Figure4.11 shows the results for one value of the air flow. The approximately
triangular signal is the manipulated variable signal used to characterize the dynamics,
and the “distorted” signal is the output air temperature. The manipulated variable
signal is made to vary as a sequence of step functions, each one starting from the end
point of the previous one, and with a duration long enough so that the temperature
stabilizes in its new equilibrium point, before the next incremental step is applied.

In this way, around the average value of the incremental amplitude of each input
step, one may compute the incremental static gains, shown in Fig.4.12, and the
dominant time constants of the dominant incremental responses, shown in Fig.4.13.
As it is apparent from the above-mentioned plots, the dynamics of the incremental
models vary significantly with the average value of the manipulated variable and of
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the air flow. For both low and high values of the manipulated variable the incremental
gain is small, whereas for intermediate values it is higher.

The air flow also has a strong influence on the linearized dynamics. As con-
cluded from Fig. 4.13, around the same equilibrium temperature, the system response
becomes faster when the air flow increases.

The above results suggest to represent the plant with six local models that corre-
spond to the operating points located in the temperature/air flow space as shown in
Fig.4.14 and that are representative of the main types of dynamical behavior observed
in the plant. These local models are identified from plant data obtained from experi-
ments performed around the corresponding operating conditions, and are used as a
basis for local controller design.

Each local model has the ARMAX structure
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A(@)dy(t) = B(q)ou(t) + C(g)e(r), (4.16)

where ¢ € N denotes discrete time, §y(#) and du(¢) are the increments of the process
output and manipulated variable around the equilibrium point considered, A, B and C
are polynomials in the forward shift operator ¢, whose coefficients are estimated from
plant data, and e is a white noise sequence that models the stochastic disturbances
that act on the system. The coefficients of the local models and of the corresponding
local controllers are listed in the tables of Appendix F.3.

When designing the local controllers according to the pole-placement procedure
described in Sect.4.2, an important issue is the selection of the observer polynomial
A,. In this case, all the roots of A, are chosen to be real, positive, and equal, and
in the range between O (the fastest observer) and close to 1 slowest observer). As
seen on Figs.4.15 and 4.17, there is a significant effect of the choice of the roots of
the observer polynomial on the manipulated variable. When designing the observer
faster the noise influence on the output increases. Furthermore, a trade-off has to
be considered in the choice of the observer characteristic polynomial root. Indeed,
comparing Figs.4.15 and 4.16, it is concluded that increasing the observer poles
(decreasing the observer bandwidth, as the poles approach 1) reduces the effect of
the noise on the manipulated variable (the standard deviation of the manipulated
variable decreases, as seen in Fig.4.15), but also causes a drop on the closed-loop
bandwidth (as seen on Fig.4.16).

An alternative is to choose A, = C, that is optimum in the LQG framework.
Figure4.18 compares two experiments that use an observer polynomial obtained,
one by trial and error, and the other by making A, = C.

Finally, Fig.4.19 shows experimental results when controlling the fan outlet air
temperature with SMMAC. This experiment illustrates the capability of the SMMAC
controller to yield similar closed-loop responses around two different operating
points.
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4.4 DCSF Application

In order to apply SMMAC to the prototype DCSF considered in this book, the first step
consists of characterizing the local models. From the discussion held in Sect.2.4.3
about Jacobian linearization, it is concluded that the poles of the linearized system
depend mainly on the fluid flow (the manipulated variable), while the solar radiation
intensity affects only the static gain. This remark leads to consider the local controllers
that correspond to the operating conditions described in Table4.1, where Cy, is a
constant that adjusts the static gain to reflect different solar radiation characteristics.

To each of the local models, a linear controller, designated “local controller”, has
been associated by running off-line the MUSMAR algorithm, described in Sect. 3.6,



122

Fig. 4.17 The effect of
changing the modulus of
the observer eigenvalues:
fast observer dynamics (left)
and slow observer dynamics
(right). A slower observer
leads to a ““cleaner” manipu-
lated variable, at the expense
of a slight decrease in raise
time

Fig. 4.18 Comparison of
manual tuning of the observer
eigenvalues (left) with the
optimal observer eigenvalues
(right)

4 Multiple Model Adaptive Control

Zeros at 0,2

n

Zeros at 0,9

T[V]

]

o

2 6

4
Time [h]

2 6

4
Time [h]

>
>
=
0 2 4 6 0 2 4 6
Time [h] Time [h]
Zeros at 0,4 Zeros at roots of C
2 2
— 1.5 — 15
> >
NEaWAYEES M
0.5 0.5
2 4 6 0 2 4 6
Time [h] Time [h]
4 4
—3 —3
> >
—2 —2
> >
= =
0 0
2 4 6 2 4 6
Time [h] Time [h]

applied to the local model, and taking as local controllers the ones obtained after
convergence is achieved. In the experiments described hereafter, the sampling interval
is 30s and the dwell time is Tp = 10s. The prediction horizon used for MUSMAR
is T = 10 samples. The value of the penalty p on the manipulated variable depends
on the local controller and is shown in Table4.1.
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Fig. 4.19 Experimental results when controlling the outlet air temperature with SMMAC in the air
heating fan plant

Table 4.1 Local controllers

of the DCSF considered in Controller n. Flow (L/s) Cog P

different operating points 0 5 1.00 100
1 5 1.50 100
2 5 0.66 50
3 5 0.33 10
4 7 1.00 70
5 7 1.50 150
6 7 1.50 150
7 7 1.0 100
8 35 1.0 1000

4.4.1 DCSF Control with MMAC: Experiment 1

Inexperiment 1, Figs.4.20 and 4.21 show experimental results obtained with MMAC
in the DCSF considered. Figure 4.20 depicts the time evolution of the main variables
of the control loop, namely the manipulated variable (fluid flow in (I/s), multiplied
by 10 for graphical convenience), the reference, with a decreasing step followed by a
sequence of three increasing steps, and the outlet fluid flow, that closely follows the
reference. Figure4.21 shows the index of the active local controller as a function of
time. This index changes not only after reference changes, but also due to radiation
changes that may happen during periods in which the reference is kept constant.



124 4 Multiple Model Adaptive Control

300 T T T T T T T T T T T

250} : - o~

Fluid temperature and reference

200

150 v : » .

100

Oil flow x 10

50

Il Il Il Il Il Il Il Il Il
126 128 13 132 134 136 138 14 142 144 146

Time [h]

Fig. 4.20 Controlling a DCSF with SMMAC: experiment 1. Reference, output temperature and
manipulated variable (°C) [fluid flow in (I/s) multiplied by 10]. Time in (h)

From the analysis of Fig.4.20 it is concluded that there is a small overshoot and a
settling time of about 6 min, that is considered to be very good in this plant.

4.4.2 DCSF Control with MMAC: Experiment 2

Experiment 2 illustrates the adaptation capability of the SMMAC algorithm in
responses to changes in either the value of incident solar radiation or the temperature
reference. Figures4.22 and 4.23 refer to experiment 2 on the use of SMMAC on
the DCSF. Figure4.22 shows the reference and the outlet fluid temperature (above)
and the fluid flow (manipulated variable) and the index of the active controller as a
function of time (below). Figure 4.23 represents the temporal evolution of the solar
radiation during the experiment.

In experiment 2, when the temperature suddenly drops due to a passing cloud,
the active controller changes from 7 to 5. The reference increase causes a decrease
in the fluid flow and forces a further change of the active controller, that becomes
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Fig. 4.21 Controlling a DCSF with SMMAC: experiment 1. Index of the active controller (super-
visor output). Time in (h)

controller number 2. After the radiation recovers its initial value and the temperature
settles down, the active controller index returns to 7.

4.4.3 DCSF Control with MMAC: Experiment 3

In experiments 1 and 2, the index of the active local controller is often 7. Experiment
3 answers the question about what happens when the number of local controllers is
drastically reduced, by keeping only controller number 7, designed for a fluid flow of
71/s, that is close to the maximum flow supported by the plant, and controller number
8, that is designed to match the much smaller flow of 3, 5 1/s. From the results in
Fig.4.24, a significant performance degradation is apparent, with both the output
temperature and the fluid flow presenting undesirable oscillations. This example
illustrates, therefore, the importance of selecting the grid of local controllers so as to
cover adequately the possible plant dynamics outcomes.
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4.5 Main Points of the Chapter

Since a DCSF is a nonlinear system, its linearized dynamics varies with the operating
point. This makes it difficult to design a controller that yields an adequate perfor-
mance for large variations of the operating point. To tackle this problem this chapter
proposes an approach in which a finite number of linear controllers, that form a
model bank, is patched so as to obtain a suitable nonlinear controller.

In a first approach, this can be done with classical gain-scheduling in which the
controller that generates the manipulated variable is selected based on the value
assumed by a so-called scheduling variable that provides a good indication about the
plant dynamics around the equilibrium point being considered. In a DCSF, either the
fluid flow or the outlet fluid temperature can be used as scheduling variables since
they impose the dominant time-scale and static gain.

When an adequate scheduling variable is not available SMMAC proposes an
approache in which the selection of the controller that becomes active is made by
comparing the observed plant input/output behavior with the simulated input/output
behavior of a set of models in a priori defined model bank. To each model in this
bank a controller is associated such that, if the model is controlled with the model,
the closed-loop is stable and the desired specifications are met. The model that yields
the closest match is then used to select the corresponding controller whose output is
a candidate to generate the manipulated variable to apply to the plant.

To guarantee stability, a dwell time condition is enforced. This means that, if a
controller is applied to the plant, it remains connected for at least a minimum time
interval, known as the dwell time. Furthermore, in order to ensure bumpless transfer
when switching, controllers generate increments of the manipulated variable and
feed a common integrator that generates the manipulated variable actually fed to the
plant.

Important issues are the design of the local controllers, the choice of the observer
polynomials, and the number of local models that must “cover” the possibilities of
plant dynamics outcomes.

4.6 Bibliographic Notes

Gain-scheduling started to be first developed in relation to practical engineering
applications, with very little theory supporting it (Rugh 1991). The first work to
address the so-called classical approach to gain-scheduling using a systematic the-
oretical basis was Shamma (1988). See also Shamma and Athans (1990). With
the introduction of LPV systems (Shamma and Athans 1991), controller design
was formulated as a convex optimization problem with LMI constraints thereby
avoiding the interpolation drawbacks of the classical approach (Apkarian et al. 1995;
Balas 2002; Mohammadpour and Scherer 2010).
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There is a rich literature on applications of gain-scheduling and LPV design
methods to a wide variety of engineering systems, including several works that use
the classical approach to DCSF and solar furnace control. In Camacho et al. (1994a,b),
Pickardt (2000) adaptation in Generalized Predictive Control (GPC) is achieved by
controller interpolation using a gain-scheduling approach, whereas Johansen et al.
(2000) uses pole placement to design the local controllers. Classical gain-scheduling
has also successfully been applied to solar furnaces (Berenguel et al. 1999).

An early version of SMMAC was proposed in Lainiotis (1976). Progress in the
understanding of robustness and other issues related to computer control lead to a
renewed interest after the works (Morse 1996, 1997; Narendra and Balakrishnan
1997) that result in many works of which (Zhivoglyadov et al. 2001; Anderson et al.
2000, 2001; Angeli and Mosca 2002) are significant samples.

The experimental application to a DCSF of approach to SMMAC that uses MUS-
MAR at convergence to design local controllers is described in Rato et al. (1997).
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Chapter 5
Nonlinear Adaptive Predictive Control

The embedding of nonlinear models in predictive control yields the capacity of
operating the plant inside a large domain while achieving a constant performance.
Indeed, if linear models are used to design the controller, when the reference moves
away from the nominal working point, predictions become poor and the controller
performance degrades. Adaptive algorithms such as the ones described in Chap. 3 can
counteract this degradation only up to a certain point, since they are able to adjust
controller gains tuning them for the new operating point, but they are not able to
cope with the fast transient associated to large references excursions. This motivated
techniques such as nonlinear MPC (Griine and Pannek 2011).

As already stated, a general presentation of the methods of nonlinear MPC is
outside the scope of this book. Instead, we focus on the class of methods that have
a direct relation with adaptive control of DCSFs. Hence, in this chapter a nonlinear
MPC algorithm for DCSFs is obtained by taking advantage of the model distributed
parameter model given by the PDE (2.5) studied in Chap. 2 and repeated here for
the sake of clarity

0 0
gT(z, t) = —ua—ZT(z, 1)+ aR(@) — T (z, 1), 5.1

Asdiscussed in Chap. 2 this system has a bilinear structure since the manipulated vari-
able u multiplies the state. By making a change in the manipulated variable, together
with a change in the time variable, implemented through a time varying sampling
interval, it is possible to obtain exactly linear plant models, either input/output or
state-space models. Figure 5.1 shows a simplified block diagram of the controller
structure that results from this approach. Using discrete models that are obtained
from a time varying sampler the controller computes a virtual manipulated variable
by minimizing a quadratic cost in a receding horizon sense. From this virtual control,
and from the solar radiation power, the actual flow to use in the DCSF as well as the
sampling interval to be used by the clock are computed.
The details of the above procedure are explained hereafter.

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 131
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_5,
© Springer International Publishing Switzerland 2014
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Fig. 5.1 Structure of nonlinear MPC with time varying sampling

5.1 Warped Time Output Prediction Models

As shown in Sect. 2.3, the solution of (5.1) can be approximated by (2.13) that, in
terms of the fluid flow F' and assuming v = 0, is written for a generic A as

T, t+A)=T (z - ALF(t)A, t) + aR(H)A. 5.2)
f

In order to motivate the use of a variable sampling time period, recall Sect.2.2.3.
In the (idealized) situation in which there is neither heating by the sun (o« = 0) nor
losses (v = 0) the temperature distribution in the pipe evolves in time such that it is
constant along the characteristic lines given by the locus in the plane [z, ¢] defined by

t
1
1= o4 — / F(o)do, (53)
Ay
0

where zq is any value in the interval [0, L]. If the fluid flow is constant, the char-
acteristic curves are straight lines. Consider the “warped” timescale 7 related with
“physical” time ¢ by

1 t
— [ F(o)do, 5.4

Fo
0

A
T =

where Fy is a constant with dimensions of flow or, equivalently, by

dr Fy '
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Let the active part of the pipe, that is to say, the part between z = 0 and z = L be
divided in n segments of length §. As shown in Fig. 5.2 the fluid element in the first
segment will exactly exit the pipe after n time sampling periods only if a varying
sampling interval in time is used. Since in the timescale 7 the characteristic curves
become straight lines and samples equally spaced in space correspond to samples
equally spaced in time, it is natural to consider time scaling in this warped scale.
Therefore, considering (5.3), the time sampling interval Ay (that may vary with the
discrete-time epoch k) given by

Ap = tey1 — (5.6)
is computed from
A= Ar0 (5.7)
k= s .
F (1)

where it is assumed that the fluid flow is kept constant in the interval [fx, fxy1].
Equation (5.7) means that the sampling interval is chosen such that, during it, the
fluid in each pipe volume of length § is transferred to the following volume ele-
ment. Actually, (5.7) and (5.7) are a way of implementing an approximation to the
transformed timescale defined by (5.4). With the sampling defined by (5.7) the fluid
contained in the first volume element at time #;_, will exit the pipe exactly after n
samples, at the continuous time instant given by
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n
ho=tnt+ > A (5.8)
i=1

Iterated application of (5.2), with A defined by (5.6, 5.7) yields for the outlet
fluid temperature

n 1 n
T (L, een + Ak,-) =T (L Y D Ft-d) ki, tien | (5.9)
7=l

i=1
n
+a D Rt Ak
i=1

Since the sampling is made such that (5.7) holds, it follows that
n
Z F(ti—i)Ap—i = LAy (5.10)
i=1

and, considering (5.8), (5.9) becomes

n

T(L, tx) = T(O. tk—n) + D R(te-1) Ak—i. (5.11)

i=1
Let

Tk — 1) 2 T(0, tr_n)
Tow(k) 2 T(L, 1)

denote the fluid temperature, respectively, at the input and at the output of the active
part of the pipe and take as manipulated variable u the inverse of the flow multiplied
by Ard

A Af5

u(k) 2 Fo (5.12)

From the above choices and the fact that the sampling interval verifies (5.7), it is
concluded that model (5.11) can be written as

Tou(k) = a Z R(k — )u(k — i) + BTin(k — n). (5.13)
i=l1

Since only discrete times are considered, for simplicity of notation R (k — i) denotes
R(tx—;). The parameter 3 has been inserted to take into account losses.
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Fig. 5.3 Pole/zero map and frequency response of the warped time DCSF model, with the active
part of the pipe divided into n = 10 segments, showing anti-resonant peaks

Equation (5.13) provides a predictive model and will be used as a basis for nonlin-
ear predictive control design. It is remarked that, assuming no losses ( = 1) and a
constant radiation R, Eq. (5.13) defines a finite-impulse response (FIR) linear model.
For illustrative purposes, Fig. 5.3 shows the pole-zero map of the resulting transfer
function and the corresponding frequency response, when the number of elements
in which the pipe is divided is n = 10. As seen, there are anti-resonant peaks due
to the zeros over the unit circle. Although for a different situation (because here the
linear model stems in an exact way from a “warped” timescale and not from Jacobian
linearization) this is in relation with the results of Berenguel and Camacho (1996),
Meaburn and Hughes (1994). A relation may also be established with Chap.6 in
which the internal dynamics resulting from feedback linearization is shown to be
oscillatory.

5.2 Output-Based Predictive Control

The control law to consider in this chapter is designed so as to minimize in a receding
horizon sense the quadratic cost deterministic functional given by

T
Jie = Z [Tg:n(k +J) — Tou(k + ])]2 ) (5.14)
=1

where T (integer) is the prediction horizon and T}, is the reference to track.
From (5.13) it is seen that the outlet fluid temperature along the prediction horizon
verifies the following predictive model:
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i
Touttk +i) = a > Rk+j— Dutk+j—1)
j=1
n
+a D Rk+j—Dutk+i—j)+BTnk+i—n), i=1,...T.
Jj=i+1
(5.15)

The prediction of the outlet fluid temperature depends on the future values of the
solar radiation R and of the manipulated variable u. If the horizon is such that 7 < n
there is no dependency on the future values of the inlet fluid temperature 7}, because,
with the time sampling used, an element of fluid that enters the active part needs n
discrete time periods to reach the output.

Itis shown in Appendix F.1 that, by inserting (5.15) in the cost (5.14) and minimiz-
ing Ji with respect to u(k), assuming that u and the solar radiation R are constants
along the prediction horizon, results in

i (Ton(k +1) = BTin(k —n +10)) (5.16)

T
=1

1
= —
© aR(k) 31 2 |:i

T n
—a > ix > Rlk+i—jutk+i—j)

i=1 j=i+1

The minimization of (5.14) is performed using a receding horizon strategy according
to which, of the whole sequence of samples of u defined along the prediction horizon
that minimize Ji, only the first, given by (5.16) is actually applied to the plant input
at time k, the whole optimization procedure being repeated in the next sampling
interval.

The following WARTIC-i/o (WARped TIme Controller-based on i/o model) algo-
rithm (Silva et al. 2003a) summarizes the control strategy just described:

WARTIC-i/o algorithm.

At the beginning of each sampling interval, recursively execute the following

steps:

1. On the basis of plant measurements, estimate by RLS the parameters « and (3 in
the model (5.13).

2. Compute the virtual manipulated variable u (k) by (5.16).

3. Compute the fluid flow to apply to the plant by (5.12).

4. Compute the duration of the sampling interval during which the flow obtained in
the previous step is applied to the plant by

A = u(k). (5.17)

O
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Fig. 5.4 Experimental results with WARTIC-i/o. Fluid outlet temperature and reference (above)
and fluid flow (below)

This algorithm is mainly a feedforward algorithm that compensates by anticipa-
tion the effect of the two main accessible disturbances that affect the DCSF: Solar
radiation and inlet fluid temperature. As such, WARTIC-i/o has the advantages of
feedforward (fast response), but the drawback of having feedback only through the
estimation of parameters « and 3. The algorithm WARTIC-state, to be explained in
the next section, overcomes this inconvenient.

5.2.1 Experimental Results with WARTIC-i/o

Figures 5.4 through 5.6 show an example of applying WARTIC-i/o to the DCSF
used as a prototype for experiment . The controller is configured using 7 = 9
and n = 10. Figure 5.4 shows the fluid outlet temperature superimposed on the
reference (above) and the fluid flow (below). It is remarked that fluid flow is an
image of the sampling period that varies in time according to (5.7). Figure 5.5 shows
the accessible disturbances, respectively, the solar radiation power (above) and the
inlet fluid temperature (below). The inlet fluid temperature is approximately constant,
while solar radiation power changes according to daytime, with fast fluctuations due
to scattered atmospheric moisture, but without fast and strong changes due to passing
clouds. Finally, Fig. 5.6 shows the evolution of the estimates of the coefficients o and
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0 of the time warped-discrete model (5.13). While « is approximately constant, with
changes less than 10 % of its nominal value, 3 presents larger variations that are close
to the sampling interval (compare the graphic for 3 with the graphic for the flow that is
proportional to the sampling time), a fact that can be anticipated by relating 5 with ~.

The most significant issue illustrated by this experiment is that it is possible
to apply jumps of high value to the reference and obtain a fast response without
overshoot. In Fig. 5.4 a jump of 40 °C with no overshoot and a settling time of about
12 min is observed. This type of performance is typical of control design methods
that explicitly take into consideration the nonlinear distributed dynamics of DCSFs.
For instance in Johansen and Storaa (2002) experimental results including a jump of
30°C are reported.

5.3 State-Based Predictive Control

An adaptive nonlinear MPC control algorithm based on state-space models is now
explained. Again nonuniform sampling depending on the fluid flow allows to obtain
an exactly linear state-space model in discrete time.

5.3.1 Linear State-Space Model Based on Nonuniform Sampling

In order to obtain a nonlinear MPC algorithm based on state feedback, the state
that consists of the temperature at the end of each of the n elements of the pipe is
considered. More specifically the state variables are defined by

xi(1) 2 T(i6, 1) (5.18)

fori =1, ..., n. Thisis the state defined in Sect. 2.4 and corresponds to the nodes of
the grid shown in Fig. 2.8. The difference in the state-space model considered here
to the one in Sect. 2.4 is that, here, we take advantage of the time varying sampling
defined by (5.7) in order to obtain a linear discrete time state-space model. It is
stressed that linearity is achieved not by any form of Jacobian approximation but by
a nonlinear transform applied to the model.

By using similar arguments as employed to deduce (5.13) and considering the
sampling defined by (5.7) it is possible to show that the different state variables are
related by

xjtk+1) = Bxj_1(k) + Ry (k) Ay, (5.19)

where R, (k) is the average solar radiation power received during the sampling
interval between #; and #;41, given by
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| T+1
Ray(k) = — / R(o)do. (5.20)
A
173
Using (5.7), Eq.(5.19) can be written as
xitk4+1) = B (k) + aAfaR“”(k), i=1, ..., n (5.21)
J J F(k)
Furthermore, define the output
A
yk) = x, (k) = T(L, 1), (5.22)

the accessible disturbance input given by the inlet fluid temperature
d(k) = xo(k) = T(0, 1) (5.23)

and the virtual manipulated variable

Ryy (k)
k) = aA¢d . 5.24
uk) =aAy F O (5.24)
The state vector x = [xl(k) ce. Xp (k)]T satisfies thus the linear model with
dynamical equation
x(k+ 1) = Ax(k) + Bu(k) + Dd (k) (5.25)
and output equation
y(k) = Cx(k), (5.26)
where
1
o ... O 0
A = ﬂ]n_l : E) B = : E) D = . £
0 1 0
C:[O ... 0 1]. (5.27)

The characteristic polynomial of A is det(z/ — A) = ", where z is a complex
variable that should not be confused with the space coordinate. This specific charac-
teristic polynomial has all the eigenvalues placed at the origin of the complex plane.
The zeros of the discrete plant transfer function associated to (5.25, 5.26) are given
by the roots of the polynomial
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N@=""+8"2+. . +8" 2z +p"" (5.28)
These zeros are distributed along a circle of radius 3, according to

=B =1, ..., n—1. (5.29)

It is remarked that the antiresonance pattern associated with the above pole/zero
distribution is not due to the discretization procedure but is inherent to the plant
structure. The same type of frequency response is also found in the continuous model
(Berenguel and Camacho 1996; Meaburn and Hughes 1994).

The controllability (for # and d inputs) and observability matrices are given by

1 0 . 0
ca. =70 1 (5.30)
1 ﬁ . l@nfl_
8 0 0]
2 :
C(A, D) = 05 0 , (5.31)
0 0 A"
0 0 1
oc.a=| + 9 80 (5.32)
0 S, O .
g0 0

and hence the system is fully controllable and fully observable.

5.3.2 Control Law

The control law is obtained by minimizing in a receding horizon sense the determin-
istic multistep quadratic cost

T
Ji = Z[(r(k+i) — y(k+ ) + puP(k+i — 1)], (5.33)
i=1

where r is the reference to track that is assumed to be known in advance, and p > 0
is a parameter that weights the penalty on the manipulated variable cost. In order to
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solve this problem, predictors of y are required. These predictors can be computed
using the output Eq.(5.26) to express the prediction of the output in terms of the
prediction of the state as

vk +i)=Cx(k+1i) (5.34)
and then iterating the state Eq. (5.25) to express x(k + i) in x (k) by

x(k4i) = Alx(k) + Cp, [utk +i — 1) ... u(k)]”

+Cp, [dk+i—1) ...dHK)]", (5.35)
where, fori <n —1,
0...0 0
. 0
A= s (5.36)
O
0
-1 0
1 8 :
i 61’—1
1 8 ... B
and
5 0 0
0 32 0 0
0 ... 0 pg
[0 ... ... 0

Then, the prediction of future values of the output y comes in a straightforward
way by combining the predictions for the state given by (5.35) with the observations
model (5.34), to yield

i—1
Yk +1i) = Cx(k+i)=CAlx(k) + C D AT Bu(k + j). (5.39)
j=0

The minimization of (5.33) is made under the assumption that both the control
action u and the inlet fluid temperature d are constant along the control horizon,
meaning that
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uk) = ... =utk+i—1) (5.40)

and

Ay = ... =dk+i—1). (5.41)

In the appendix G.2 it is proved that the control law is then given by

(ZFm) o = X i)
ZL n+p

u(k) = , (5.42)

where
ni=1+p+...+47!

The following WARTIC-State (WARped TIme controller based on state space
model) (Silva et al. 2003a) summarizes the control strategy just described:

WARTIC-State algorithm

At the beginning of each sampling interval, recursively execute the following steps:

1. On the basis of plant measurements made up to the current discrete time k, update
the RLS estimates of the parameters « and 3 in the model (5.13).

2. Compute the virtual manipulated variable u (k) by (5.42).

3. Compute the fluid flow F (k) to apply to the plant from (5.24), by

Rav (k)

F(k) = aA s T

4. Compute the duration of the sampling interval during which the flow obtained in
the previous step is applied to the plant by

Ax = u(k). O

For p = 0 (no penalty on the control variable) and T = 1, the control law (5.42)
reduces to

u(k) = r — xu_1 (k). (5.43)

Inserting (5.43) in the state Eq.(5.21) for j = n it is concluded that, with this
control law,

xpk+1)=r.
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Fig. 5.7 Pole/zero map of the T T T T
DCSF model controlled with I
the WARTIC-State algorithm,
with the active part of the pipe
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showing the migration of
the closed-loop poles to the
interior of the unit circle, and
away from its boundary, when
the prediction horizon 7' is
increased
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i.e. the flow necessary to ensure that the fluid inside the pipe lement volume (element
n — 1) will reach the output in the next sampling period, with a temperature that is
equal to the reference specified.

The choice p = 0, T = 1 is however a bad choice since it yields closed-loop poles
that cancel the plant zeros, causing the occurrence of oscillations in the manipulated
variable. By increasing the prediction horizon T these undesirable hidden oscillatory
modes disappear. Figure 5.7 provides an example by showing the closed-loop system
eigenvalues for n = 4 and different values of 7. While for 7" = 1 the eigenvalues
lie over the stability boundary (the unit circle), and in the same position as the plant
zeros, by increasing the predictive horizon T they migrate to the interior of the unit
circle, thereby improving relative stability. Since, for T > 1, the process zeros are
no longer canceled, there are no longer hidden modes.

5.3.3 Observer Design

If the state, given by the fluid temperature along the pipe at points separated by
a distance 4, is not directly measured, it can be estimated with an asymptotic
observer.

For this sake, an estimate X (k) of the state x (k) (that verifies (5.25)), given obser-
vations of the output y up to time k, can be recursively updated in time by
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Fig. 5.8 Observer
eigenvalues for n = 10

Imag
o

£(k) = Af(k — 1)+ Bu(k — 1) + Dd(k — 1) (5.44)
+ L[y(k) — C(Ak(k — 1) + Bu(k — 1) + Dd(k — 1))],

where L is a vector of observer gains.
The estimation error X defined by

X(k) == x(k) — x(k), (5.45)
satisfies the difference equation
X(k)y=(A—-LO)x(k—1). (5.46)

By selecting the vector of observer gains to be

L=[1 2 1", (5.47)

==
IS

the characteristic polynomial of the observer error Eq. (5.46) becomes

n—1

P(z) =det(z] — A+ LC) =" + %z"‘l n

1
- I+ - (54

Figure 5.8 shows the distribution of the observer eigenvalues in the complex plane
for n = 10, as given by the roots of (5.48).
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Fig. 5.9 WARTIC-State algorithm. Experiment 1. Response to a temperature step for 7 = 8.
Experimental results for the outlet fluid temperature and reference (above) and fluid flow (below)

5.3.4 Experimental Results with WARTIC-State

Figures 5.9 until 5.11 show experimental results obtained with the WARTIC-state
algorithm in a DCSF.

An important practical issue is how to select the number n of pipe segments.
Together with the range of allowed flows, this parameter establishes the sampling
period range. In the DCSF used the total volume V of the active part of the pipe
is approximately 1,8001. The minimum value of the flow is Fyij, = 2 1/s and the
maximum is Fiax = 101/s. A value of n = 20 was chosen in order to get a sampling
period between

. 1 Vv 1V
A™ = — =05 and A™ = — — =455
Fiax n min 1

In other works performed with the same plant, the values of the sampling period
range between 15 and 35s.

Figure5.9 documents experiment 1 with WARTIC-State and shows results
obtained with 7 = 8. From the plot it is observed that there are strong oscilla-
tions in the value of flow that are not reflected in the output, corresponding to an
unobservable mode. This undesirable effect is due to the cancelation of antireso-
nance zeros by the controller poles and, as shown by the subsequent example, can
be avoided by increasing the prediction horizon 7.
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Fig. 5.10 WARTIC-State algorithm. Experiment 2. Outlet fluid temperature and reference (above)
and fluid flow for T = 16. Experimental results

Experiment 2 with WARTIC-State is documented in Figs. 5.10 and 5.11. In this
experiment, the prediction horizon has been increased to 7 = 16. Figure 5.10
represents the time evolution of the outlet fluid temperature superimposed on the
reference to track and the fluid flow. With this configuration of the controller the fluid
temperature is able to change 15 °C in just 6 min. Furthermore, the outflow presents
almost no oscillations. The controller is able to perform the required maneuver by
taking advantage of the knowledge of the dominant plant dynamics that is embedded
in the change in timescale. Furthermore, the use of an extended horizon allows an
adequate compensation of the antiresonant peaks in the frequency response, while
avoiding the cancelation of the process zeros.

Figure5.11 shows the estimates of the fluid temperature, in points along the pipe,
computed by the state observer.

5.4 Moisture Control

In order to illustrate the nonlinear predictive control design approach in a different
plant, consider the moisture drying plant described in Sect.2.5.1. Figure 5.12 shows
simulation results with 7 = 3 and T = 9. In both cases the number of segments
in the space discretization of the conveyor belt is n = 10. The moisture content
at the feeding point, W (0, k), is initially equal to 0.5 and it is then made to vary,
thereby inducing a disturbance. The desired value for the outlet moisture content is
W(L, k) = 0.1, where L is the length of the conveyor belt.
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Fig. 5.12 Moisture control with the WARTIC-State algorithm. Simulation results for 7 = 3 (left)
and T = 9 (right). In both cases the upper graphics show the moisture at the feeding point (upper
curve) and the moisture at the belt end (lower curve), and the graphic placed below shows the
manipulated variable

Comparing the results for 7 = 3 and T = 9 it is concluded that the increase in
T eliminates the oscillation in the manipulated variable, a situation much similar to
the one observed in the control of the DCSF with WARTIC-State presented in the
previous section.
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5.5 Main Points of the Chapter

The definition of a “warped” timescale in the DCSF model, together with the redefi-
nition of the manipulated variable, yields a transformed model that is exactly linear.
Using this linear model, the machinery of linear predictive control can then be used
to yield controllers in closed form that minimize a quadratic cost. Two types of con-
trollers are considered, depending on the type of model employed. For input/output
models a FIR linear model is obtained. In this case, the resulting controller has the
drawback of being a pure feedforward controller. Instead, the state-space formula-
tion yields a feedback/feedforward controller. In both cases it is possible to make
sudden jumps of the reference without overshoot. Internal modes, associated to the
fluid temperature along the pipe may be highly oscillatory, but the increase of the
control horizon prevents this undesirable effect.

In addition to the control of a DCSF, for which experimental data is shown, the
same technique is used to control a moisture drying plant.

5.6 Bibliographic Notes

The idea of making a time normalization in order to linearize exactly the model of the
DCSF and the use of a variable sampling interval to implement it in practice has been
originally introduced in Silva et al. (2003a, b). The construction of the state-space
model and the associated state observer is addressed in Silva et al. (2003b). After the
change of variable in the timescale, the model becomes linear and the design of the
observer is a straightforward modification of the standard procedure (Astrom and
Wittenmark 1997) to include the extra input associated to accessible disturbance.
In Pin et al. (2008) an adaptive controller that combines a warped time model with
the unscented Kalman filter is applied to a DCSF that employs molten salt as fluid.
Although the field reaches higher temperatures than DCSF that use oil as fluid, being
therefore close to the thermal limits of the receiver pipes, the algorithm is able to
keep the operating point within the region defined by prescribed constraints.
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Chapter 6
Nonlinear Adaptive Control

A possible approach to the control of nonlinear systems consists of making a change
of variables such that they become linear. In Chap. 5 this has been achieved by making
a change in the time variable, that is implemented in practice by the use of a time
varying sampling interval. In this chapter, instead, the same objective is attained with
a change of the manipulated variable, according to a technique known as feedback
linearization. For that purpose, a virtual manipulated variable is defined, such that,
between them and the output dynamics becomes linear.

A linear model may then be used to select the value of the virtual manipulated
variable and ensure that the outlet fluid temperature tracks the reference. Inverting
the change of variables allows to compute the fluid flow, that forms the physical
manipulated variable that is actually applied to the DCSF.

The change of variable that relates the virtual manipulated variable and the fluid
flow depends on an unknown parameter that may vary with time. In order to obtain
an adaptive controller that tackles this source of uncertainty, a possibility would be to
estimate this parameter online from plant data using the RLS estimation algorithm.
However, a different approach is followed hereafter that has the advantage to ensure
stability of the overall system when the controller is based on parameter estimates
(at least assuming the plant nonlinear model to be true). For that sake, a candidate
Lyapunov function is defined in the space of the plant states augmented with the
states of the estimation algorithm. The estimation algorithm is then designed such
that, along the orbits of the augmented system, the total derivative with respect to
time of the candidate Lyapunov function is negative semidefinite. This fact ensures
stability in the sense of Lyapunov for the overall system (that is to say, to the con-
trolled system, including the estimator). Furthermore, using the invariant set theorem
(Slotine 1991), it is possible to conclude that the outlet fluid temperature will tend to
the reference when time grows unbound. These conclusions are valid if the nonlinear
model assumed for the plant is valid.

Thus, in this chapter, an approach is followed that relies on a combination of
feedback linearization and control Lyapunov functions. In the first part of the chapter,
avery simple (first order) nonlinear model is considered. Upon linearization using the
technique mentioned, a single integrator results that can be controlled with a constant

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 151
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_6,
© Springer International Publishing Switzerland 2014
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Fig. 6.2 Structure of the nonlinear adaptive MPC control with a higher order model

gain. The simplicity of the model has the advantage of greatly simplifying the design
to better illustrate the technique. Despite this simplification, the conclusions are valid
on an actual DCSF, and experimental results are presented to illustrate this fact. The
block diagram is shown in Fig. 6.1.

In the second part of the chapter, a more general situation is considered, corre-
sponding to the block diagram of Fig. 6.2. The dynamics of the DCSF is no longer
represented by a first-order model but, instead, by a n-th order lumped parameter
model whose state is made of the fluid temperature at points along the pipe. Further-
more, using a bounding technique described in Primbs (2000), Sontag (1998), it is
possible to define a receding horizon controller (RHC) that ensures stability of the
nonlinear lumped parameter DCSF model.

6.1 Feedback Linearization

Feedback linearization is a technique that consists of making a change of variables
such that, in the new coordinates, the system becomes exactly stable (Slotine
1991; Isidori 1995). Depending on the variables involved, there are two types of
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feedback linearization procedures, namely input to state linearization and input—
output linearization. It is possible to show that the lumped parameter DCSF model
(2.19) is input to state linearizable only for n = 1 and n = 2. Hence, input to state
linearization is not further pursued here. Instead, input—output exact linearization is
considered hereafter.

6.1.1 Input—QOutput Linearization

Input—output exact linearization consists of finding a state transformation (that is a
diffeomorphism, i.e., an invertible function that maps onde differentiable manifold
to another one, and the function and its inverse are invertible)

7=>(x) (6.1)
and an input transformation
v —b(x)
= —" 6.2
2(0) (6.2)

where v is the transformed input and a(.), b(.) are convenient state functions (to be
made precise below), such that the transformed system has the form

1 =22 (6.3)
2=23

Zn,—1 = Zn,
Zn, =V

Znp41 = G, +1(2)

Zn = qn(2)
y =121,

where y = h(x) is the system output and n, is the so called relative degree. The
relative degree (Slotine 1991; Isidori 1995) is given by the number of times the output
y has to be differentiated at a given time #( so that u(fg) explicitly appears.

In this transformed form, the relation between the new input v and the output is
an integrator of order n,. The last n — n, equations correspond to unobservable states
and they must be shown to be stable.

Consider now the DCSF model defined by: (2.19) where, for the sake of simplic-
ity and without loss of generality, it is assumed that the inlet fluid temperature is
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T(0,t) = 0. Define the output y by:

y = h(x) = x,. (6.4)
Differentiating the output given by (6.4) one obtains

= %, = aR — %u 6.5)
and it is concluded from the definition that the relative degree of this systemisn, = 1.
The transformation z = @ (x) that brings the system to the form (6.3) is thus of the
form

h(x)
$2(x)
1=0(x) = : ) (6.6)
On(x)
with convenient functions ¢, ..., ¢,.
Consider the control law given by:
—L¢h R —
_ fhx) +v o« v . 6.7)

Lgh(x) h Xn — Xn—1

where v is a virtual manipulated variable. In (6.7), the symbol Lgh(x) is the Lie
derivative of & defined by

Oh
Loh(x) £ 52800, (6.8)

Equation (6.7) provides a transformation such that, from the transformed input
v (the virtual manipulated variable) to the output y, the dynamics reduces to a pure
integrator. Once the value of v is computed with an appropriate control law, the actual
physical manipulated variable u to apply to the plant is computed from v by (6.7).

It is remarked that the computation of u requires, in addition of v, the values of the
states x, and x,_1 that must be available for measurement. The measure of x,_1 is
not available in the plant considered for values of n > 1. In general, one possibility is
to estimate this variable. Another line of work, exploited hereafter, consists in using
approximate models.

6.1.2 Internal Dynamics

With the above input—output feedback linearization control strategy, it remains to
show that the internal dynamics (i.e., the states that are not observable from the
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Fig. 6.3 Example of internal dynamics of a DCSF model with input—output feedback linearization
control. Normalized variables are used

Fluid Temperature

output) is stable. For a DCSF, a convenient way for studying internal dynamics is by
considering tracking dynamics (Isidori 1995). Let the initial condition x° = x(0) be
compatible with the reference signal y, (¢). This means that

yr(0) = h(x%)
yD(0) = Lrh(x%

PO = L hGO).
Define the tracking manifold by:
M, = {x €M h(x) =y (1), ... L'y hix) = y}r—“(r)},

where M denotes the state-space.

The tracking dynamics is the dynamics of the system constrained to M;. It corre-
sponds to the internal dynamics when the output is perfectly tracking the reference
y*(t). In general, finding the internal dynamics involves computing & that may
require a cumbersome numerical computation.

Figure 6.3 shows the internal dynamics when the initial state is a straight line added
to a sinusoid with a period equal to the length of the pipe. Normalized variables are
used. As seen in this picture, although the input and output temperatures are constant,
intermediate values of the state present a noticeable oscillation. By choosing another
initial condition, a different internal dynamics is yielded. Figure 6.4 shows another
example in that the oscillations have a spatial period equal to L /3.
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Fig. 6.4 Another example of internal dynamics of a DCSF model with input—output feedback
linearization control. Each curve corresponds to the spatial temperature distribution at a different
time. Normalized variables are used

The following result that characterizes the internal dynamics of the DCSF lumped
parameter model is proved in the Appendix G.

Proposition 6.1 Let the length L of the active part of the DCSF be normalized such
that L = 1 and assume there are no losses (v = 1 in (2.15)). The eigenvalues of the
linearized tracking dynamics of the field when the state is constrained by:

Xp=0, x,=r=1, (6.9)

where y* = 1 is the reference to track and n is the number of segments in the space
grid, are placed equally spaced over a circumference of radius n and centered at —n.
When n grows, these eigenvalues approach the imaginary axis. [

6.1.3 Internal Dynamics with Approximate Control Laws

In a DCSF, the change of input variable defined by (6.7), according to which the
physical manipulated variable (fluid flow) u is replaced by the virtual manipulated
variable v, leads to a relation between the transformed input v and the output y
exactly given by an integrator. It happens, however, that in a DCSF, while y = x, is
available for measurement, x,_ is in general not. Indeed, only the inlet and outlet
fluid temperatures are available for measurement.

In this realm, one issue with practical incidence to consider is plant internal
dynamics when (6.7) is replaced by:
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Fig. 6.5 Internal dynamics with d = L/n, corresponding to exact feedback linearization. Normal-

ized variables are used

aR —v
U= ,
T(L,t)—T(L—d,1)

(6.10)

where d is the distance between both temperature sensors that are assumed to exist.

Figures 6.5 and 6.6 correspond to the situations in whichd = L /n (corresponding
to exact input—output linearization) and d = L (corresponding to an approximation
of the feedback linearization law). Each of these figures shows the time evolution of
the state components, starting from a given initial condition.

Start by considering Fig. 6.5. The output temperature, corresponding to the com-
ponent initialized at 1 (i. e., the upper curve) is constant. This is what is expected,
since v = 0 and the relation between v and y is exactly an integrator. The other states,
according to the previous discussion on internal dynamics, present oscillations.

Consider now Fig.6.6. The output is no longer constant and there is an initial
transient which is explainable by the fact that the control transformation used is now
only an approximation to the linearizing one.

6.2 Control with a Reduced Complexity Model

Motivated by the discussion on the previous section, control is now designed on the
basis of the reduced complexity model

. 1
y=—u(y—yo)z+aR, (6.11)
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Fig. 6.6 Internal dynamics with d = L, corresponding to an approximation of the feedback lin-
earization law. Normalized variables are used

where y is the outlet fluid temperature, yo is the inlet fluid temperature and u is the
fluid flow velocity. This model corresponds to the lumped parameter approximation
2.19 withn = 1.

6.2.1 Feedback Linearization of the Reduced Complexity Model

In (6.11), the optical efficiency parameter « is not exactly known in advance and,
furthermore, it includes modeling errors, being expected to change slowly by factors,
discussed in broad terms in Sect. 1.3, such as dust accumulation or mirror deforma-
tions due to wind. It is thus to be estimated. Let « denote the true optical efficiency,
& an estimate of o and & the error between the two
a=a-—a. (6.12)

Then (6.11) yields

. 1 A a

y= —u(y—yo)z+(a+oz)R- (6.13)

From (6.7) with d = L, the virtual control signal v is given by

|
v=—uly = yo) +6R. (6.14)
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Fig. 6.7 Experimental results on input—output linearizing control of a DCSF using a reduced
complexity model. Outlet fluid temperature (above) and virtual control signal (below)

This expression may now be used to control the outlet fluid temperature by using a
linear controller. The actual control signal applied to the plant is given by:

aR —v
u=—>~L. (6.15)
y—=Yo
Inserting (6.15) in (6.13) yields
y=v+aR. (6.16)

Equation (6.15) defines the static transformation W such that between the variables
v and y the model dynamics is equivalent to a linear system (integrator), disturbed
by an input offset with an unknown gain.

Figures 6.7 and 6.8 show experimental results in which a DCSF has been coupled
with the approximate feedback linearizing law (6.15) based on the reduced com-
plexity model (6.11). The objective is to illustrate that, in a DCSF, from the virtual
control signal v to y, the system behaves approximately as an integrator, even in the
presence of strong disturbances in solar radiation. In this experiment, only the lin-
earizing loop is closed. The system (DCSF plant plus the feedback linearizing loop)
is driven by a virtual manipulated variable signal formed by a sequence of steps
with varying amplitudes and duration depicted in Fig.6.7. As expected, a saw-tooth
like temperature signal results by integrating the piecewise constant virtual input.
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Fig. 6.8 Experimental results on input—output linearizing control of a DCSF using a reduced
complexity model. Solar radiation (above) and the fluid flow (below)

This behavior is actually observed, as seen in Fig. 6.7 (above) that shows the outlet
fluid temperature varying approximately as a triangular signal with different slopes
depending on the amplitude of the virtual control (Fig. 6.7, below).

Some discrepancies are explainable by the error in the value of the estimate used
for «v, in accordance with Eq. (6.16). By using a better estimate, as would happen if
an adaptive scheme is used, an even better approximation to the integrator would be
obtained.

It can also be seen that the sudden reduction in solar radiation, represented in
Fig. 6.8 (above)) is almost not sensed in the output since the actual control signal,
shown in Fig. 6.8 (below), compensates its wild changes.

6.2.2 Control Lyapunov Function-Based Adaptation

In order to obtain an adaptation law for updating & and incorporating this estimate in
an adaptive controller that ensures stability of the nominal model, an argument based
on the Second Lyapunov’s Method (Slotine 1991) is used. For that sake, consider
the candidate Lyapunov function defined by:

N L, 1_,
V(e,a):z e —i—;a , (6.17)
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where v > 0 is a constant parameter and e is the tracking error defined by:

e(t) =y* =y, (6.18)

with y* being a constant set-point. Since the linearized system is an integrator, there
is no need to include integral action in the controller. Thus, let the virtual control in
continuous time be given by the Proportional Derivative (PD) law

v=kpe—kgy, (6.19)

with k,, and k4 constant gains. Replacing this control law in the transformed plant
Eq.(6.16), yields the following closed-loop model

_ ey R 6.20)
_1+me 1+ma' )

y

For V to be a Lyapunov function, its time derivative must be semidefinite negative.
Assuming a constant set-point and a constant «, use the parameter estimation error
definition (6.12), and get

. 1 _.
V =—ey — —ad. (6.21)
ot

Upon using (6.20), this becomes

14 _p [ K +1*}” (6.22)
= — e — e - |« .
1+ kg 14+ kg Y

The adaptation law for & is chosen such that the term multiplying & in the above
expression vanishes, yielding

o=—

6.23
1+ kq ( )

With this choice, V is negative semidefinite if k, > 0 and ks > —1. Furthermore,
by LaSalle’s invariance theorem (Slotine 1991), all the trajectories converge to the
maximum invariant set contained in the set of states where V = 0, implying that

lim y(r) = y*, (6.24)
11— o0

that is to say, with the feedback linearization rule (6.15), where & is updated with
the adaptation law (6.23), and the feedback control that computes the manipulated
variable v according to (6.19), the outlet fluid temperature will tend to the reference
(assumed to be constant).

It is remarked that this conclusion applies only to the simplified model (6.11)
that is only an approximation to the actual DCSF dynamics. However, experimental
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results show that the resulting performance is acceptable, and in accordance with
the assumptions made. Indeed, experimental results on the input—output lineariz-
ing control using a constant estimate of the mirror efficiency « have already been
shown in the previous section. Results with the full adaptive controller are presented
hereafter.

Observe also that nothing is said about the convergence of the estimate & to its true
value o.. By extending the argument on LaSalle’s invariance theorem it is possible to
show that, if the reduced complexity model is used to represent the DCSF dynamics,
& will converge to « provided that the temperature reference does not vanish.

6.2.3 Experimental Results with Reduced Complexity Control

The nonlinear adaptive control law described in Sect. 6.2.2 is illustrated hereafter in
an experiment in which a feedback linearizing loop based on the reduced complexity
model (6.11) is used and then an outer-loop is closed so as to track a constant
temperature reference while the mirror efficiency parameter « is estimated using
the approach just explained based on a joint Lyapunov function for control and
estimation.

The virtual control signal v is generated by the following discrete time finite
difference approximation of the PD controller (6.19)

v(k) = kpe(k) + kq(y(k) — y(k — 1)). (6.25)

The manipulated variable signal that is actually applied to the plant (fluid flow)
is computed from v by:
a(k)R (k) — v(k)

k) = ———F———"h, 6.26
R =0 = o) (6:20)

with the estimate & updated by the following approximation to (6.23)
ak + 1) = ak) — kgRe(k). (6.27)
A sampling time of 15s and the following gains are used:
kp =9, k,=0.0001/820, k4 =15.

During the experiment the radiation was roughly constant, its mean value of
820 Wm 2 being lumped in the constant k,,.

Figure 6.9 (above) shows the reference temperature and average outlet temperature
taken over all the ten field loops. The overshoot in positive steps can be reduced by
using lower gains on the PD controller. Figure 6.9 (below) shows the actual control
(fluid flow) applied to the plant.
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Fig. 6.9 Experimental results on input-output linearizing control of a DCSF using a reduced com-
plexity model. Reference temperature and average outlet temperature (above) and the fluid flow
applied to the plant (below)

6.3 Higher Order Models and Receding Horizon Control

We now generalize the methods of Sect.6.2 to higher order models. Again, the
adaptive control algorithm comprises three main blocks: A receding horizon con-
troller, a control Lyapunov function-based adaptation rule, and a state observer.
Furthermore, in order to obtain a receding horizon controller that is guaranteed
stable, an extra condition is included as in Primbs (2000). Each of these are detailed
hereafter.

6.3.1 Nonlinear Adaptive Control with Higher Order Models

Define again the feedforward control law given by:

R*L
ut = a* i (6.28)
¥ —Xo

where y* is the set-point of the outlet fluid temperature x;* and R* is the solar radiation
for which the equilibrium is computed. It is assumed that the set-point y* is always
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selected such that y* > x¢, and implying that u* > 0. Let x* be the corresponding
equilibrium state and consider the dynamics of the error

e=x—x* (6.29)

The dynamics if e is obtained by subtracting Eq. (2.19) and

*
«_ L

=T (Ax* + Bxg) + C o R*. (6.30)

The error dynamics is given by:

. —A —Ae—Ax*—Bxy .
e=—u e+ u
L L

+C aR, (6.31)

where i = u — u* and R = R — R* are deviations with respect to the equilibrium

values. As shown in Appendix H, for # = 0 and R = 0 the error dynamics is

asymptotically stable whenever the matrix A = —% is asymptotically stable or.
Since —A is asymptotically stable, there are matrices P = PT > 0, My =

MOT > 0 that satisfy the Lyapunov equation
(=A)TP + P(—A) = — M. (6.32)

Assume the external signal R to be such that R = 0. In order to obtain a stabilizing
control law for (6.31), consider the following scalar function with P verifying (6.32)

Vo =e! Pe. (6.33)

Its derivative is given by:

. R(t
Vo= —a—()eT(ATP + PAe+ il GT (e, xp)Pe + el PG(e, xp)it, (6.34)
s — X0
with
A A B
Gle,xg) 1= — T AH T B0
L
Let the control be given by:
u(t) = u™ (1) + (), (6.35)

with

1
i = -3 ® G (e, x0) Pe, (6.36)
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where ¢ > 0 is a parameter knob. Under this control law, (6.34) becomes

Vo = —eT (M T $PG(e, x0)GT (e, xo)P) e<0 Ve#£0, (6.37)
where
R(t
M@ = 2RO (6.38)
Yx — X0

Therefore, Vy is a Lyapunov function for the error dynamics (6.31) when the loop is
closed with (6.35) with & given by (6.36), thereby establishing asymptotic stability
when the control law (6.36) is used.

6.3.2 Stabilizing Receding Horizon Control

The above stabilizing controller is now used to build a constraint that ensures stability
in a receding horizon controller (RHC). For that sake, define the RHC for the error
dynamics by solving the minimization problem

t+T

min J = / (eT(T)Pe(T) gy fﬂ(T)) dr (6.39)
u
t
subject to
—A —Ae—Ax*—B
b= Doy LT A7 %0 5 (6.40)
L
and
Vit +T) = Vipe(t +T), (6.41)
in which y* is given by (6.28),
Vo(T) = &' (T) li=o Pe(T) li=o (6.42)
= e (FH T Oa) p (FET 0 (),
and
Vene(T) = &' (T) Pe(T), (6.43)

where P is computed from (6.32).
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The constraint (6.41) is equivalent to impose to the RHC that, at each iteration,
the norm of the error at the end of the optimal sequence is bounded by the same
norm resulting from the error when u is given by the stabilizing control law (6.35).
The existence of a control law stabilizing the closed loop allows to interpret Vy as

a Control Lyapunov Function (Sontag 1998) and is a sufficient condition to ensure
Global Asymptotic Stability of the loop closed by the RHC (Primbs 2000).

6.3.3 State Observer

When the state is not available for direct measurement, it must be estimated. For that
purpose, associate to (2.19) the following state estimator with output error reinjection,
where X is the estimate of x that satisfies

§ = —= (A% + Bxo) + CaR(0) + K(1)(y = D3, (6.44)
with the measurement model
y=Di=[0 0 --- 1]x. (6.45)
The observer error dynamics e; := x — X verifies
€l =—%A61+C(a—&) R(t) — K(t)D ey, (6.46)

with the observer gain K () suitably defined as discussed below.

6.3.4 Control Lyapunov Function-Based Adaptation
Consider the candidate Lyapunov function
T 1 ~2
Vi =ej Qer + ; a”, (6.47)

where v > 0 is a parameter, Q is a positive definite matrix and the parameter
estimation error & is defined as:

at) = a — &), (6.48)

where @ is the estimate of a.
Defining

A, = —%A — KD, (6.49)
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Equation (6.46) reads
e1(t) = Acer + CaR(t). (6.50)

The derivative of the candidate Lyapunov function Vj is then given by:
y T AT ~ T 2.
Vi=e (A, O+ QA e +2a(CR(t))" Qer + ;a Q. (6.51)

Stability holds if
—M@) = (A[Q + QAg) <0
and
&=—p(CRM) Qe
from which the following adaptation law follows
& = p(CR®)T Qe. (6.52)

It is remarked that, if the pair (A, D) is observable, the condition M (t) > 0 is
ensured by the following choice of the observer gain

K(t) = %Ko, (6.53)

where K is selected such that —A — Ko D is asymptotically stable. Indeed, since
the fluid velocity u is bounded above and below by strictly positive values

Umax = U = Umin > 0, (6.54)
this choice of K () yields
ATo+0a =" -a— KoD) 0+ 04~ KoD)]
= —%Mo = —M(1) (6.55)

with the matrix M selected as the positive definite solution of the Lyapunov equation
(=A = KoD)" Q + Q(=A — KoD) = —Mj. (6.56)

This ensures stability because, from (6.55) and the adaptation law (6.52):

|ue]

. u
Vi=—e{ Mer = ———ef Mey < —=7%

el Mey <0. (6.57)
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From La Salle’s Invariance Principle (Slotine 1991), it is concluded that all state
variables will converge to the greatest invariant set contained in the set in which
Vl = 0. This set is not empty and, furthermore, from (6.57), it is concluded that
all the points in it are characterized by the fact that e; = 0. Hence it follows that
lim; e () =0.

6.3.5 Computational Algorithm

A computational efficient version of the the adaptive RHC is given by:

t+T
min J = / (eT(T)Pe(T)—F’YIZZ(T)) dr (6.58)

1
subject to
i= —% (Ax + Bxo) + C & R(t)
x(®) = x(t)

Useq (1) = seq{ur, ..., un,}
Umax = U > Umpin > 0
Vox(t +T)) = Vine(xt +T))

with Vp computed by (6.42) with x and « replaced by their estimates.
The estimate of u* is given by:

.« GR@®L

S S— 6.59
r(t) — xo() (659

Here, X and & are obtained using the state estimator (6.44), the adaptation law
(6.52), useq(1) is a sequence of step functions with amplitude u; (i = 1,..., N,)
and duration Nlu The variable 7 represents time during the minimization horizon
rel0,T].

Once the minimization result u(f) is obtained, according to a receding horizon
scheme u is applied to the plant at f 4§ and the whole process is restarted, 4 being an
interval of time which is at least the time needed to compute the solution (Findeisen
and Allgower 2002).

If the minimization is not feasible, than one can still apply to the plant the control
given by:

u(t) =u*, (6.60)

that preserves the closed-loop stability.
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6.3.6 Control of a DCSF

In order to illustrate the above receding horizon controller, simulation results of the
RHC described in Sect. 6.3.5 are shown hereafter in a detailed nonlinear model of
the solar field using experimental sequences for R(¢) and Tp(z).

The reduced model uses orthogonal collocation with the 3 interior collocation
points z = [0.113 0.500 0.887]. Matrix A is given by

3.87298  2.06559 —1.29099  0.67621
—3.22749  0.00000 3.22749  —1.50000
1.29099 —2.06559 —3.87298  5.32379
—1.87836 2.66667 —14.78831 13.00000

A=

and is easy to check that the eigenvalues of —A/L have all negative real part.
In order to configure the controller, the following parameter choices have been
made:

y=1x10°
Ko =[15151515]"
p=15x%x10"10

Example 6.1 The first example illustrates the fact that the control law (6.35) actually
yields a stable closed loop. Figures 6.10 through 6.11 depict the corresponding
closed-loop behavior when r* = 250 °C. Figure 6.10 shows the reference, constant
and equal to 250° and the temperature at the collocation points that form the state
of the finite-dimensional approximation used. As expected, the outlet temperature
approaches the reference, while the other temperature converge to constant values
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Fig. 6.11 Example 6.1. %10
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that are lower for lower coordinates of the collocation point (in other words, in
equilibrium, at given time instant, the temperature decreases along space, from the
beginning to the end of the DCSF pipe).

Figure 6.11 shows the square of the tracking error that, as expected, converges
to zero. Finally, Fig. 6.12 shows the solar radiation and the physical manipulated
variable, given by the fluid flow. The solar radiation is the main disturbance acting
on the system, and is measured to compute the physical manipulated variable in the
linearizing feedback compensator. With no surprise, the fluid flow is much influenced
by the solar radiation.

Example 6.2 In example 6.2, two sets of simulations concerning the adaptive RHC
are reported, with different values of the horizon 7 and N,, selected accordingly. In
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the first 7 = 60s N,, = 2, while in the second T = 180s N, = 6. Here, N, denotes
the number of time “strips” in which the prediction horizon is decomposed when
approximating the integral (6.39) by Rieman sums, for the numerical computation
of the control sequence.

Figures 6.13 through 6.15 show the results for the controller configuration with
T = 60s, while Figs.6.16 through 6.18 show the results for the configuration with
T = 180s. Apart from the value of N,,, the major difference between these two con-
troller configurations is the prediction horizon 7" which is larger in the second case.
As expected, a larger horizon yields smoother input and output signals. Comparing
Fig.6.13 (for T = 60) with Fig.6.16 (for T = 180) it is seen that, by increasing
the horizon, the output response becomes less oscillatory. This fact is also true for
the manipulated variable (compare Fig. 6.14, obtained for 7 = 60, with Fig.6.17,
obtained for 7 = 180).
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Fig. 6.15 Example 6.2(a). -4
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The test planned includes a strong and fast disturbance at time 4.5h, as seen in
the radiation plots of both Figs.6.14 and 6.17. This disturbance is well rejected.

Comparing the estimates of mirror efficiency «, Fig. 6.15 (T = 60) and Fig. 6.18
it is seen that with the larger horizon the convergence is slightly slower, but the
reference transitions disturb it less, a consequence of the improvement in control
performance.

6.4 Main Points of the Chapter

In this chapter, the control has been design by combining three elements:

e A change of variables that exactly linearizes the system dynamics;
e A parameter estimator;
e A control law for the exactly linearized system.

While these elements are also present in Chap. 5, the technique used to implement
them is much different here, in what concerns the first two. Indeed, while in Chap.5
the variable used to linearize the system is time, in the present chapter it is the manipu-
lated input. Furthermore, while Chap. 5 relies on an a priori defined parameter estima-
tor (recursive least squares are used), without any assurance on stability, in the present
chapter the estimation rule results from a condition that ensures stability of the overall
system. For that sake a joint Lyapunov function for control and estimation is used.

The control law used for the exactly linearized system that results from the combi-
nation of the first two procedures can be either a state feedback controller or a model
predictive controller that minimizes a receding horizon cost. The use of MPC is
computationally much more demanding, a limitation that is not critical given the low
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sampling rates used in DCSF control, but has the significant advantage of allowing
to incorporate constraints in manipulated variable computation.

When using MPC, the constraints can be of two types: Operational and stability.
Operational constraints refer to the allowable range of variables (for instante, min-
imum and maximum values of the fluid flow, or of the fluid temperature). Stability
constraints refer to constraints that are imposed in order to ensure stability of the
closed-loop system with the resulting controller. In this chapter, a stability constraint
is imposed on the cost value that results from a controller that ensures stability by
minimizing a Lyapunov function. This other controller forms a kind of “safety net”
that ensures a stable solution to the control problem from which other solutions with
increased performance can be searched.
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Fig. 6.18 Example 6.2(b). X107
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6.5 Bibliographic Notes

Feedback linearization is a general technique to tackle some classes of nonlinear
control systems, for which a wide bibliography is available (Slotine 1991; Isidori
1995). The use of a static feedforward series compensator for the nonlinearity of the
DCSF was first proposed in Camacho et al. (1992). Exploitations and extensions of
these structure have been presented in Cirre (2007). The idea of combining feed-
back linearization with a control Lyapunov function to obtain an adaptation law that
ensures stability of the whole system was presented in Sastry and Isidori (1989) for
general systems. For DCSF control, this idea was first presented in Bardo (2002) for
the first-order example, and extended to higher order models in Igreja et al. (2003).

For the use of a Lyapunov-based function controller to impose a stability bound,
see Sontag (1998), Primbs (2000).
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Chapter 7
Adaptive Motion Planning

There are many control problems in which the objective consists of tracking
a time-varying reference that is known in advance. The problem can be formulated,
e.g., as a predictive or an optimal control problem (Lewis and Syrmos 1995; Mosca
1995), either in the time or frequency domains, but it always involves, in a way or
another, a model of the signal to track and leads to a solution in the form of a two
degrees of freedom controller structure (Mosca 1995). While in some situations the
profile of the manipulated variable is a priori unknown, there are many situations in
which an input nominal profile to be followed by the process output and/or the state
is specified in advance. In this last case, advantage may be taken of this knowledge
in order to design a servo controller, i.e., a controller that tracks a variable reference,
such as to improve its performance.

The problem is then twofold: First, to compute nominal input and output profiles,
possibly using an approximated plant model, and then to design a regulator that
stabilizes the actual plant trajectory around them. For finite dimensional linear con-
trollable systems the solution to these problems is well known (Henson and Seborg
1997).

In other, more complicated situations, such as the ones involving nonlinear and/or
distributed parameter systems, the concept of flatness (Fliess et al. 1995) is instru-
mental in designing the motion planner that yields the nominal trajectory and in
coupling it with the deviations regulator (Mounier and Rudolph 1998). Flatness gen-
eralizes to nonlinear systems the notion of controllability. Indeed, for flat systems, it
is possible to define a virtual output, known as a flar output such that all the process
inputs and states can be expressed as an explicit function of this flat output and its
derivatives. In turn, this function can be used to invert the system dynamics and
compute the manipulated variable evolution in time that steers the process output
and the state from one value to another, along a prescribed path. For DCSF models,
one must resort to the concept of orbital flatness, that involves a change of the time
scale as done on Chap.5 and that will be considered again extensively hereafter.

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 177
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_7,
© Springer International Publishing Switzerland 2014
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This chapter is concerned with the design of an adaptive servo controller for
solving the motion problem, i.e., for tracking variable references in a DCSF that are
planned in advance. The structure proposed is made up of three main blocks:

e A motion planner;
e An incremental controller;
e An adaptation mechanism.

The motion planner selects the time profile of the manipulated variable (fluid flow)
such that the plant state (fluid temperature distribution along the solar field) is driven
between successive equilibrium states as specified. This is done on the basis of a
simplified, yet distributed parameter, model and uses the methods of flat systems
and the concept of orbital flatness. In order to stabilize the actual fluid temperature
around this nominal path, a linear controller is used. This control law is then modified
according to a Lyapunov function strategy for incorporating adaptation through the
adjustment of a parameter that conveys the most significative plant uncertainty.

For the sake of easy reference, the dominant dynamics of the field discussed in
Chap. 2 is rewritten again hereafter by

0G0 | noTeD _ ope, 7.1)

ot 0z

where T (z,t) denotes the fluid temperature at position z and at time ¢, u is the
fluid velocity (proportional to flow), taken as the manipulated variable, R is solar
radiation, assumed to be accessible for measure, and « is a parameter that is assumed
to be constant or, at least slowly varying in the time scale of the DCSF state. In the
initial stage of the design, the parameter « is assumed to be known. In reality, this
parameter is unknown since it depends on the fluid-specific heat, that in turn varies
with the temperature, and on the mirror reflectivity that, as discussed in Chap. 1, may
be affected by unpredictable factors (e.g., mirror deformation due to the wind or dust
deposition). To cope with this lack of knowledge, the true value of « is replaced,
foir the purposes of controller design, by its estimated &, issued by an adaptation
algorithm. The length of the pipe is denoted by L. The state of this distributed
parameter system is described at each time ¢ by the function {T'(z,7), 0 <z < L}.

The chapter is organized as follows: First, motion planning using the concept of
orbital flatness is discussed for the DCSF infinite-dimensional model given by (7.1).
Then, the same procedure is followed for the moisture control system presented in
Sect.2.5.1.

7.1 Flatness-Based Motion Planning

In simple terms, a system is said to be flat (Fliess et al. 1995) if it is possible to find
a set of outputs, called the flat outputs, that are equal in number to the number of
inputs, and such that all the states and inputs can be determined from these outputs
without integration.



7.1 Flatness-Based Motion Planning 179

Solar
radiation, R

Adaption
mechanism |
‘ Parameter estimate
Inlet fluid
Motion At Yt (D) temperature
e(t=Ay(t) |
Planner t . .
Yeer(t) Au(t) u(t) vt
Controller] DCSF

Xer(t) X()=X, o (HAX(1)

Fig. 7.1 Motion planning-based servo control structure

If the system variables are to follow a given time profile, this objective of tracking
a reference can be specified in terms of the flat outputs, and the above functions
are then used to compute the corresponding inputs. This formulation is, in rough
terms, the motion planning problem (Lynch and Rudolph 2002). For SISO system:s,
the planning performed in the above way is equivalent to have an “artificial” output
through which it is possible to perform exact feedback linearization.

Figure7.1 shows the block diagram of a general motion planning-based servo
control structure (Mounier and Rudolph 1998). The motion planner block computes
the nominal manipulated value us that, in the ideal case where there are no dis-
turbances and the model perfectly matches the plant, leads the process output y to
be equal to the desired reference yf. The feedback controller compensates only for
deviations in relation to the planned trajectory (xrer(f), uref(¢)) due to disturbances
and uncertainties. Finally, the adaptation block provides an estimate of the uncertain
parameter to the other blocks in order to tackle parameter uncertainty.

7.1.1 Orbital Flatness

Although for the DCSF model (7.1) a flat output is not known, it is possible to
introduce a time scaling such that the system becomes flat (Fliess et al. 1995; Guay
1999; Respondek 1998). Such a system is then said to be orbitally flat. Thus, the
solution to the problem at hand is obtained by introducing a change of the time
variable 7(¢) such that, in the new coordinate space (z, 7) a flat output y is given by:

y(r) =h(y(z, 7), u, u, ...), (7.2)

where £ is a function to be found.
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Once the flat output is found, it is possible to describe all trajectories y(z, 7), u(7)
that satisfy the transformed PDE as a function of the flat output and its derivatives,
namely, there are functions ¢ and y such that

¥z ) =G, ¥, 3, ), (7.3)
u(m) = xG@, 3, 3, . (7.4)

Equations (7.3), (7.4) provide the solution to the motion planning problem. Indeed, if
a given shape for the flat output y is imposed, (7.4) yields the input profile that drives
the state y(z, 7) as required. The use of this technique to perform motion planning
for the DCSF, assumed to be described by (7.1), is explained hereafter.

According to the approach of orbital flatness, consider the change of time scale
already introduced in Chap. 5, where 7 is a new time scale that is related to the “real”

time ¢ by
t

7(1) =/u(0)d0 (7.5)
0
or, equivalently,
dr
” u(t) (7.6)

where u is the manipulated variable in the DCSF model (7.1), given by the fluid
velocity. As discussed in Chap. 5, this change of variable introduces a “natural” time
scale associated to fluid flow that linearizes the plant model, forcing the characteristic
lines of (7.1) to become straight lines.

It is assumed that the mapping between ¢ and 7 is bijective, that 7 is a monoton-
ically function of ¢, and that 7 goes to infinity if and only if 7 goes to infinity. The
validity of these assumptions is ensured by natural physical constraints in the prac-
tical problem at hand. Indeed, u(#) is constrained to be positive and belongs to the
interval [#min, Umax].- Under these hypothesis, the “real” time ¢ can be recovered
from the transformed time 7 from

T

1

0
Since, using the chain rule for derivatives

or _ 9T 9r _ oT (7.8)
o _oror  or" :

in the time scale 7, equation (7.1) becomes
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is the new manipulated variable in the transformed coordinates. This manipulated
variable is also called “virtual” because it has only mathematical existence, although
its computation is an important step to compute the physical manipulated variable u
that is actually applied to the DCSF.

The use of the model (7.9) with the transformed variables to solve the motion
planning problem associated to a DCSF represented by (7.1) is explained on the
diagram of Fig.7.2. The direct solution of this problem to get a physical manipulated
variable (i.e., a “real” time profile for the fluid flow) that drives the plant state along
the desired path of temperatures is difficult because the DCSF model (7.1) includes
an algebraic product between the manipulated variable u and the partial derivative of
the fluid temperature with respect to space. In the diagram of Fig. 7.2, this solution
corresponds of moving from block 1 to block 2.

In order to circumvent the above difficulty, the orbital flatness change of vari-
able (7.5) is performed, transforming the original DCSF model to (7.9). In terms of
Fig.7.2, this transformation corresponds to moving from block 1 to block 3.

Since with this transform the model becomes linear, it is now much simpler to solve
the motion planning problem so as to get the desired virtual manipulated variable f
or, in terms of Fig. 7.2, to move from block 3 to block 4.

In order to obtain the physical manipulated variable, the expression (7.10) ought
to be inverted and combined with the inverse change of the time variable to obtain
u(t) as a function of f (7). In terms of Fig. 7.2, this step is the final one, that leads
from block 4 to the desired answer provided by block 2.

In order to implement the above procedure, we start by considering the general
solution of the transform model (7.9). For this sake, observe that, with a boundary
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condition given for z = L, where L is the length of the pipe and z is the length
measured along the pipe, from the inlet to the outlet, the general solution of (7.9) is
given by:

Tz, 1) =¢(t—2+C)+ F(z), (7.11)

where ¢(§), with
E=17—2z+C (7.12)

and C a constant, is a function that is obtained from the initial conditions that satisfies
the homogeneous equations, obtained from (7.9) by making f(7) = 0, and F(7) is
a primitive (indefinite integral) of the new manipulated variable f (7).

Before proceeding, it is remarked that the general solution (7.11) is obtained by
imposing a boundary condition for z = L and corresponds to a wave that propagates
in time from the pipe outlet to the pipe inlet. Instead, the general solution (2.6) is
obtained with a boundary condition imposed for z = 0 and corresponds to a wave
that propagates in the opposite direction.

Let y(7) be a known given function of 7 and consider the boundary condition,
relative to the outlet fluid temperature gradient with respect to z, computed for z = L
and given by:

0T (z,T)

s = 5(1). (7.13)

z=L

Imposing the boundary condition (7.13) and considering the definition of £ given by
(7.12) implies that

oT (z,T)
0z

_ d6©

z=L dx

5 do(©)
z=L 8Z B df z=L '

y(r) = (7.14)

Furthermore, by making z = L = C, the total derivative of ¢ with respect to ¢ is
equal to the derivative with respect to 7 (because with z constant, £ depends only on
7), and (7.14) implies that

dﬁ(” = —5(r) (7.15)
-
or _

o(1) = =Y (1), (7.16)

where Y (7) is a primitive function of ¥(7). Replacing this expression of ¢ on the
general solution (7.11) yields

T(z,7)=F(r)—Y(T+L—2). (7.17)
The manipulated function f (7) is obtained from the boundary condition for z = 0,

yielding B
T, 7)=F(r)—=Y(r+L). (7.18)
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Assuming the inlet fluid temperature to be constant, differentiation of (7.18) with
respect to 7 implies that
fr)y=yT+L), (7.19)

and B B
Tz,r)=To+Y(T+L)—Y(T+L—2), (7.20)

where Tj is the inlet fluid temperature, that is assumed to be constant.
Expanding y(7 + L), Y (7 + L), and Y (7 4+ L — z) in a Taylor series around 7 we
get

0 k
f) = Zk— 7 () (7.21)
=0

and

Lk (k 1) (L — ) =D

M=> == 7 0. (7.22)

T(z,7)=To+ Z -
k=1
The above expressions provide the algebraic expressions needed for dynamic motion
planning. The trajectories are expressed as algebraic functions of the inlet fluid
temperature Ty (assumed to be constant) and of the successive derivatives with respect
to time of the flat output y. Planning is possible as long as the series converge.

7.1.2 Trajectory Generation

Motion planning connects stationary states, for which the fluid temperature along the
pipe is given by a function 7§ (z) that is independent from time. Hence, the partial
derivative with respect to time in (7.9) vanishes for the steady-state distribution and

it follows that
d Ty (Z)

dz = fSSa (7.23)

where f is the equilibrium value of the manipulated variable in the modified co-
ordinates, that is equal to the gradient of the temperature with respect to space, and
hence

Tss(2) = fssz + To. (7.24)

Planning is made such that the temperature distribution along the pipe moves from
the stationary state
T(z,0) = Ciz + Cor, (7.25)

with
To = Co (7.26)
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and
T(L,0)=C|L+ Cyy, (7.27)

to the new stationary state, to be attained at transformed time 7*
T(L, 7)) = CoL + Cyy. (7.28)

An immediate consequence is that the constants C; and C; are computed from the

boundary conditions by:
Ci— T(L,0) —To

7.29
1 7 (7.29)
and — T

Cy; = %. (7.30)

The trajectory generator block produces a reference signal and the corresponding
derivatives with respect to time up to a generic order n. Each trajectory is made of
pieces that correspond to functions that pass by two consecutive way points. This
means that, once the K + 1 way points Py, Py, ..., Px defined, the trajectory is
generated between Py and Py, P; and P>, ..., up to Px_; and Pg. The transi-
tion time between two consecutive way points is such that the trajectory passes by
Py(0), Py(t1), ..., Px(tx), that is to say, passes by the way points and at definite
transit times.

The trajectory connecting two stationary states at times 7 = 0 and 7 = 7% is such
that its derivatives at the beginning and at the end of the interval in which they are
defined are zero. This imposition prevents the use of analytic functions because these
would vanish in the entire interval. Hence, a particular type of functions, known as
exponential type Gevrey function of class o (Rudolph et al. 2003) is used.

Therefore, the profile for changing the flat output is given by:

() =1+ (Cr = Oy (=), (7.31)

7—*

where C; and C; are given, respectively, by (7.29) and (7.30), and @, is an expo-
nential type Gevrey function of class «, further discussed below, that verifies

®ya(0) =0 7<0, (7.32)
Dyo(l) =1 7>7% (7.33)
7.1.3 Exponential Type Gevrey Functions of Class o

A Gevrey function of class o (Rudolph et al. 2003) is a function @, : [0, 7] — R,
the derivatives of which are bounded on the interval [0, 7] by
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k1)
sup @0 () <m & ,2 : (7.34)
v

tel0, 7]

Hereafter, we use exponential type Gevrey functions of class « that are defined by:

it
Ji" po(rdr

*
Do(t) =1 Tooar O STST (7.35)
1 t>r*
where 1
~ A" —
by (1) = [e ”(l) ) 075;15 Lor=5 (7.36)

The function defined by (7.35) varies monotonously between C; and C;4+1. The
parameter o imposes the rate of change of the transition. The higher the value of
o, the faster is the transition. The derivatives of any order, computed at + = 0 and
t = 1 are zero. It is also remarked that @, : R™ — R is a nonanalytical function
that belongs to C*° and that y(#) is also an exponential Gevrey function of class c.

7.1.4 Computing the Output Derivatives

Numerical differentiation of the flat output does not provide acceptable results. In-
stead, the derivative of order n of y(¢) can be computed from the derivative of order
n — 1 of ¢,(7) using the recursive formulas

"y L d"D4(1)
dm = (Cl+1 -G drn (7.37)
d"®, (1) _ 1 d"(fy #6(0)dC) (738)
" [1o,Qdc di”
d"®, (1) 1 1 d" g, (1) (7.39)

Tl od T dr!

7.1.5 Computation of the Derivatives of a Gevrey Function

Recalling (7.35), inside the transition interval where the Gevrey function is defined,
it happens that

1
bo(t) = " = ¢~ T (7.40)
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Defining f(r) = "™, the following recursive formula can be obtained by successive
differentiation
Gy - k) (n=k)
f:Z(Z_})(u) a1 (7.41)
k=1

In order to get the derivative of order n of u(z) it is enough to observe that

ot — 1)

== 7.42
t(l—1) " ( )
or
uu| = url,
up =t(1—1),
iy =0t —1).

Upon successive differentiation of this equality, the following generic recursive for-
mula is obtained

+1 ~1
"0 iy — ] W A = Diiy —niig] " =0, n>2 (743

with
ot —1)
_o@-b (7.44)
t(1—1)
and 5
Co@i—1),  [(=2) 2
T~ a-n" [r(l —m2 T —t)i|0u (7.45)

The use of the above recursive formulas allows to obtain in an efficient way the
derivatives of y(¢) up to order n, without requiring numerical differentiation where
the error would be very difficult to control.

7.1.6 Example: Motion Planning of a DCSF

Figures 7.3, 7.4, and 7.5 illustrate the trajectories generated for the simulated situa-
tion with L = 180, a«R(t) = 1 and Ty = 0, and in which three successive transitions
take place between equilibrium states. As previously explained, the planning is ini-
tially performed in transformed time 7. Figure 7.3 shows the temperature gradient,
y(7), and the corresponding input, f(7), in transformed time. Once the planning is
complete in transformed time, real time is recovered using Eq. (7.7). The relation
between transformed time and real is shown in Fig. 7.4. The planning is then referred
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Fig. 7.3 Temperature gradient, y(7), and the corresponding input, f(7), in transformed time

to real time by using the relation expressed in Fig.7.4 to transform the time scale
and get Fig.7.5.

Of course, after obtaining 7(¢) from f(7) and the change of variable (7.7) (de-
picted graphically in Fig.7.4) it is possible to compute the fluid velocity u(¢), that
corresponds to the actual physical manipulated variable to be applied to the DCSF.

As can be seen in Fig. 7.5, at each time instant the fluid temperature distribution
along the pipe is an increasing function of the pipe length, with its minimum at the
value of the inlet fluid temperature (for z = 0) and increasing along the pipe, to
reach its maximum at the outlet. The fact that the temperature cannot decrease along
the pipe is a fundamental constraint imposed by the fact that there is not a cooling
mechanism. However, by changing the fluid velocity (or, equivalently, its flow, since
the cross section of the pipe is constant and the fluid is incompressible), it is possible
to change the heating rate of the fluid (since, as discussed in Chap. 2, the highest the
fluid velocity, the smallest the energy accumulated in each fluid element during its
transit time) and hence the temperature at the pipe outlet. In this way, it is possible
to manipulate the outlet fluid temperature by increasing and decreasing its value, as
shown in Fig.7.5.

It is also remarked that, since the units of u are m/s (because u is a velocity), from
(7.6) it is concluded that the units of the transformed time 7 are units of distance.
This fact is not surprising since, as discussed in Chap. 5, the change of time variable
(7.6) renders the characteristic lines of (7.9) straight in the space [z, 7]. Therefore,
in the transformed time 7, the solution of (7.9) is such that it is constant along lines
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Fig. 7.5 Temperature evolution in real time 7 (z, 1)

in [z, 7] such that time is proportional to space. In physical terms (and repeating
an argument already discussed in Chap.5), this means that, when a fluid segment of
length Az progresses along the pipe of a length Az, in transformed time it always

takes the same time interval to do this progression.



7.2 Servo Control 189

7.2 Servo Control

Consider now the design of the block named “controller” in Fig.7.1. The problem
of tracking a reference trajectory for flat SISO finite-dimensional systems can be
formulated as follows: (Henson and Seborg 1997): Given a nonlinear system of
finite dimension n and state x described by:

%= F(x,u), (7.46)

with flat output
¥ = h(x), (7.47)

find a controller such that, if x, is the state to track than it generates the corresponding
manipulated variable u, that, if applied to the plant, yields x;.

If the dynamics admits a flat output, it is possible, by a change of variable, to
transform the system to the normal form

(n+1)
y =v, (7.48)

where v is a transformed (also called “virtual”’) manipulated variable. By computing
v according to the control law

(n+1)
V= 5\} .= KAj;, (7.49)
where
50 (6) = h(x, (1)),
_ . w 7"
y@) = [y(;) y() ...y (t)]
K: [k] k2 ...kn]T7
and

Ay =y =
is the tracking error, the closed-loop error satisfies

(n+1)
Ay = —KAY. (7.50)

It is possible to select the vector of gains K such that the closed-loop dynamics
(7.50) becomes asymptotically stable. Tracking is therefore reduced to the closed-
loop control of a series of n integrators whose error dynamics is linear and given
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by (7.50). Figure7.1 shows a general block diagram for this servo controller. By
selecting the gains of the vector K in a suitable way, it is possible to impose a stable
dynamics for the closed-loop tracking error.

In the special case of DCSFs, the main difficulty consists of the fact that it is only
possible to write the system equations in normal form in the domain of the trans-
formed time 7. Other difficulties arise when the system is of distributed parameter
type (meaning that it is of infinite dimension and described by ordinary differential
equations), when the output to control is not coincident with the (orbital) flat output,
and due to the technological limitation that temperature is only measured at the outlet
and not inside the pipe.

Under these circumstances, one possibility to solve the regulation problem (i.e.,
computing incremental corrections to the manipulated variable such that the process
output remains close to the reference issued by the motion planner) might be to use
the time scale (7.7), together with the state feedback control law (7.49).

As shown above, it is possible to obtain trajectories for fluid flow (or velocity) and
for the outlet fluid temperature, denoted, respectively, u,- () and Ty (7). Having access
to these signals, another option is thus to close the loop through a PID controller that
produces a compensation of the deviations with respect to the reference trajectory
(Tor(2), u,(t)). The compensation feedback controller can be designed using, e.g.,
the methods of Chap.3 in order to obtain variations of either the GPC or of the
MUSMAR algorithms that minimize, in a receding horizon sense, the quadratic cost

T
Iatk) =€ [Z (Tout(k + i) — Tor(k + 1))
i=1

—i—p(u(k—i—i—l)—ur(k—l—i—1))2|(’)k], (7.51)

where To, is the outlet fluid temperature and k is the current discrete time.

Another possibility, obtained ad hoc but that proved to yield adequate results, is
to tune the parameters K¢, 77 and Tp of a PID controller that yields the incremental
correction Au of the manipulated variable according to

t

Au(t) = —Kc [ e(t) + l/e({)d{ + 7D de(®) , (7.52)
TI dt
0
where the tracking error is
e(t) = AT (t) = Tor(1) — Tou(1). (7.53)

The manipulated variable actually applied to the DCSF is then computed by

u(t) = ur(t) + Au(t). (7.54)
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Fig. 7.6 Planning for the solar field: Temperatures along the pipe and their references [°C]

Of course, the basic PID algorithm defined by (7.52) should be modified to include
the “fixes” required by practical situations, including antireset of the integrator and
the replacement of the pure derivative action by a high-pass filter.

The above scheme assumes that a nominal trajectory for the sun radiation is
known in advance and that the inlet fluid temperature is constant in time. Although
in practical situations there are significant variations with respect to these nominal
conditions, the controller is expected to tackle this difficulty.

Figures7.6, 7.7, 7.8 and 7.9 show the results obtained with the servo controller
described. This simulation is performed with a detailed model of the DCSF that
incorporates dynamics and nonlinearities not present in Eq. (7.1). Furthermore, dis-
turbances are injected in order to test the servo controller in nonideal conditions.

Figure 7.6 shows the temperatures along the pipe, and their respective references
generated by the motion planner. The references are constant and increase with the
distance from the pipe inlet. After an initial transient in which the plant temperatures
converge to their references, the tracking errors become small.

Figure 7.7 shows the nominal radiation used for planning and the radiation actually
measured. Their differences are a source of disturbances that are compensated by
the feedback controller. Furthermore, at about + = 2.5h a disturbance of 20 °C was
injected during 1505 in the inlet fluid temperature, thereby creating another source of
disturbance. Figures 7.8 and 7.9 show, respectively, the plant outlet fluid temperature
and reference to track and the corresponding planned fluid flow and fluid flow yielded
by the closed loop.
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Fig. 7.7 Nominal radiation used for planning (upper, smoother curve) and radiation actually mea-
sured (lower, noisy curve)

The planned fluid, shown in Fig. 7.9 is the thick line. The fluid flow that is actually
applied to the DCSF normally tracks closely the planned flow, with deviations ac-
counting to compensate the disturbances. For instance, the correction introduced by
the feedback controller is apparent after time 2, 5 h to compensate for the disturbances
injected in the inlet fluid temperature.

7.3 Adaptation

The parameter v in Eq. 7.1 reflects not only the mirror efficiency but is also influenced
by the nonlinear dependence of fluid-specific heat on temperature. Changing the
operating point (as in the servo problem) causes thus changes of this parameter.
With this motivation, the servo control law was modified in order to incorporate the
estimate of a.. Accordingly, the control law is now given by

at)R(@) _ Kc

(1) = ——— — ——e(1), (7.55)
! o Fof

where f is the planned input, assuming that ovRyom (1) = 1. Furthermore, the estimate
& of «v is updated according to
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Fig. 7.8 Closed loop: Plant outlet fluid temperature and the reference to track

t

at) = —7/ R(Q)e(Q)d¢ + &(0). (7.56)

0

In this way a PI control law is obtained, incorporating at the same time an estimate
of a.

For justifying the above-adaptive control law, an argument based on the approx-
imation of (7.1) by a lumped parameter model is presented. For that sake, con-
sider N points along the pipe, equally distant in space at positions jh, h = L/N
Jj =1,...,N and let T; be the temperature at the corresponding point. Then, as
discussed in Sect.2.4.1 , Eq. (7.1) can be approximated by a set of ODE’s of which
the last one is

u(t)

TN = —T(TN - TN—1)+(&_O~[)R7 (757)

where
a=da-—a. (7.58)

Inserting the value of u given by (7.55) on (7.57) yields the closed-loop model

Ty = — [&(I)R(t) _ Ke e(t)] Iv=IN-1 | 4 @R, (7.59)

f@ f h
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Fig. 7.9 Planned fluid flow (the thick line) and fluid flow yielded by the closed loop [m3/s]

Since the planned input is such that

Tn —Ty-1

p ~ f, (7.60)

it finally comes that the outlet fluid temperature verifies the ODE
Ty = Kce(r) + &R. (7.61)

From this equation, by repeating the arguments in Chap. 6 based on a joint Lyapunov
function for estimation and control, it is then possible to obtain the adaptation rule,
while proving that the overall system is stable and that the tracking error will tend to
Zero.

Figure 7.10 shows the detailed block diagram of the adaptive motion planner just
described, and Figs.7.11, 7.12 and 7.13 illustrate its application to a DCSF.

Figure 7.11 shows the results obtained for the manipulated variable, while Fig. 7.12
shows the outlet fluid temperature and the reference to track. After an initial adapta-
tion transient, the outlet fluid temperature tightly tracks the reference.

Since the computation of the fluid flow u from the virtual manipulated variable
f includes a dependency on the solar radiation (as seen from (7.10)), a feedforward
effect that compensates radiation changes is included. The existence of feedfor-
ward means that, when there is a drop in incident radiation, the fluid is immediately
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Fig. 7.11 Adaptive servo. Planned fluid flow and the fluid flow yielded by the closed loop with
adaptation [m3/s]

reduced, even before there is a drop in the outlet fluid temperature. This effect is
noticeable in Fig.7.11 at about time 4, 5 h, where the fluid is reduced to compensate
a sudden drop on solar radiation caused by a passing cloud.

Of course, this feedforward effect depends on a reliable measurement of the solar
radiation that attains the DCSF. It may happen that the radiation sensor is located
away from the field (e.g., if it serves as an instrument that provides support to different
plants in a complex), or that the DCSF is so large that different parts of it might be
illuminated differently. In this situation, the feedback controller is expected to tackle
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Fig. 7.12 Adaptive servo: Plant outlet fluid temperature and the reference to track

the situation, compensating the errors of the feedforward action in order to still keep
the outlet fluid temperature close to the reference.

Figure 7.13 (above) shows the convergence of the parameter « estimate. The initial
estimate is away from its correct value, a fact that originates an adaptation transient,
during which the estimate gradually approaches its correct value. Although this
adaptation process causes a transient on the manipulated variable, as seenin Fig.7.11,
no unacceptable transients are observed in the outlet fluid temperature, as seen in
Fig.7.12. Of course, initializing the estimate of « close to its final value avoids the
adaptation transient.

After the estimate of « approaches its correct value, it is noticeable in Fig.7.13
(above) that its value is affected by changes in the reference. Nevertheless, these
variations have a negligible influence on the output of the controlled system.

Figure7.13 (below) plots the quotient

Ty —Tn—1
nf

After the initial adaptation transient, it becomes close to 1, thereby verifying the
assumption underlying (7.60).
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7.4 Motion Planning of a Moisture Control System

Consider now the motion planning problem for the moisture control system described
in Sect.2.5.1. Remember that this process is described by the PDE model

Wt L2280 _ 54y ween (7.62)
ot 0z

where z € [0, L] is the length measured along the conveyor that carries the product
to be dried, r € [ 0, 400 is the continuous time, w(z, ) is the moisture content of
the product per unit volume, v(¢) is the velocity of the conveyor belt that carries the
product, ¢(¢) is the flow of hot air and 3 is a parameter.

The motion planning problem corresponds to find the manipulated variable v(r)
that drives the space function that describes the moisture content along the conveyor
between two given values corresponding to stationary states (i.e., a distribution of
moisture along the belt that keeps constant in time for constant values of the velocity
and hot air flow). The solution to this problem is obtained as in the motion planning
problem for a DCSF, by making a change of time variable using the concept of orbital
flatness, and finding, in the new coordinate space [z, 7], a flat output.
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7.4.1 Change of Time Variable

By making the change of time variable associated to the conveyor belt velocity

t

(1) =/v(0)d0, (7.63)

0

the PDE (7.62) that corresponds to the moisture model is written in the form

ow(z, T) N Iy(w, ) _ —Bu(r) wiz, ), (7.64)
or 0z

where

u(r) & % (7.65)

is a virtual manipulated variable. Once u is computed by the controller, the physical
manipulated variables ¢ and v are selected such as to satisfy (7.65). If the conveyor
velocity v is imposed by considerations related to process throughput, then the hot
air flow ¢ is given by:

q (1) = v(T)u(r). (7.66)

7.4.2 The Homogeneous Equation

The homogeneous equation in transformed coordinates is obtained by making u(7) =
01in (7.64), and is given by:

0y(z, T) n dy(z, 1) _

0. 7.67
or 0z ( )

As in the case of the DCSF model, let ¢(&) be an arbitrary function, C a constant,
and
E=17—z+C. (7.68)

Since the direct replacement in the homogeneous Eq. (7.67) results in a true equality,
it is concluded that its general solution is given by:

(1t —z+C). (7.69)
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7.4.3 Solution of the Nonhomogeneous Equation

From the solution of the homogeneous equation, it is readily proved that the solution
of the nonhomogeneous equation in transformed coordinates is given by:

Y(x, 7) = e VD, (7.70)
where U (7) is a primitive function of u(7). Indeed, observing that

M, 1) do .
~dx

VD 4 00 (=Bu(r)) e VO (7.71)
or

and
Ox,m) _ 49 sy

7.72
0z dx ( )

and inserting these derivatives in (7.64), a true equality is obtained. Hence, from
(7.68) and (7.70), it is concluded that the general solution of the nonhomogeneous
Eq. (7.64) is written as:

w(z, 1) =¢(r —z+C) e VD, (7.73)

where C is a constant that depends on the boundary conditions.

7.4.4 Flat Output

For the moisture control process, define the flat output y by the following boundary
condition, imposed for z = L in the transformed time coordinate:

5(r) & —mmg(x’ﬂ . (7.74)
Z 7=L

There is not an algorithm to obtain a flat output. Instead, one has to be lead by
intuition, in a trial-and-error procedure, and verify a posteriori wether a given function
is actually a flat output. In this case, we get inspiration from a comparison with the
flat output obtained for the DCSF that, as shown before, is the spacial gradient of the
temperature at the pipe outlet (i.e., for z = L. Therefore, we seek as a flat output a
gradient of a function of the moisture for z = L and, given the exponential decay in
the expression of the general solution (7.73), we take this function as a logarithm.
This reasoning explains how the choice (7.74) pops out. In the sequel, we prove
that y(7) defined by (7.74) is actually a flat output. This proof is done by showing
that the manipulated input that drives the moisture content w(z, L) along a specified
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trajectory can be computed as a linear combination of the assumed flat output and
its derivatives.

To proceed, start by observing that, using (7.70) and the definition of the flat
output (7.74), it follows that

- Olny(x,7)0x
¥ = = L (7.75)
o ) 2 dln é(x)
F(7) = 5N — U@ S| = oyl e
X aZ 7=L dx z=L
and it is finally concluded that
1 de| 1 de(n)
=y = M a |, = _¢(7') ar 7.77)

where z =C = L.
The solution of the differential equation (7.77) yields the particular function ¢(7)
that corresponds to the flat output defined in (7.74) as:

P(r)=e VO, (778)

where W(7) is a primitive of w(7). The solution (7.73) of the nonhomogeneous
equation (7.64) with a ¢ that corresponds to the flat output (7.74) is thus
B(z,7) = e WTmHHD =AU, (7.79)

We write the bar in w to emphasize the fact that (7.79) is a solution of the general
Eq. (7.64) that verifies (7.74). We call w a flat solution.

7.4.5 Planning Formulas

Consider now the boundary condition for z = 0. By Making z = 0 in (7.79) and
taking the logarithm, we get

Inw(,7) = —W(r + L) — pU(T). (7.80)

Combining (7.80) and (7.79) yields

(’II)(Z’ T)) ’ ’
In( = =WEr+L)—WE—z+1L). (7.81)
w(0, 7)
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Furthermore, for w(0, 7) = wy constant, differentiation of (7.80) with respect to 7
yields
1
u(r) = —B w(T + L). (7.82)

Finally, the development of y(7+ L), W(r+L)and W(r—z+L)ina Taylor series

yields
D(z, e (e Iy § S
In (w(z T)) D (20 gl (7.83)

wo =l k! =1 k!
and -
1 Lk (k=1
u(r) = -3 % T o (7.84)

l

where gu_) (7) is the derivative of order i of the flat output. The formulas (7.83) and
(7.84) express the process output and input as a function of the flat output derivative

and of its derivatives, provided that the series converge.
Motion planning is made by making moves between successive stationary states

defined by

Owss (2, 1) N Owss (2, 7) i
ot N or N

0, (7.85)

and a constant value ugg for the manipulated input. This condition implies that

dw
ik —p uss w(z), (7.86)
Z
or
W;s(2) = w5 (0) efﬂu_m{ (7.87)

where w;(0) is the boundary condition at z = 0, and ugs = zi, are constant values

(vss1s the constant velocity of the conveyor belt and g, is the constant flow of hot
air that define the equilibrium). By making
wys(0) = wo, (7.88)

a constant, we get for two consecutive stationary states

wi(L) = wy = wy e Pk (7.89)
wo(L) = wy = wy e P2l (7.90)

and
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Fig. 7.14 Planning the moisture dryer output with multiple transitions

(7.91)

0= - 1n(2)——lc (7.92)
*Topr \w) T 5T '

These formulas allow to establish a plan for moving between the stationary states
using the flat output. In order to allow a smooth transition, an exponential Gevrey
function of class «, denoted @, is used, as in the DCSF case study, being then

_ T

F(r) = C1 + (C — CPyq (T—) (7.93)
D, (0)=0 7<0 (7.94)
Sy (=1 7>7" (7.95)

An example of using this expression to move the state of the moisture control
system among different stationary states is given in Fig.7.14. In these cases, the
series (7.84) was approximated by its first 20 terms.
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7.5 Main Points of the Chapter

This chapter shows how to develop an adaptive servo controller for a DCSF, using a
motion planner based on orbital flatness. The structure of the controller considered
in this chapter is shown in Fig.7.1 and comprises three main blocks:

e A motion planner;
e A feedback controller;
e An adaptation law.

The motion planner acts like a feedforward controller and computes in open loop
a function that defines the manipulated variable such as to drive the DCSF output
(given by the outlet fluid temperature) between a specified sequence of stationary
states (that can be considered as way points if a parallel with Robotics is made). The
transitions between two consecutive stationary states follow a trajectory defined by
a particular class of functions, known as exponential Gevrey functions of class a.
These functions allow to perform smooth transients between stationary states of a
DCSEF, while avoiding some difficulties inherent to the use of analytical functions,
and at the same time preserving the convergence of some series that are required for
the solution of the motion planning problem.

The feedback controller modifies the value of the manipulated variable yielded
by the motion planner in order to compensate the disturbances that act on the plant,
including the effects of unmodeled dynamics, and keeping the process output close
to its reference, also generated by the motion planner. This controller amounts to be
either a linear state feedback with a variable sampling time, or a PID.

Finally, the adaptation law adjusts the estimate of a parameter that depends both
on collector mirror efficiency and on the thermodynamic properties of the fluid,
and thereby changes with the operating point and due to unpredictable factors (as
discussed in Sect. 1.3. As in Chap. 6, the estimate of this parameter is obtained with
a control Lyapunov function.

The central issue in the present chapter is the use of a flat output to perform motion
planning. A flat output is a variable such that all the variables that characterize the
system (states and manipulated variables) can be computed as an algebraic function
of the flat output and its derivatives. Although for a DCSF there is no flat output
available, it is possible to perform a change in the time scale, and to redefine the
manipulated variable, such that the transformed system has a flat output that, for the
DCSF is the gradient of the outlet fluid temperature. This is the concept of orbital
flatness.

The change of time scale considered is associated to the fluid flow, and renders the
DCSF model linear with respect to a transformed manipulated variable. This change
of time scale plays a major role in the present chapter, as well as in Chap. 5.

In addition to the solution of the adaptive servo problem for an infinite-dimensional
model of a DCSF, similar techniques have been applied to solve the motion planning
problem of a moisture control system.
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7.6 Bibliographic Notes

The concept of flat systems has been introduced (Fliess et al. 1995) to generalize the
concept of controllable linear systems to a subset of nonlinear systems. Concepts
associated with flatness allow to solve the problem of inverting the plant model in
order to find a control function that steers the state from one point to another such
as to perform a desired task (Martin et al. 1997; Fliess et al. 1995, 1999). Flatness is
thus associated to the solution of nonlinear control problems in areas that range from
robotics and vehicle motion planning to chemical reactors (Respondek et al. 2004;
Rothfuss et al. 2014; Rudolph and Mounier 2000).

The trajectory specified that links the initial value of the output with the final
value is to be smooth. If all the trajectory derivatives are zero at the beginning and
at the end of the interval during which the transition takes place, the function to be
chosen cannot be analytic because, otherwise, the function itself would be zero. On
the other way, the function used must be such that the series that define the control
converge. Gevrey functions of class «, with o > 1 are used for this propose (Lynch
and Rudolph 2002). In Rudolph et al. (2003) several computational aspects of Gevrey
functions are addressed from a practical point of view.

Although originally designed for finite-dimensional nonlinear systems, the ap-
proach has been extended to infinite-dimensional systems as well (Lynch and
Rudolph 2002; Mounier and Rudolph 1998; Rudolph 2003; Rudolph et al. 2003;
Rouchon 2001). Examples include delay systems (Mounier and Rudolph 1998) and
systems described by parabolic partial differential equations (Lynch and Rudolph
2002). The monographs (Rudolph 2003; Rudolph et al. 2003) provide a comprehen-
sive account of flatness-based control of distributed systems, with many examples
from various fields with technological interest.

Some infinite-dimensional systems, in particular of hyperbolic type, become flat
with a change of time variable, such as considered in this book in Chaps. 5 and 7. This
is the concept of orbital flatness (Guay 1999; Respondek 1998). An application of the
concept of orbital flatness to the control of batch cooling crystallization processes
is described in Vollmer and Raisch (2003). The solution of the adaptive motion
planning for the DCSF plant using orbital flatness was originally presented in Igreja
et al. (2004).

The concept of orbital flatness is related to the concept of substantial derivative,
known in Physics. The substantial derivative, also called material derivative (Bird
et al. 2007) is the rate of change of a physical quantity as measured by an observer
that is moving along the flow of a fluid element.
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Chapter 8
Conclusions

What are the essential conclusions to be drawn from this book? Hereafter, we start
by drawing a “road map” for the DCSF adaptive control algorithms described in the
previous chapters. This road map explains what to expect from the algorithms in
what concerns their achievable performance as well as their capacity to be used with
more or less modifications in different plants that share with DCSF’s the fact that
they rely essentially on transport phenomena along one space dimension. Examples
are provided by steam super-heaters in thermoelectric power plants, moisture control
systems, tubular chemical reactors, water delivery canals, and motorway traffic. The
models of DCSFs discussed in Chap.2 are instrumental in this respect, specially
in what concerns the control algorithms of Chaps.5 and 7 (that perform a model
linearization resorting to a change of the time scale), and 6 (that rely on feedback
linearization and control Lyapunov functions).

After understanding this picture, the utility of the algorithms is discussed in the
framework of energy production incorporating renewable sources. Exploring this
field of work implies being able to tackle difficulties like optimization in the presence
of high levels of uncertainty, time-varying dynamics and planning over extended
periods of time, for which the control algorithms described in Chaps.3-7 provide
valuable contributions.

The final section establishes the “boundary conditions” of the book by recalling
a list of topics that are outside the scope of the matters being treated, but which they
are important either when pursuing applications with a broader view, in particular in
the field of renewable energy production, or when extending the algorithms and the
study of their properties.

8.1 Road Map of DCSF Adaptive Control Algorithms

As discussed in Chap. 1, solar energy systems are quite wide in scope and they are
currently the subject of a renewed interest associated to the search for renewable
sources of energy that may form an alternative, or a complement, to other types

J. M. Lemos et al., Adaptive Control of Solar Energy Collector Systems, 207
Advances in Industrial Control, DOI: 10.1007/978-3-319-06853-4_8,
© Springer International Publishing Switzerland 2014
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of energy sources, such as fossil fuels or nuclear, or even other renewable energy
sources.

Motivated by this interest, this book addresses the control of distributed collector
solar fields (DCSFs). This technology allows to implement solar thermal plants that
produce a significant amount of electric power, of the order of tens or even hundreds
of megawatts, and is specially attractive for places such as deserts, where the cost
of space is very low and the number of solar hours per year is very high. As such a
number of commercial plants have already been build in the Middle East, southern
Spain, or close to Las Vegas, in the USA.

8.1.1 DCSF Characteristics and Control Design

Due to their large dimensions and specificity of operation, where a fluid circulates
through a pipe located at the focus of solar energy collector mirrors, the dynamics
of DCSFs depends on space as well as on time. Together with uncertainty sources in
plant model, this dependency raises interesting challenges for controlling the tem-
perature on DCSFs and motivates the consideration of the adaptive control methods
addressed in this book.

The first step in designing a control system is to identify what are the plant outputs
that relates to the control objectives, the manipulated variable (the variable that can be
directly changed and that allows to exert an influence on the output variable), and to
characterize the disturbances. Identifying the models that represent the dynamic and
static relationship among these variables is also essential to improve performance. It
is also advantageous to discriminate between unmeasurable disturbances (unknown
input signals that cause a deviation of the process output from the desired reference)
and accessible disturbances, that are disturbances that can be measured and used as
an input to improve controller performance. Chapter 1, and in particular Sect. 1.3,
addresses the above issues and provides a qualitative insight on the control system
structure associated to a DCSF. In broad terms, DCSF controllers combine feedback
from the fluid temperature to settle it at the desired reference value with a feedforward
action from the solar radiation that constitutes the main accessible disturbance.

Chapter 2 proceeds then to deduce the mathematical models that relate the above
variables in a DCSFE. These models are of different type. If the model is to allow
the computation of the temperature at all the points along the pipe, the model takes
the form of a DCSF. If, instead, one considers only some points along the pipe, a
set of nonlinear ODEs results. Furthermore, Chap. 2 addresses the type of dynamic
response to expect from the temperature when the manipulated variable is changed.
Both these models and the insight they provide on the DCSF dynamic response are
used in subsequent chapters that are devoted to adaptive controllers.

In this book, instead of estimating the model parameters from data collected a
priori from the plant, and then designing the controller from the resulting models,
model identification and controller design are performed online, in an interlaced
way. Therefore, when a data sample is read at a given sampling instant, it is used
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both to update the model parameters and to compute the manipulated variable using
controllers which gains are redesigned according to the new parameter estimates.
This so-called “Adaptive Control” approach has a number of advantages, but also
drawbacks.

In general, two main advantages of Adaptive Control are

e The fast prototyping and commissioning of the controller;

e The capacity of the controller to track plant model parameter changes, that may
happen due to a variety of reasons such as equipment wearing due to aging or
change of operational conditions. This capacity yields an increase along time of
control performance.

Although these advantages are common to a wide class of plants, it is discussed in
Sect. 1.3 that, in the special case of DCSFs, its dynamics may vary in unpredictable
ways due to a number of factors that are inherent to this type of plants, such as dust
deposition on mirrors or mirror deformation due to wind. The use of adaptive control
is thus quite natural because it allows to redesign the controller online, so as keep it
matched to the DCSF dynamics.

Three main drawbacks of adaptive control are

e Lack of a complete theory that ensures stability on realistic grounds;

e Possibility of adaptation transients that are unacceptable from an operational point
of view;

e Possibility of the adaptation mechanism to drive the controller gains to unsafe
operating regions, or even to a situation in which the controlled system might
become unstable.

8.1.2 Controllers Based on Data-Driven Models

The type of adaptive controller used may vary a lot. In this book, a major trade-off is
concerned with the amount of plant knowledge embedded on the algorithm. At one
extreme there are algorithms, addressed in Chap. 3, which assume that the plant is
linear. Their main drawback consists in not taking into account plant nonlinearities
when performing maneuvres that consist of large and relatively fast excursions of
the output, or when rejecting fast disturbances, which is more common on DCSF
operation. In DCSFs, these algorithms are mainly useful for temperature regulation
around piecewise constant operating points. They can also be useful parts of the
multiple model-based algorithms described in Chap. 4.

The most powerful algorithms in this class are obtained by combining a linear
model predictive controller (MPC) with an adaptation mechanism using the so-called
certainty equivalence principle. Depending on the assumptions made, different algo-
rithms are yielded. Since they compute the manipulated variable on the basis of an
optimization of a quadratic cost defined over an extended horizon, they inherit the
advantages (and drawbacks as well) of linear quadratic control. In particular, if the
time horizon over which the cost is defined is large enough, a stabilizing controller
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for the nominal model is yielded. A well-known algorithm of this class is the adaptive
generalized predictive controller, or GPC in short, described in Sect. 3.4. When mak-
ing the assumption that the plant is being controlled under a fixed gain controller,
a simplified linear model results, yielding the MUSMAR controller, discussed in
Sect.3.6. Compared with GPC, MUSMAR has the advantages of minimizing locally
the control cost progressing along a Newton direction and of requiring a shorter
horizon. However, MUSMAR has the drawback of using predictors that implicitly
assume that a state feedback with a constant gain is applied to the plant. This last
assumption is violated, e.g., when the manipulated variable saturates frequently, caus-
ing MUSMAR to diverge if proper actions (that amount to blocking the adaptation
mechanism) are not taken under these situations.

As explained in Chap.3, adaptive MPC algorithms based on linear predictive
models, with adaptation relying on the certainty equivalence principle are useful
for fast controller prototyping and optimization since they require very little prior
knowledge from the plant. As discussed, they can be useful with other types of
plants as well. Among other case studies, Sect. 3.7.2 presents an example in which
MUSMAR is able to minimize superheated steam temperature fluctuations in a way
that is directly connected to economic process performance.

Another class of algorithms that addresses the adaptive control problem for a
wide class of plants is supervised multiple model adaptive control (MMAC), the
essentials of which, when applied to DCSS, are presented in Chap. 4. The controller
structure consists of a bank of candidate local controllers that are designed to match
a corresponding bank of local linear models that “cover” the possible outcomes of
plant dynamics. In MMAC, the output of the candidate local models is compared
online with observed plant output data in order to decide which local model best
matches the plant dynamics at a given time. The local controller that is actually
applied to the plant is the one that corresponds to the best match, but ensuring a
so-called “dwell time” condition. Indeed, since it is possible to obtain an unstable
time-varying dynamic system by switching among stable dynamic systems, when a
controller is applied to the DCSF, it remains so for at least a minimum dwell time, a
condition that ensures stability of the controlled system.

The choice of the local models is an important issue in MMAC. In DCSF control,
one may be guided by the physical intuition about the dependence of plant dynamics
on variables such as the range of output temperature, heating fluid flow, and solar
radiation intensity to decide which models are needed and what are the operational
conditions needed to identify them. Although general methods to identify hybrid
systems are available (Paoletti 2007), one should bear in mind that the ultimate
goal is not to replicate the plant output with a model, but to design a controller that
stabilizes the overall system and optimizes performance.

Too few local models will lead to a degradation of performance since the cor-
responding local controllers must be conservative in order to stabilize the plant
over enlarged operating regions. There are examples in which removing a pair
model/controller that is applied only for short periods of time leads to a notice-
able performance degradation. On the other side, a big increase on the number of
local controllers may lead to excessive switching that induces fast variations on the
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manipulated variable. As mentioned in Chap. 4, metrics that compare dynamic mod-
els bearing a relationship with stability, such as discussed in Anderson et al. (2000)
provide an adequate formal means to select local controllers.

8.1.3 Exploiting DCSF Structure

In MMAC, at least implicitly, local linear controllers are patched together to form an
approximation to a global nonlinear controller. It is thus possible to take advantage
of this fact to compensate some plant nonlinearities. This compensation is only
approximate because it relies on a finite number of local controllers being patched.
Furthermore, it may not be clear how to design the local controllers in a systematic
way to achieve this objective. The examples provided for both a pilot air heating
turbofan in Sect. 4.3 and for a DCSF in Sect. 4.4 that rely on the variables that define
the operational regimes of these plants, and qualitative physical insight, provide clues
for designing this type of controllers.

A much better compensation of the nonlinearities requires the DCSF models dis-
cussed in Chap. 2. One possible approach along this line consists of making a change
of time variable that depends on the fluid flow. In practice, this transformation can be
implemented in a computer control framework with a sampling interval that varies
with the flow. Together with the change in the time variable, a virtual manipulated
variable is computed such that the plant model becomes linear. The controller that
computes this virtual manipulated variable is thus simplified. In turn, the physical
manipulated variable (fluid flow) can be easily computed from this virtual control.
This approach is followed in Chap.5 to obtain nonlinear MPC controllers, named
WARTIC-i/o and WARTIC-state, that allow to make fast jumps of the outlet fluid
temperature almost with no overshoot. Adaptation is embedded according to a cer-
tainty equivalence assumption, with the control laws being computed with models
that depend on parameter estimates obtained online. In the closely related Chap. 7,
a similar technique is used to solve the motion planning problem and design an
adaptive servo-controller that is able to track time-varying references.

Alternatively, in Chap. 6, feedback input—output linearization is used together
with a lumped model approximation of the DCSF infinite dimensional model, and
adaptation is embedded using a control Lyapunov function technique.

Figure 8.1 shows the “location” of the different types of adaptive controllers con-
sidered in a “space” defined by performance and the degree of plant structure embed-
ded in the plant model. As expected, experience shows that, by increasing the degree
of physical structure embedded in the models that serve as a basis for controller
design, performance increases, but the algorithm becomes more plant specific and
may not be used, without significant changes, on plants other than the DCSF for
which it is designed. For example, adaptive MPC algorithms like GPC or MUSMAR
rely on data-driven linear models and may be used almost unchanged (requiring only
a proper selection of the assumed model order and cost function weights) in plants
other than DCSFs like a steam super-heater (Sect. 3.7.2) or arc welding (Sect. 3.7.3).
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Atthe other extreme, the WARTIC algorithms in Chap. 5 provide a better performance
(they yield a step response with much less overshoot for the same raise time) than
the adaptive MPC algorithms of Chap. 3, but may not be used directly on other plants
(although the key idea of making a change of the time scale depending on the flow
can be used with advantage).

Although not explicitly shown in Fig. 8.1, other algorithms that are important for
applications are discussed in detail in the book, in relation to DCSFs. One of these
topics is the use of flatness-based methods for planning variations of the outlet fluid
temperature, addressed in Chap. 7. These type of methods are usually associated to
robotic problems, but they provide valuable tools for solving servo problems for
thermodynamic processes (i.e., tracking problems in which the reference is time
varying) as well. For distributed parameter plants, their application involves a gauge
type change of the time variable, which makes these methods intimately related to
the WARTIC algorithms in Chap. 5.

8.1.4 Tackling the Adaptation Transient

Another example of a topic of central interest for applications is tackling the adap-
tation transient. Every adaptation algorithm entails an initial phase in which the
estimates of the model parameters upon which the control decision relies are much
deviated from the actual parameter values. This estimation error entails a transient in
the plant that is beneficial to improve the estimates (the varying transient data is more
informative), but that causes a loss in performance, (because the output temperature
deviates significantly from the reference to track).

One possibility to prevent strong initial adaptation start-ups is to address the
so-called dual control problem. The dual control problem, discussed in Sect.3.9,
consists of how to find an optimal balance between the dual actions of probing



8.1 Road Map of DCSF Adaptive Control Algorithms 213

(system excitation in order to improve model estimation) and caution (reduction of
excitation in order to improve control performance).

The exact solution of the dual control problem requires a computational load that
renders it feasible only in very simple cases. As a consequence, even when controlling
a DCSF with a sampling interval of more than 10, one has to resort to approximation
methods in order to get a sub-optimal solution. As discussed in Sect. 3.9, a possibility
to avoid undesirably strong start-up adaptation transients is to initialize the estimates
of the parameters with values obtained from previous experience or, if not available,
from simulations. It is remarked that the estimation error covariance matrix should
also be initialized in a value that reflects the prior knowledge about the true value
of the parameters. Another possibility is to approximate the exact solution of the
dual control problem by solving a bi-criteria optimization problem (Sect.3.9.1). The
dual modification of MUSMAR, described in Sect.3.9.2, leads to a smooth star-up
in DCSFs with a small increase in the computational load, as shown by the results
in Sect.3.9.3.

8.1.5 Constraints

Finally, one should mention the way in which constraints are tackled. Given an
estimate of the plant model parameters, the control algorithms considered in this
book that optimize a cost compute the manipulated variable using an explicit formula.
This is no longer possible if an hard constraint, that is to say a constraint on the
exact value of the manipulated variable is imposed. Nevertheless, as discussed in
Sect.3.6.3, it is possible for some algorithms to impose a probabilistic constraint on
the manipulated variable by adjusting the weight on the term of the cost associated
to the manipulated variable. Since, close to a local minimum of the underlying cost,
MUSMAR adjusts the controller gains along a Newton minimization direction, it
is possible to prove that, if MUSMAR modified with a gain adjustment based on
gradient rule converges, the only possible convergence points will be constrained
minima. Other, more pedestrian, alternatives consist of adjusting the cost weights by
trial and error or using a command governor that manipulates the reference such as
to avoid fast changes.

Although no applications are reported in the literature for DCSS control, there are
available a number of works that address the problem of incorporating constraints in
adaptive MPC using different methods. See Sect. 3.5.2 for references.

8.2 The Context of Renewable Energy Production

The importance of control of DCSFs, and of adaptive control in particular, may
perhaps be only fully understood by considering the wider context of renewable
energy production. Of course, control is required to maintain energy production plants
in a state that is adequate for their objectives, while ensuring equipment integrity
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and an extended useful life, i.e., enlarging the period in which the plant is able
to operate in adequate conditions. However, the trend in energy markets raise new
challenges that increasingly motivate the use of advanced control and optimization
algorithms (Giannakis et al. 2013; Chakrabortty and Ilic 2012), and in particular of
the ones that are able to cope with high levels of uncertainty, disturbances modeled
as stochastic processes and time-varying references that, in the case of DCSFs cause
in turn changes of linearized plant dynamics.

8.2.1 Efficiency and Operational Constraints

When considered in isolation, the objective of a DCSF is to convert as much solar
power as possible to thermal energy that can be used, for instance, for energy produc-
tion. As shown in Fig. 8.2, the fluid outlet temperature should be closed to the value
Top, that yields the maximum efficiency. However, due to the stochastic disturbances
discussed in Sect. 1.3, the fluid temperature is not kept at an exact value, but instead
randomly varies around its mean value with some probability density function (pdf).
Let us call A to this pdf and T}* to the corresponding mean value (see Fig. 8.2).

For safety reasons, the percentage of samples of the temperature value that are
allowed to be above a certain threshold is limited. This threshold corresponds to
an operational constraint (shown in Fig. 8.2) and its value is selected depending on
aspects such as the maximum temperature that the fluid to be heated tolerates or
the possibility that the pipes and the other fluid containment equipments develop
microcracks due to thermal stress. To comply with this constraint, the temperature
set-point 7" is selected at a value that is lower than the optimum. This choice ensures
that the probability of exceeding the operational constraint (given by the area under
the pdf A and to the right of the constraint) is according to the specifications.

If a better control algorithm is used, for instance an adaptive controller that opti-
mizes the performance in an asymptotic way, the fluctuations around the mean will
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be smaller. Therefore, as illustrated in Fig. 8.2, where B denotes the pdf in this new
situation, the mean temperature 75 can be increased to become close to, or equal to,
the optimum value, while maintaining the probability of exceeding the operational
constraint. This aspect provides a direct link between the controller performance
(measured by the ability of the controller to reject disturbances and compensate the
DCSF dynamics so as to keep the outlet fluid temperature constant) and economic
performance (measured by the power drawn from the plant).

In addition to efficiency, a better temperature regulation achievable by a controller
with a higher performance has a positive impact on the quality of the energy being pro-
duced, in the sense that its physical qualities are closer to the desired specified values.

The operational constraint limit in Fig. 8.2 depends on the useful life considered
in the plant design. If this upper bound is often exceeded by the temperature, micro-
cracks start to appear in the pipes and in the other plant components that are subject
to thermal stress. Ultimately, continuous grow of these micro-cracks will render the
equipment unoperational. In life extending control (Kallappa 1997) the controller
and the reference are tuned in such a way thjt the temperature fluctuates such as to
maximize the plant useful life. The controllers designed under this objective may
take advantage of material models (Ray and Tangirala 1996).

Although all the control strategies presented in this book have generally a ben-
eficial effect in what concerns all the issues above, the methods of Chap.3 have a
tighter connection to their solution, due to the probabilistic formulation upon which
they rely.

8.2.2 Market with Changing Prices

While classical energy markets are characterized by a strong regulation, with central-
ized power control being adequate, recent trends point in directions with increased
degrees of freedom. An example is provided by distributed power grids with some
degree of authority among local producers and energy markets with varying prices.
Figure 8.3 illustrates a typical problem posed by new coming scenarios in relation to
renewable energy production plants, including DCSFs.

As depicted in Fig. 8.3, at the present time 7, the plant dispatch manager accepts
a contract that commits the plant to produce, between future times #; and ¢ a certain
target value of power that should be inside a tolerance band. If the power produced
at some instant falls outside the contracted tolerance band, a penalty must be paid.
Fulfilling this contract implies the capacity to operate the DCSF using a controller
that is able to keep the power produced close to the target value despite stochastic
disturbances associated to incoming solar radiation and to incorporate predictive
capacity in the control action, while taking into account the DCSF dynamics. This
objective provides a motivation for using adaptive MPC controllers that are able
to optimize a stochastic cost, such as the ones described in Chap. 3 or obtained by
combining the algorithms in Chap.3 with one of the exact linearization change of
variables in either Chap.5 or 6.
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8.2.3 Cyber-Physical Systems

More involved problems reinforce the view that adaptive controllers such as the ones
addressed in this book are basic “building blocks” of more complicated systems, such
as networked systems connecting renewable energy sources that face uncertainty. The
“green island” paradigm provides an example of such type of problems: Consider
an island for which a number of power production and storage utilities are available.
These utilities include DCSFs but also wind turbine fields and fossil fuel power
generator units. The problem consists of taking advantage of these units such as to
produce the electric power consumed by the island. DCSFs’ production are subject
to random variations due to incoming solar radiation. Wind turbines are also subject
to random disturbances associated to wind speed. The problem is to compensate
these fluctuations with storage and the fossil fuel unit production with the maximum
efficiency. The total amount of power produced should match the island consumption
that is also modeled by a stochastic process.

If the dispatch (i. e., the decision regarding which unit produces what amount of
power and during which periods) is done in a centralized way, it can be structured
as a hierarchical control problem in which a higher level block decides about the
production of each unit and the controllers of the production units try to follow this
reference. In both layers adaptive control can be used.

Another possibility is that there is no centralized dispatch and the units have to
coordinate themselves to achieve the desired power production objective. This is the
realm of distributed control that may also involve adaptive versions. Although other
approaches are possible, the use of distributed MPC is imposed as a main streamline
(Maestre and Negenborn 2014). An example of the use of the algorithms described
in the present book in a distributed framework is the distributed version of SIORHC
referred in Sect.3.5.2 (Lemos and Igreja 2014).

Together with other modules, for instance for prediction and communication, the
algorithms described in the present book may also be used as software bricks that
can be interconnected in a structured way so as to design complex control systems,



8.2 The Context of Renewable Energy Production 217

very much like using LEGO®! plastic blocks to build ingenious constructions. This
use of the adaptive control algorithms described in this book is in the spirit of the
emerging area of cyber-physical systems where computational and feedback control
systems and communication networks are embedded with physical systems in a way
that physical processes affect computations and vice versa (Lee and Seshia 2011;
Kim and Kumar 2012). This framework provides a motivation to use and expand the
methods addressed in this book in a wider context.

8.3 What Was Left Out?

A number of topics, although important for the matters treated above, have been left
out. Some brief comments on them are therefore useful in order to establish what
might be called the “boundary conditions” of this book.

The first topic is a more thorough treatment of control design by taking advantage
of the fact that DCSF are bilinear systems, a class of nonlinear systems for which
there is a rich plethora of results, for analysis as well as for controller design (Elliot
2009). Exploring possibilities offered by this family of methods, for which some
work already exists for DCSFs (Carotenuto 1985, 1986), might be of interest to the
more mathematically oriented reader.

Optimal Control (Speyer 2010; Geering 2007) provides also valuable tools that
can be coupled with adaptation mechanisms. While nonlinear systems require the use
of numerical methods (Betts 2010), early works address the control of DCSFs from an
optimal point of view (Orbach 1981) and provide necessary optimality conditions for
the manipulated variable. Since in both cases the control is computed by minimizing
a cost, optimal control is intimately related with MPC. The approach taken in this
book to solve the optimization problem associated to MPC consists of making a
projection of the control function defined along the optimization horizon over a finite
dimensional space, e.g., by making a piecewise constant approximation, and then
solving the resulting finite dimensional optimization problem. An alternative would
be to apply the necessary conditions of optimal control (Pontryagin’s Maximum
Principle in continuous time (Speyer 2010; Geering 2007) or its variant in discrete
time (Goodwin et al. 2005)) and then, as in the previous case, proceed according to a
receding horizon strategy. The approach based on optimal control has the advantage
of imposing a structure on the control function that helps in the presence of local
minima.

Stochastic optimization (Kall and Wallace 1994) is a tool used for planning on
energy market problems (Garcia-Gonzalez 2008) but that can be used for real-time
control as well, if applied according to a receding horizon strategy and in relation to
the discussion in Sect. 8.2. Solving these problems involves the prediction of several
types of variables (such as consumer’s demand, solar radiation, wind speed) which
is in itself an area of research.

I LEGO® is a registered trademark of the LEGO Group.
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Appendix A
Solution of the DCSF PDE

This appendix addresses the issue of solving the PDE (2.5).

A.1 Homogeneous Equation

Start by considering the homogeneous equation
d d
—T(z, 1) +ut)—T(z, 1) =0, (A.1)
ot 9z

to which the following ODE relating the independent variables ¢ and x is associated

d_x =0 (A2)
dt_u =0. .

The first integral of (A.2) is a relation of the form
vx,1)=C

for C an arbitrary constant, satisfied by any solution x = x(¢) of (A.2), where the
function ¥ is not identically constant for all the values of x and ¢. In other words, the
function v is constant along each solution of (A.2), with the constant C depending on
the solution. Since in the case of equation (alel) there are 2 independent variables,
there is only one functionally independent integrals Ibragimov (1999). By integrating
(A.2) with respect to time, its first integral is found to be

t

Yx,t)=x —/u(cr)da. (A.3)

fo
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A function ¥ (x, t) is a first integral of (A.2) if and only if it is a solution of the
homogeneous PDE (A.1). Furthermore, or ¢ > fg, the general solution of (A.1) is
given by

Tx,t)=F@(x,1)), (A4)

where F is an arbitrary function Ibragimov (1999). The general solution of (A.1) is

thus given by
t

T(x,t)=F(x —/u(a)do), (A.5)

fo
where F(x) for x € [0, L] is the temperature distribution along the pipe at t = fo.

O

A.2 Non-homogeneous Equation

Consider now the non-homogeneous Eq.(2.5) that, for the sake of simplifying the
notation, is written as

0 0
—T(z, t)y=—u—T(, t)+gx, t, T), (A.6)
ot 0z

where
gx, t, T) :=aR(@) — yT(z, t). (A7)

To solve (A.6), and according to a procedure known as Laplace’s method Ibragimov
(1999), introduce the new set of coordinates (§, t) given by

E=qpi1(x, 1) =Y, 1) (A.8)

and
T=@(x, )=t (A.9)

where v is the first integral (A.3). The chain rule for derivatives yields

oT 0 oT 0 oT
- ﬂ._+ﬂ._’ (A.10)
ox ox o0& ox 0t

oT apr 0T  9d¢yr 0T

— — — (A.11)
at or o0& or ot
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Since the transformation of variables is defined by (A.8, A.9), these equations reduce
to

aT  dy OT
— = . (A.12)
ax ox o0&
aT oy oT oT

_yar  or (A.13)

o T a9 ar

Therefore, in the new coordinates, and regrouping terms, the non-homogeneous equa-
tion (ale7) is written

(A.14)

aT Ay Yoy
ot Lot =

Since i satisfies the homogeneous equation (A.1) and t = ¢, this equation reduces

to the ODE
oT

S A5
oy =9 ( )

where x is to be expressed in terms of 7 and £ by solving (A.8) with respect to x.
Since g is given by (A.7), the above ODE reads

%T(é, t)=—yT(E, t)+aR(1). (A.16)

Equation (A.16) is a linear, scalar, first order ODE whose solution is

t
T, 1) =T, to)e V70 +a/R(a)eV<”—f>da. (A.17)

fo

Inverting the change of variable (A.8) and using (A.3) yields (2.6). O



Appendix B
Recursive Least Squares Deduction

In order to deduce Eqs. (3.73)—(3.75) start by considering the following lemma:
Matrix inversion lemma

For A, B, C and D matrices of convenient dimensions such that the indicated inver-
sions exist, it holds that

-1
[A+BCDI" =A=' — A~} [DA‘IB+C_1] DA (B.1)
Proof Right multiply the right hand side of (B.1) by A + BC D to get

-1 _ 4-1 1 77—t
A A~ pa~'B+cC DA~} (A + BCD)
—1 —1 —17!
—I—A B[DA B+C ] D
—1
+A*‘BCD—A*IB[DA”B+C*‘] DA~'BCD
—1
=1+A—1B[DA—1B+C—1] [[DA—IB+C—1}CD—D—DA—IBCD}
=1

Now, left multiply the right hand side of (B.1) by A + BCD to get

—1
(A + BCD) (A‘l e [DA_IB n c—l] DA_I)

1
—I1—B [DA_IB + C‘l] DA+ BCDA™!

1
_ BCDA™'B [DA’IB + C*l] DA

I+ {—B +BC [DA‘IB + C‘l] _ BCDA_IB}
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: [DA’IB +C*‘] DA =1

O
Let now
z(1)
= (B.2)
z(k)
o’ (1)
drg=| (B.3)
oT (k)
and
v(l)
=N (B.4)
v(k)

These quantities are related by the matrix regression model written for all the available
data
z7=®rsV + 0. (B.5)

With this notation the least squares functional (3.72) can be written
1 _ T _
Jrs(@) = 7 (Z—@Ls?)” Mps(z— PLs?), (B.6)

where M1 s € RF*F is the diagonal matrix of weights
Ak ooL0

M= | " R (B.7)
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Equating the gradient of J;5() with respect to ¢ to zero yields the normal equation
satisfied by the least squares estimates ¢ of

AR (k) = @[ M7, (B.8)
where A (k) is the information matrix given k observations, given by
Ay = @] M sPps. (B.9)

If the experimental conditions are such that the data verify a persistency of excitation
condition, then the inverse of A (k) exists, and the least squares estimates are given
by

Bk) = A" )@ M5z (B.10)

This expression can be given the form

k
Dk = A7) D A e()z(0). (B.11)

i=1
Furthermore, the information matrix verifies the recursive equation
Ak) = 1Ak — 1) + p(k)pT (k). (B.12)
Isolate the last term of the summation in (B.11) and use (B.11) with k replaced by

k — 1 to get
By = A~ () {(p(k)y(k) LAk = 1Dk — 1)} (B.13)

and then express A(k — 1) in terms of A(k) using (B.12), yielding
dk) =Dk — 1)+ A (k) [y(k) — T ()D(k — 1)] . (B.14)

Together with (B.12), Eq. (B.14) provides a way of updating recursively the estimate
of ¥. The estimate given the data up to time k is obtained by correcting the estimate
given the observations up to time k — 1 by a term given by the product of a gain (the
Kalman gain, A~k (k)) by the a priori prediction error y(k) — (pT(k)ﬁ(k —1).
These expressions have the drawback of requiring the computation of the inverse of
the information matrix A at each iteration. This can be avoided by propagating in
time directly the inverse of A. Let

P(k) = A7\ (k). (B.15)
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Matrix P is proportional to the parameter error covariance error and, for simplicity,
is referred simply as the “covariance matrix”. From (B.12) it follows that

P(k) =2~ [A(k— 1) +<p(k),r‘¢T(k)]_l. (B.16)

Using the matrix inversion lemma (B.1) with A = A(k — 1), B = ¢(k), C = At
and D = (pT (k) yields (3.75). Equation (3.73) follows from (B.14) and the definition
of P. m|



Appendix C
MUSMAR Models

In this appendix we explain how the predictive models used by MUSMAR, (3.62)
are obtained from the ARX model (3.9). As explained in Sect.3.2.4 the MUSMAR
adaptive control algorithm restricts the future control samples (with respect to the
present discrete time denoted k), from time k + 1 up tot + T — 1, to be given by
a constant feedback of the pseudo-state, leaving u (k) free. In order to see how the
predictive model (3.47) is modified by this assumption, start by observing that the

pseudostate s (k) defined in (3.95) satisfies the dynamic state equation

sk +1) = Dgs(k) + Tsu(k) + ej e(k),

in which
el 2110... 0],
vl
@, A I Q(n—l)xn ’
le(n+in)
Q(m—l)xn Im—l Q(m—l)xl
T, 2 po0...010...0]",
and

A
I/f1T=[—611 ... —apby ... by].

(C.1)

(C.2)

(C.3)

(C4)

(C.5)

The matrix entries a; and b; above are the coefficients of the ARX model (3.9) and

e is the innovations sequence of the same model.
Assume that a constant feedback law written as

u(k +i) = F s(k +1)
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will be acting on the plant from time k 4+ 1 up to time t + 7 — 1, where T is the
optimization horizon (do not confuse the horizon 7" with similar symbol used to refer
the transpose of a matrix; the context in which they are used should be sufficient to
distinguish both). Under this assumption, from time k + 1 up to time k + T — 1, the
pseudo-state verifies

stk+i+1)=®pstk+1i)+ejelk+1i), (C7

with R
OF = & + T, F]. (C.8)

Combining (C.1) and (C.7), it is concluded by making a comparison with Kalman
predictors Goodwin and Sin (1984) that the optimal predictor of s(k + i), given
information up to time k is

§(k +ilk) = &L [@ys (k) + Tu(k)]. (C.9)

The optimal predictor for u(k + 7) is

itk +ilk) = FL§(k +ilk), (C.10)
which implies that
ik +ilk) = F§ &4 [@ss(k) + Tu(k)]. (C.11)
Defining
wi = Floi'T, (C.12)
and
¢! 2 Floi o, (C.13)

the expression (C.11) reduces to the MUSMAR input predictor (3.63).
Furthermore, since by the construction of the pseudo-state the optimal predictor
for the output y(k + i), given observations up to time k, is

Sk +ilk) = e §(k +ilk), (C.14)

it follows that _
vk +ilk) = EITQD}_I [Dss(k) + Tulk)]. (C.15)

Defining
6 =l ol (C.16)
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and

yI 2o a, (C.17)
it is also recognized that the expression (C.15) reduces to the MUSMAR output
predictor (3.62). O



Appendix D
MUSMAR as a Newton Minimization Algorithm

In Mosca et al. (1989) Propositions 1 and 2 of Chap. 3 that characterize the possible
convergence points of MUSMAR and the direction it yields for the progression of
the controller gains are proved using the ODE method for studying the convergence
of stochastic algorithms. In this appendix we use a different method that has the
advantage of not relying on the ODE method, being thus more comprehensive.

D.1 Proof of Proposition 1

According to the control strategy used

J(t + )~ 0;(Fe—1) + Hj(Fi—1, Fi)s (1) (D.1
and
ut+j—1~uj1(F—1)n@) + G;q(Fk—l, Fi)s (), (D.2)
where
Hj(Fi—1, Fi) = ¥j(Fr—1) + 0 (F—1Fr) (D.3)
and
G 1(Fr—1, Fi) = ¢i—1(Fr—1) Fy (D.4)

Let F; be computed according to (3.104, 3.105). By adding and subtracting
0]2(Fk_1Fk_1) and Ml.z(Fk_l)Fk_l,o, this becomes
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j=1

r T—1
Fie = a(pk B (Z j (Fie—1) Hj (Fi—1, Fk—1)+PZM,‘ (Fr=1) G (Fr—1, Fk_l))

T T—-1
a(Fk 1) (Z_: 07 (F— 1)+PZM, (Fy— 1)) (D.5)

j=1

If pFr_1/a(Fy—1) is added and subtracted, (D.5) becomes

1 T T—1
Fk:_a(Fk1)<Ze (Fr—1)Hj(Fr—1, Fx— I)+[)ZM](FI< G (Fi—1, Fr—1) + pFr— 1)
_ i
Fi T-1
03 (F, 1 F D.6
+a(Fk 1)<Z <k1>+p(+;u,(kl>)) (D.6)

The gradient V7 J (F) of the receding horizon cost Jr () with respect to the controller
gains is given by

du(t+j— 1
Vi J(F) = Zy(t-i—) )+p(t+ 1)%

T
= > Oi(F-D)ELy(t + s+ puj—1(Fe- D) Elu(t + j — Ds(0)])
s

(D.7)
or, equivalently, by
1
SRIIVEI(F) = 3 6:(Fi) Hi(Fier, Fo)
i=1
+ ppj—1 (Fx=1)G j—1(Fx—1. F)). (D.8)
Here, (D.3, D.4) and (3.105) are used together with
Ely(t+ j)s()] = RsH;j(Fr—1, Fy) (D.9)
and
Elu(t + j)s(t)] = RyGj (Fi—1, F). (D.10)

Since o = 1, ¢o = 1 and Go(Fi—1, Fr—1), the conclusion follows from (D.8) and
(D.6).

O
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D.2 Proof of Proposition 2

Let iterations (3.110) be initialized in a neighborhood of a local minimum F* of J,
small enough so that J, has a single isolated minimum in it. In this region define
the candidate Lyapunov function

V(F) = Joo(F) — Joo (F¥). (D.11)

This function is continuous and differentiable with respect to F and vanishes for
F = F*, at which point it has a local minimum. Furthermore, it is strictly decreasing
around the trajectories of (3.110). Indeed

V(Fi) = V(Fi—1) = Joo (F) — Joo(Fi—1)
= (VJoo(Fi—1)) - (Fx — Fx—1) + o(Fy — F™)
1
= — ———— (Voo (Fie1)) R (Fi1) Voo (Fi—1)

a(Fr-1)
+ o(F, — F*). (D.12)

Hence, and since it can be proved that Ry > 0 Mosca et al. (1989), in a sufficiently
small neighborhood of F*,

V(F—k)— V(F_1) <0 (D.13)

and by Lyapunov’s Direct Method the sequence Fj converges to F™*.
In an analogous way, around a local maximum Fpax one can define the function

W(F) = _Joo(F) + Joo(Fmax)~ (D14)

This function is continuous and differentiable and has a local minimum at Fj,,x but
now, in a neighborhood of the maximum, it may be proved using similar arguments
as above that (3.110) yields

W(Fy) — W(Fr_1) > 0. (D.15)

This inequality allows to conclude that F,x is unstable in the sense of Lyapunov.
Hence, the recursion (3.110) does not yield a sequence of gains that converge to a
maximum.

O



Appendix E
Derivation of the MUSMAR Dual Algorithm

For the sake of simplifying the notation, the mean conditioned on the observations
E {-|0*} is denoted by E {-}.

E.1 Deduction of Equation (3.137)

Since,

E {yz(k + i)} —E [[eiu(k) + w,.Ts(k)]zl

E {02200 + 200097 sk + 5T Ry sw)

E {02} + 20 E {60 | st0) + 5T ®E fwiw] | sto
— [é} + agl.] u?(k) + 2u(k) [é,- ol + agTwi] s(k)

+sT0E {viv] | st (E.1)

and

E{u?(k+i—1D}= E{ i) + 8150 }

£t

2
= E (i}t 0 + 200 F {piciol )} st + 5T WE 6187} s

w2 (k) 4+ 2u() i1y s () + 5T (OB —1 6] 1S(k)}

= [/:Lifl +Uﬁi] u* (k) + 2u (k) I:/Qi—ldA’l-T,I +a,f¢,-]s(k)

+sTWE {191} s (E.2)
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the minimization of the cost function according to Eq. (3.133) leads to

o (i [ {y2(k + i)] + pE {uz(k i 1)}])

i=1

T aJf
2 du(k)

1
T2
[ 2+ o + Py + paﬁi:| u(k)

T
+[Zé@ + 0y + i1 1+,oaﬂ¢,,}s<k>—o (E.3)

or

S0+ o> il + X 100y + PO

s(k). (E4)
S0P+ i+ 1(Uez+/)‘7 )

uc(k) = —

Since the data vector, z(k) = [u(k) s” (k)]T, used to estimate the predictive models
parameters is common to all models (actually, the vector used is z(k — T') so the
T -steps ahead predictor can use the last output available to perform the estimation
and that is y(k)), there is only one RLS covariance matrix, P (k) common to all
models. To obtain the parameters of the true covariance matrix, matrix P (k) should
be multiplied by the variance of the prediction error of each model. Therefore,

O = Puu0ys; Obyi = PusOy; Es
02, = puuO2: Gupi = PusG2i’ (E.S5)
wi uu0y,is Ougi = PusOy;;
with ’
_ | Puu Pus (E.6)
pus pss ’

where the argument k is omitted for notation simplicity, which yields the control law

> 6 vl +p > i1, + Bl

_ ! s(k). (E7)
> 0} +p > 7y + Bpuu

uc(k) = —

O

E.2 Deduction of Equation (3.140)

Since J;' is quadratic with negative second derivative, the minimum of this criteria
coincides with one of the borders of the interval, and is given by
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u(k) = uc(k) + 0 (kysgn {J¢ (ue (k) — 0 (k) — J¢ (ue (k) + 0 (k))} (E.8)

The expected prediction error for the output and input can be computed as

E{lyk+d—5k+D]} =E {[(@- = uto + ] ~ xﬁf)s(k)]z}
=£ {6 -0} 2w + 2w E [0 -] 9D} s
+sTWE {wi —dow] =)} sw
= o1 (k) + 2u(k)o, ;s (k)

+sTWE {wi —dow] =9} sw, (E9)

~ 2
E{futk+i-1—atk+i-DP}=E {[(ui_l = i-Duk) + @ = L sw] ]
= Bl — 0?20 + 2 ®E [y — i 0@L =81} sto
+5TWE{@im1 = b0l =D} sw

= o2t () + 2uk)o s ) + 5T RE{@im1 = dinD @], = L] sk,
(E.10)

Replacing (E.9) and (E.10) in

T
Ji = —E[%Z[y(kﬂ')—9(k+i)]2+a[u(k+i—1)—ﬁ(k+i—1)]2}

i=1

{ vk +1i) — lk + i)]z}

fi

{u(k+l—1)—u(k+l—1)] } (E.11)

~1|Q

yields

J,f(u):f%i[agi+aa ] W2 (k) + 2u(k) [Ugwl+aa ]s(k)

i=1

-7 ST £ {o = dow! =D +as" W {61 - dine! 0] sw
i=1
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T
- [% >0k + aafi)] [puuuz(k) + 2u(k)p,fvs(k)] +é (E.12)
i=1

y=0
and
T e ) = 9. (0)) = I (e ) + 9 (6)
= — 7 [P @2 ) = 2 (R 0) + 90D + 20e k) = 9 KDl K)|
7 [P G20 + 2499 00 + 9 (0 + 20w ®) + 9 () plys(h) |

=400 [ Pusic®) + plys®) | (E.13)

Equation (E.8) reduces then to Eq. (3.140). m]

E.3 Local Models and Local Controllers for the Air
Heating Fan Example

This appendix contains the numeric data for SMMAC control of the air heating fan
laboratory plant, as described in Sect.4.3. The local models are described in Table
E.1 and the local controllers, that match each of them, are described in Table E.2.
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Table E.1

Estimated local models of the air heating fan plant

Low temperature

Medium temperature

Low
flow

Medium
flow

High
flow

A*(g™") =1— 184" 4+ 0.8442¢ 2

A*(g7!) = 1-1.862¢7" +0.86492

B*(g~") = 0.0018664 3 — 0.0003835¢~* B*(¢~!) = 0.003823¢ 2

C*(q™") =1—-1.389g"! +0.5118¢2

A*(g™H =1—-1.82¢7" +0.8257¢72
B*(g~") = 0.00143¢ 2

C*(g™") =1—1.349¢7 +0.4493¢72

A*(g™H =1—-1.783¢7 +0.7902¢ >

C*(g™ " =1-1.15¢7" +0.3074¢ 2

A*(g7) =1—-1.83¢7" 4+ 0.8348¢ 2
B*(g~") = 0.003763¢ 2

C*(g Y =1—1.118¢7! +0.3484¢2

A% =1— 184" +0.8064 2

B*(g~") = 0.001222¢ 72 4 0.0002227¢ 3  B*(g~!) = 0.003994 >

C*(g~") =1—1.334¢~" +0.4904¢ 2

C*g™H =1—-1.193¢g~" +0.4593¢ 2

Table E.2 Local controllers for the different operating regions of the air heating fan plant

Low temperature

Medium temperature

Low R*(@g ') =1-1.696¢"" +0.8719¢2

flow

—0.1910g73 +0.01537¢ ™4

S*(g~") =37.02 = 70.75¢ " + 33.84¢ 2

T*(g~") = 0.8677¢~" — 1.205¢ 2

+0.4440¢4 3

Med- R*(g™')=1-1.471g~" +0.4707¢~2

ium

flow  S*(g~!) =27.47—52.17¢7 " + 248142

T*(g~") =1.132 — 1.5264 ' +0.5086¢ 2

High R*(g™') =1—1.479¢" 4 0.4935¢2

flow

—0.01485¢ 73

$*(g™1) =58.66 — 111.1g~ ! + 52.68¢ 2

T*(g™") =1.756 —2.342¢~ ' +0.8611¢ 2

R*(g™") =1—1.156¢" +0.1556¢ 2

$*(g~") =41.41 — 76.24¢™" + 35.18¢ 2

T*(g~") = 2.176 — 2.503¢ " + 0.6690g 2

R*(¢™") =1—1.170¢7" +0.1698¢ 2
§*(g~") = 51.96 — 96.19¢ " + 44.63¢ >

T*(g™") = 1.742 — 1.947¢~" + 0.6069¢ 2

R*(g™") =1-1291¢7" +0.2912¢ 2

$*(g™") =51.48 —96.22¢ ! +45.07¢ 2

T*(g~") = 1.254 — 1.497¢~" 4 0.5760g >




Appendix F
Warped Time Optimization

In this appendix the underlying control laws (i.e., the control law assuming that the
plant parameters are known) used in the WARTIC-i/o and WARTIC-state control
algorithms, described in Chap. 5, are deduced.

F.1 Proof of the WARTIC-i/o Control Law

Hereafter we prove Eq. (5.16) that yields a closed-form expression for the WARTIC-
i/o control law. For that sake, consider the predictive model (5.15) and assume that
u is constant and equal to u (k) over the prediction horizon, yielding

l n—i
To(k+i) = au(k) D Rk—1+j) + a D Rk—pulk—p) + pTin(k+i—n).
j=1 p=1
(E.1)
Assume now that the future values of radiation at time k + 1 up to time k + T (that
are unknown at time k) are equal to R (k). Equation (F.1) becomes

Totk + i) = au()RK)i +a > Rk — pyutk — p) + BTin(k +i —n). (F2)
p=1

Insert (F.2) in the definition of the cost J; given by (5.14) to get

T
Je =D [ATS K + i) — ei RKuk) — agk. )], (E3)
i=l
where
A
ATo>.:1l(k) = Toﬂzn(k) — BTin(k —n) (F.4)
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and

Gk, )= Rk~ puk — p). (F5)
p=1

The derivative of the cost with respect to the manipulated variable is

T T
L 0 = —aR(k) D i [ATx (k+i) — ek, )] + &> R*(K)uk) D i*. (F.6)
i=1

209ulk)

i=1
Equating to zero the derivative (F.5) and solving with respect to u (k) yields (5.16).
O

F.2 Proof of the WARTIC-State Control Law

Hereafter we prove Eq. (5.42) that yields a closed-form expression for the WARTIC-
state control law.

From the assumptions (5.40) and (5.41) that both the manipulated variable and the
reference are constant over the control horizon, the predictive model for the output
(5.39) becomes

i—1
yk+1i)=CA'c(k)+ {C D A" B Luk). (F.7)
j=0

The matrices A, B and C are defined in (5.27). The cost function (5.33) can then be
expanded as

. 2
Ji = (r(k) — CAix(k) — n,-_lu(k)) T

2
+ (r(k) —CATx(k) — n,-_lu(k)) + pTu?(k), (F8)
where . .
ni= CAT/B=) CAIB=1+B+--+p, (F.9)
j=0 Jj=0

with beta the parameter introduced in (5.13). Observing that

CA'x(k) = Bl xn_i(k), (E.10)
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gives

Jk = {77(2, +...+ 77%,1 + ,oT}u(k)2

+2{n0xa (k) + mi B 1K) + -+ 071 BT 1 () Ju ()
2r(k){no + n1 + ...+ nr—1}u(k) + terms independent of u(k), (F.11)

and the min,, ) Jx is obtained by solving the equation
T—1
1 9Jk 5
= = - Ttuk
s~ || Z | o

T-1 T—1
+ D niBlxn (k) + IZ m] r(k) =0. (F.12)

i=0 i=0

Incorporating the constant 7" in p yields (5.42). O



Appendix G
Characterization of the Eigenvalues
of the Linearized Tracking Dynamics

Proof of Proposition 6.1

The tracking dynamics is described by the following system of differential equations

in =0
o1 = aR(1 — A=ty
fp = aR(1 — 2l G.1)

The first equation is already linear and provides an eigenvalue at the origin. Lineariz-
ing the other n — 1 equations around the equilibrium point defined by

r.
xi=—-1 r=1
n

yields the (n — 1) x (n — 1) Jacobian matrix:

—2n-n 0 0 ...0
-n —-nn 0 ...0

J=| —n 0O —nn...0 (G.2)
-n 0 ...... 0n

In order to compute the eigenvalues of this Jacobian matrix, start by observing that
it can be written as
J=n(—I+A) (G.3)

where [ is the identity of order n — 1 and A[(n — 1) x (n — 1)] is the matrix
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—-110...0
—-101...0

A= . .. . .. (G.4)
—-100...0

The characteristic polynomial of J is obtained from

1
det(s] — J—) =det(sI +1 — A)
n

=det((s + 1)I — A)
=det(ol — A),

where the change of variable
o:=s5+1 (G.5)

has been made.
Since A is a matrix in companion form, the coefficients of its characteristic poly-
nomial (in o) are the symmetric of the entries of the first column of A. Therefore:

det(cl —A)=o"' 40" 2 +... +1

Since (sum of the first n + 1 terms of a geometric series):

N 1 — gN-1
dd=— Vazl (G.6)
‘ 1—a
=0
it is concluded that
o’ —1
det(cl — A) = o #1 (G.7)
o—1
Hence, the eigenvalues of A satisfy
06" —1=0 and o # 1 (G.8)

Recalling the change of variable (G.5), it is concluded that the eigenvalues of %J are
located over a circumference of radius 1, centered at —1. Furthermore, since

A(J) = ni (11)
n

where A(M) denotes the eigenvalues of a generic matrix M, it follows that the
eigenvalues of J are located over a circumference of radius n centered at —n.
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In order to get the eigenvalues of the tracking dynamics, to the n — 1 eigenvalues
of J one must add another eigenvalue, located at the origin, associated with x;,.

In conclusion, there are n eigenvalues of the tracking dynamics, that divide the
circumference in equal parts. g



Appendix H
Stability of a Time Varying System

Consider the linear time varying equation

é(r) = Au(n)e(n), (H.1)

with
0 <umin Cusx(t) <tmax V120 (H.2)
and such that A = —A/L is a stability matrix with A a negative number greater than

the largest real part of its eigenvalues. Use the Gronwall-Bellman inequality Rugh
(1996) to conclude that

t
eI < IIe(O)IIeXp{/ lAu.(z)ldz}). (H.3)
0

Considering (H.2), this implies
lell < lle(0)]|e* . (H4)

Since A < 0, this establishes asymptotic stability of (H.1). O
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feedback linearization of a, 154
finite difference state-space model, 35
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lumped parameter model, 40
motion planning, 187
PDE model, 28
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uncertainty in DCSF models, 18
Direct steam generation, 7
Directional forgetting, 68
Dual control, 95
bi-criteria for dual control, 95
optimal dual control problem, 94
Dwell time condition, 110
Dynamic weights, 79

Control Lyapunov function adaptation, 166 ]IEEnergy

Controllability, 177

Controller bank, 107 renewable, 1

Covariance matrix, 67 so%ar, ,1
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Equation
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Gain scheduling, 108

example, 110
Generalized predictive control, 70
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computation of derivatives, 185
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GPC, 70

H
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I
Internal dynamics, 154

K
Kalman gain, 67

L
LaSalle’s invariance theorem, 162
Least squares estimate, 67
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M
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Model
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Output derivatives, 185
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