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ABSTRACT

Last couple of decades, there has been great interest on adaptive control
schemes and automatic control. Many researchers put many specific methods to
overcome control problems in industrial chemical processes. Automatic control
of industrial processes is a challenging task due to the presence of large time-
delays, non-linearities, complex process dynamics, interactions from other
control loops, corruption of data by noise, unmeasurable load disturbances, etc.

Using a conventional control scheme such as PID scheme is often not
very satisfactory depending on the characteristics mentioned above. In spite of
having large usage in the industry, fixed parameter PID control algorithm suffers
from many draw backs:

¢ Time delays cannot be handled propetly, this results to get sluggish response
from the process.

e Physical constraints of a process cannot be incorporated in the control
algorithm.

e Tuning of a conventional controller loop is usually time consuming
operation. The tuning of a muitiloop PID controiler is at best if it is not an
important process. In the absence of a mathematical model, it is performed
on-line by an iterative experimental approximation like trial and error. The
mathematical modelling of a process accounting for all the non-linearities in
the process is a problem. The linear model of a process can help in selecting
initial tuning constants but is not good enough to give the best performance
along the complete period of operation.

¢ Because of the changes in process dynamics (catalyst decay, change in
production levels, fouling of heat exchangers or variation in raw material
quality and quantity etc.) controller has to be retuned and this leads to a
degraded performance until it has been done.

These problems can be overcome by using a control strategy first
proposed by Kalman (1958). Adaptive controllers and self-tuning controllers are
capable of identifying the model of the process on-line and are able to
compensate for the variations in the characteristics of a process.



Using sclf-tuning controller gives us better and faster confroller
commissioning, furthermore gives us the ability of expert tuning of the controller
by non-expert personnel.

In this study and work, it is shown and explained how to select the
necessary clements of the self tuning control schemes and how to employ
appropriate methods by choosing fine tuning parameters for the some type of
self-tuning controllers.



OZET

Yaklagik son yirmi yildir adaptive kontrol stratejileri ve otomatik kontrol
biiyiik ilgi kazanmugtir. Bir gok aragtirmac: yeni bir gok 6zel metotlar gelistirerek
kimya endistrisinde var olan kontrol problemlerini ¢dzmeye caligmaktadiriar.
Endiistriyel prosesierde otomatik kontrol kuflanmm bilyiikk zaman gecikmeleri,
non-lineerlik, karmagik proses dinamikleri ve diger kontrol ¢evrimleri arasindaki
etkilegsimden ve odlgiilemeyen yiiklenme degerleri yiiziinden zor bir olaydir. Klasik
kontrol metotlan kullamirm genellikle bu yukanda belirtilen sorunlardan dolay:
memnuniyet verici degildir. Giinlimiizde sanayiide genig kullanim alam olan PID
kontrol ediciler agagida verilen tiirde birgok sorun ile kargilagmaktadurlar.

e Zaman gecikmelerinin etkileri ortadan kaldinlamaz, kontrol sistemini yavag
davranmak zorunda birakur.

o Fiziksel simrlamalar kontrol algoritmasi iginde temsil edilemezler.

¢ Klasik bir kontrol ediciyi ayarlamak zaman alan bir operasyondur. Cok
¢evrimli bir PID tipi kontrol edici ancak énemli olmayan basit proseslerde iyi
bir gckilde ayarlanabilir.Bu da deneme ve yanilma yoluyla olur. Kimyasal
reaksiyon igceren prosslerde ise deneme - yamima yoéntemini kullanmak
kesinlikle s6z konusu degildir.

e Katalizér bozunmasi, iiretim hattindaki degigiklikler, 11 degistiricilerindeki
kirlenmeler, debi ve basmng degisimleri gibi proses dinamigini etkileyen
degigikiikler algilanamadigindan kontrol performansi zamanla diiger. Bu
yiizden kontrol edici tekrarh olarak ayar edilmelidir.

Bu tip problemler ilk defa Kalman (1958) tarafindan diigiiniilen kontrol
stratejisi ile g6ziilmeye baglamustir. Adaptive kontrol ediciler ve kendinden ayarh
kontrol ediciler prosesin modelini direkt olarak tammlayabilirler ve proses
ozelliklerindeki degisimleri algilayarak kendilerini diizeltebilirler.

Kendinden ayarh kontrol edicilerin (STC) kullanimm daha izl ve giivenhi
olmasmm yaninda uzman olmayan personelin gelismis bir kontrol edicinin
yardmm ile proses iizerinde saglam bir hakimiyet kurmasmm saglar.

Bu ¢ahgmada kendinden ayarh kontrol edicilerin ana elemanlanmin nasil
diizenlenebilecedi ve belirli kontrol edici tipleri i¢in hassas ayar degerlerinin nasil
secilebilecegi gosterilmigtir.



Bu g¢aliymada kullamlan kendiliginden ayarh kontrol ediciler i ana
bilesenden olugmaktadir. ik olarak bir parametre tahmin edici (Parameter
Estimator), ikinci olarak bir kontrol edici (Controller) ve son olarak da tahmin
edilmig proses parametrelerinden kontrol edici parametrelerini hesaplayan bir
parametre hesaplayicis: (Parameter Calculation) bulunmaktadr.

Bu ¢aligmada tekli girig tekli gikig sistemler incelenmigtir. Kendilifinden
ayarlanan kontrol edicilerin amaci sabit fakat bilinmeyen parametrelere sahip
prosesleri kontrol etmektir. Ayrica 1s1 degigtiricileri gibi parametreleri zamanla
yavagga degigen sistemlere de uygulanabilirler. Kendili§inden ayarlanan kontrol
ediciler baglangigta bilinen bir sistem ve tasanim yontemi ile olugturulabilirler.
Kontrol algoritmasi ardigik parametre tahmin ediciler kullamlarak bulunabilirler.
Parametre tahmin ediciler proses girdi ve ¢iktilanina gbre hesap yaparlar. Bir ¢ok
parametre tahmin yontemi ve kontrol edici parametreleri hesap yontemi
oldugundan gesitli tiplerde kontrol ediciler mevcuttur.

Bu iezdeki ¢ahymada kullanilan konirol edici bir 6n tahminli model
iizerine kurulu ardistk parametre hesaplayicidan olusmaktadir. Kendiliginden
ayarlanan kontrol edicinin, aym zamanda bilinen girdi degerlerine kargilik
sistemin verdigi ciktilan belirli bir zaman arahiginda dlgerek her hangi bir sistemin
transfer fonksiyonunu elde cdebilmesi de mimkiindiir.  Gergek zaman
uygulamalarinda her numunelendirme periyodunda yeni dataya ihtivag vardir.
Boylelikle, sistemin transfer fonksiyonu her zaman igin izlenebilir ve bunun
iginde geligtirilmis teknikier mevcuttur. Bu tezdeki ¢ahiymada ‘unutma faktori'
olarak adlandirabilecegimiz bir faktér kullamlmugtr (Forgetting faktor), bu
geemisteki bazi verilerin unutma faktoriine bagh olarak silinmesi anlamindadir.
Sayisal deger olarak unutma faktérit bir'den kiiglik ‘sifir'dan bityik olarak
segilmelidir. Unutma fakt6rii numuneclendirme zamammna da bagh olarak 0.95 ile
0.999 arasmda bir deger olarak segilebilir, bu da 20 ile 1000 numunelendirme
araligma esittir.

Kendiliginden ayarlanan kontrol edicilerin minimum degigimli kontrol
algoritmasim kullanmalan son kontrol elemanlarimin agin giddetli davranmalanina
yol agabilir. Pratikte kabul edilemeyecek asin kontrol hareketlerinin optimize
edilmesi igin bazi simrlandirmalar getirilebilir. Kendiliginden ayaralanan kontrol
algoritmalan baghca iki ana grupta incelenebilir. Dogrudan yéntemler ve dolayh
yontemler olarak adlandinlabilecek bu yontemlerin arasindaki en 6nemli fark
birincisinde parametre tahmin edicinin kontrol edici parametrelerini dogrudan
vermesi, diferinde ise tahmin edicinin sistem parametrelerini fireterek kontrol
edici parametrelerini hesaplamasidir.

xvii



Herhangi bir prosesin modelinin bilinmesi Kontrol sistemlerinin tasarim:
ve analizi i¢in bir avantajdir. Boyle bir sistem modeli sistem dinamigini
olabildigince tammlamahdir. Bir prosesin modelinin saglanmas: icin iki temel
yaklagim vardir, bunlar fiziksel kanunlardan elde edilen modeller ve deneysel
yollardan elde edilen modellerdir. Genellikle sadece fiziksel kanunlardan
yararlanarak yeterince hassas bir model elde etmek miimkiin degildir, baz sistem
parametreleri deneysel olarak saptanmahdwr. Bu iki yaklaggmm birlikte
degerlendirilmesi iyi bir model elde etmemizi saglar. Model ne kadar 1yi olursa
uygulanan kontroliin de o kadar 1yi olacag diiglincesinden hareketle sistem
tamimlanmasinm (parametre tahmininin) énemi ortaya ¢ikmaktadir.

Uyarlamali kontrolde kontrol kanununun tesbiti parametre tahmininden
(sistem tammlanmasmdan) sonra ikinci temel agamadir. Uyarlamah Kkontrol
mekanizmalarmin tasarimda iki kademe vardir. Bunlardan ilki, sistem tizerinde
olabildigince deney yaparak cksik bilgileri tamamlamaktir (off-line). Ikincisi
proses parametrelerinin tahminlerine bagh olarak kontrol edici parametrelerinin
stirekli olarak ayarlandig: mekanizmadir (on-line).

Bu caligmada oncelikle hizhi cevap veren bir sistem fiziksel kanunlar ve
deneyler yardinu ile modellenerek iyi tanimlanmig birinci derece bir sistem Grnegi
elde edilmigtir. Kendiliginden ayarlanan kontrol edicinin algoritmast
Genellegtirilmiy Minimum Degigimli olarak tasarlandigindan kontrol girigini
diizenleyen gesitli filtrelerin bu model tizerinde denenmesi ile kontrol edicinin
temel yapisi belirlenmigtir. Modelin birinci mertebe olup parametrelerinin iyi
bilinivor olmasi kontrol edicinin saghkh bir gekilde geligtirilebilmesi ve biitiin
filtrelerle tatminkar sonuglar vermesini saglanugtir.

Birinci mertebeden sistem modeli {izerinde gergeklestirilen benzetim
gahigmalarindan elde edilen bilgiler yardimu ile ikinci mertebe bir proses tizerinde
gercek zaman (on-line) kontrol ¢ahgmalarma gegilmistir. Ikinci mertebe proses
omegi olarak bir elektrikli wsitma sistemi kullamilmigtir. Bu sistem 4.5 kW
giiciinde, bogluk hacmi kiigik olan (yaklapk 0.5 1) tiip rezistansh bir 1sitic1 ile
bunun ¢ikig hatuna yeregtirilmis plastk kihfli bir yan iletken sicaklik
algilayicisindan (LM 335) olugmaktadir. Bu sicaklik algilayiciss 0-100 °C
arah@inda gahgan 4-20 mA Lk bir sicakbik ileticisine baghdir. Sicaklik
algilayicismmn plastik kilifh olmas1 zaman sabitinin elektrikli 1siticinin zaman sabiti
yaninda ihmal edilemeyecek bir bityliklikkte olmasina, sonug olarak da sistemin
belirgin ikinci mertebe davramg géstermesine yolagmaktadir.

Yapilan deneyler sonucunda ¢esitli kontrol edici filtrelerinin davramslan
incelenmig, gerekli filtre parametreleri (hassas ayar parametreleri) tesbit edilmis
sisteme ¢esiti  bozan etkenler yiiklenerck ikinci mertebeden bir sistemin
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Kendiliginden Ayarh Genellegtirilmis Minimum Degigsimli Kontrol Edicilere
verdigi cevaplar elde edilmig Kimya Mihendisligi’nde karmagik bir yapiya sahip
olan Reaksiyonlu Distilasyon Kolonu’nun sicaklik kontrolii igin kullamlabilecek
filtre ayar degerleri belilenmeye cahsilmgtir. Ikinci mertebeden sicakhk
sisteminin servo kontrolii ve regiilasyon kontrolit incelenmig, biitin bu deneyler
sistemde son kontrol clemammin zaman-oransal kontakitr modiilii ve triak
modiilii kullamlmas1 halleri icin ayn ayn ger¢eklegtirilmigtir. Zaman-oransal
kontaktér modiliiniin  kullamldigs deneylerde sistem giiriiltiilerinin daha fazla
oldufu buna ragmen ulagplmas: istenen ayar degerlerine (set point) kabul
edilebilir hatalar ile yaklagildigi, kontrol giriglerinin proses ¢iktilan ile uyumlu
oldugu gozlemlenmigtir. Triak modiili kullamlmasmm temel nedeni bir sonraki
cahsmammzda sicakh@ daha hassas olarak kontrol edilecek olan Reaksiyonlu
Distilasyon Kolonu'nda da buna benzer bir modiilin bulunmasidir. Triak
modillinin kullamldigz sitma sistemi deneylerinde giiriiltillerin  daha aza
indirgendigi ve kontrol giriglerinin proses g¢iktilan ile gok daha uyumiu hale
geldikleri g6zlemlenmigtir.

Reaksiyonlu Distilasyon Kolonu’nun sific1 elemam 2.5 kW giiciinde olup
deneylerde kullamlan alkol kangimlanmn esterlesmesinde  yeterli  giicii
saglayabilecek diizeydedir. Kullanilan kolon dolgulu tip olup 8 cm ¢apinda ve 40
cm uzuniugunda cam borulann 4 adetinin birbirlerine eklenmesi ile elde edilmis,
dolgu malzemesi olarak 5 mm ¢aph Rasching halkalan kullamlmigtir. Kolonun
Ostiindeki vogunlagtinc bir U doniigit ile sabitlenmigtir. Yogunlagtincinn altinda
kolon bag tirlinlinii toplayan ve faz aymlmas: ile bag {irliniin sudan aymmlmasim
saglayan bir depo mevcuttur. Ester fazi yanal yiizeyden alinarak bir geri besleme
boliiciisine  gonderilmektedir. Istenmeyen su faz  deponun  altindan
¢ekilmektedir. Kolon 20 1 hacminde bir cam reboyler tarafindan isitiimaktadir.
Onceki galiymalardan elde edilmis sonuglar ve literatiir bilgileri degerlendirilerek
kolonun besleme debileri ayarlanmis, kolon rejimine uygun sekilde etil ester
tiretimi igin gerekli alkol kargimu ve asetik asit beslemesi yapihmg, dizenli bag
tirlin  yaklagik 75 min sonra ¢ekilmeye baglanmmgtir. Yukanda agiklanan 6n
cahgmalardan elde edilen bilgiler ile kolonun sicakh@gmm en iyi sekilde kontrol
edebilecek filtre parametrelerinin segilmesiyle reboyler buhar faz sicakhg kontrol
edilmig buna bagh olarak kolon tepe sicakhfimn davranin gozlemlenmigtir.

Literatiirden elde edilen modifiye edilmis PID kontrol edici sonuglan ile
kendiliginden Ayarlanan Genellegtirilmiy Minimum Degigimli Kontrol Edici’nin
sonuglan kargilastidnmg, klasik PID tipi bir kontrol edici ile kontroliiniin
miimkiin olmadix bilinen bu karmagik sistemin modifiye edilmig PID tipi kontrol
edici ile belli toleranslara kadar kontrol edilebildifi fakat bozan etken yiiklenmesi
durumunda kolon tepe sicakh@mm kritik bir deger olan 79 °C m altina diigtiigii
ve bu durumun bas iiriin ile gelmesi beklenen su gikisii engelledigi, bunun da
kolon rejiminin bozulmasma yol agtuig belirlenmigti. Benzer gartlarda aym
besleme debileri ile Kendiliinden Ayarh Kontrol Edici’nin kullamimast



durumunda kolon yatigkin duruma getirildikten sonra besleme debileri iki katina
¢ikarilarak bir Reaksiyoniu Distilasyon Kolonun’nda wverilebilecek en yitksek
bozan etken denenmig ve kolon tepe sicakhigimn kritik sicakligin altina dilgmedigi,
reboylerin svi ve buhar faz sicakhklarmn birbirleri ile ve kontrol girisi ile uyumlu
davrandiklan gézlenmigtir.

Bu gahgmanin sonunda daha az uzman kigilerin ¢ok daha karmagik ve
sorunlu sistemlerin kontroliinde kullanilabilecegi ve parametre tahmini sayesinde
prosesin daha iyi tammlanabilecegi, elde edilen modele bilinen bozan etkenler
g6z oniine almarak ileri beslemeli kontrol adimlarmin da eklenmesi ile klasik
kontrol edicilerden cok daha iyi bir kontrol saglama imkamn oldugu goriilmigtiir.



CHAPTER 1. INTRODUCTION

1.1. HISTORY OF THE CONTROL STRATEGIES

The control term can be described as the problem of achieving desired
behavioural characteristics from a system by on-line collection of data and the
systematic processing of the data as a decision making tool. The problems of
control occur in almost all branches of engineering, economics, bio-technology
and medical sciences. Closed-loop proportional-integral and derivative control

(PID) have been most popular control strategy in the chemical industry.

Process control and automatic control applications in the chemical and
petro-chemical industries owe much of their current status to early
developments in the field achieved in the military and allied industries. In 1955,
it was first suggested that military computer control systems could be applied to
the control of chemical processes. At that time, the obvious applications were
in data acquisition, alarm systems, management calculations and set-point
control. Digital computer process control was first applied by Texaco to a
refinery process in 1958 (Farrar, 1959). After that, increasing numbers of
computers installed on process plants in the United States of America and in the
United Kingdom, they are documented in some reviews (Williams, 1963 and
Russell, 1967). At that time computer technology was not very advanced and
usage of these bulky control systems was limited. The total cost of the system
was that of the computer and of the conventional equipment. These controllers
were in fact simple special purpose analogue computers executing the standard
three-term control algorithm.



In the last two decades both the computer technology and the control
theory advanced very fast and made it possible to the usage of advanced

computer control applications to many dynamic systems.

These technological developments provide better facilities for the
applications of the classical control techniques and also put forward the
advanced modern control methods to handle complex processes which are

difficult to control .

Early classical feedback control methods have been progressively
supplemented by other advanced predictive and adaptive control strategies since
the landmark papers by Astrom and Wittenmark (1973), Clarke and Gawthrop
(1975), Wittenmark (1975), Kam (1985), Clarke (1986), Morris (1987),
Warwick et. al. (1987), Goodwin et. al. (1988), Masten (1988), etc. Recently
the successful applications of adaptive control techniques received widespread
acceptance among chemical industries (Seborg et. al., 1986; Lambert, 1987)
and in other areas such as mining, metallurgical industries. One of the most
interesting area is the control of bio-medical systems (Linkens, 1984; Linkens
and Hacisalihzade, 1990). The human body can be taken as a chemical plant
producing numerous chemicals and making different reactions at certain
temperature and pressure conditions, heat and mass transfer operations also

take part in these reactions.

Historically, self-tuning control has been concerned with the sub-optimal
control of noisy linear time invariant systems of known order and delay but with
unknown parameters. Afier three decades of the first work of Kalman (1958)
and over a decade since the original designs of Peterka (1970) and Astrém and
Wittenmark (1973), self-tuning or adaptive control is widely referred to as
almost any form of automatic regulator tuning and is finding a better place
among the industrial controllers, Morris et. al. (1977), Wellstead et. al. (1979),



Morris et. al. (1981), Dexter (1983), Wittenmark (1984), Farsi (1986), Peel
(1986), Song et. al. (1986), Tham (1986), Peel et. al. (1987).

Self-tuning controllers can be useful in the areas of ; automatic tuning
of PID regulators (Gawthrop, 1986, Warwick, 1987), control of time-delay
systems with predictor based designs, control of multivariable systems with
interactions and delays (Morris et. al., 1982), design of standalone controllers
for specific high-performance loops, tuning of dynamic feedforward
compensators and tuning of general feedback controllers continuously or on

demand.

Self-tuning and in general adaptive control theory has made an
outstanding mark on the development of control theory and practice since 1959.
The number of publications and conferences on adaptive control strategies and
related subjects such as estimation methods and identification techniques have

been increasing and still keep increasing.

1.2 OBJECTIVE OF THE STUDY

This thesis reports on the results of an investigation of the fine tuning
parameters of self-tuning controller of single-input single-output (SISQO)
systems. The project studies one of the three sections of adaptive controllers;
control algorithm. Although the algorithm used is based on the Generalised
Minimum Variance control law, the implementation considerations are
applicable to other self tuning strategies. This study shows the advantage of
applying adaptive control to chemical process elements and systems by using
predicted feedbacks and provides dead-time compensation as well as the ability

of adaptive control algorithms to tune feedforward load compensation terms.



As Generalised Minimum Variance (GMYV) control algorithm includes a
number of parameters which can be chosen by the user to generate different
control philosophies, different filters used to obtain better results and compared

respectively.

In this work, the important decisions had to be made before
implementations of the GMV control law, such as the model order, the model
type, choice of the sample time, determination of the process delay and the
choice of Q' filter. Some of these parameters set by using experimental results
obtained from the pilot plant and by using Recursive Least Square Parameter
Estimation method to identify to the controlled system. On the other hand,
choosing some vital estimation parameters had been done by both from the

literature and from the simulation experiments on trial basis.

1.3 STRUCTURE AND LAYOUT OF THE THESIS

The first part of this thesis from Chapters 2 to 4 concentrates on the
basic elements of the Self Tuning Regulator and the literature review. The
second part deals with the controller algorithm and its applications on the
controlled system. The structure and the layout of the thesis are as follows:

Chapter 2 provides a brief account of the advances in adaptive

controllers and in particular, Self Tuning Controllers.

Chapter 3 describes the parameter estimation methods and the system
identification techniques. Recursive Least Squares Parameter Estimation
method is described in details and shown how ta be derived. The other form of

estimation variations is also discussed in short.



In Chapter 4, the self-tuning controllers are described and derived,
special cases of the $STC control law are discussed and time delay compensation

is explained.

Chapter 5 shows the experimental implementation of the STC,

experimental conditions and results.

Chapter 6 summarises the results of the project and provides further

suggestions for the direction of future work.



CHAPTER 2. LITERATURE SURVEY

2.1. INTRODUCTION

A brief survey of the developments of adaptive control and its
applications is presented in this chapter. As covering the whole range of
adaptive control schemes is beyond the scope of this thesis, this chapter reviews
the class of stochastic adaptive control schemes known as “Self Tuning

Control’.

2.2. ADAPTIVE PROCESS CONTROL

In spite of the good performance of classical controllers (PID) due to
the requirements for the high performance control systems, even when the
dynamic characteristics of the plants are not known or poorly known and when
they are time varying, a new class of control algorithms called ‘Adaptive

Controllers’ were developed.

It was not a new idea to develop a controller that continuously learns
about the process it is controlling, then controller’s parameters could be
adjusted accordingly to satisfy a specified optimal objective. The origin of such
idea goes back to Kalman (1958) and his studies on a “self-optimising’ control
algorithm. The scheme firstly involved with the on-line determination of the

parameters of a model which is assumed to describe the process.



The latest estimates of the parameters of the process model are then employed

to calculate a control signal based on a control law.

The strategy hence conforms to the conventional design practice of
process modelling followed by controller synthesis. The advantage over
classical off-line design is the ability of the algorithm to automatically adjust the
controller’s parameters to account for slowly time varying process
characteristics, at every sample interval if it is desired. At that time lack of
computational efforts and expensive computer powers made Kalman’s idea to

be frozen about 12 years.

In 1970, Peterka (1970) and, later Astrom and Wittenmark (1973)
succeeded Kalman and revived his idea. Peterka’s algorithm can be considered
to be the first recognisable modern self-tuning control scheme. The self-tuning
regulator of Astrom and Wittenmark differs from the original scheme of
Kalman’s in that controller parameters, rather than process model parameters,

are directly estimated on-line.

In order to design an adaptive controller, an on-line process
identification technique is used to estimate the parameters of a model of the
process and this information is used to obtain an appropriate control law.
Although an effective adaptive control algorithm requires a good parameter
estimation law and a good control law , the parameter estimation forms the
main part of an adaptive controller (Shah, 1986). Figure 2.1 shows the block

diagram of the estimation law.

INPUT ESTIMATION | ESTIMATED

-
OUTPUT .T LAW COEEFICIENTS

Figure 2.1 Block Diagram of the Estimation Law.



According to Tsypkin (1966), the term ‘adaptation’ means ‘‘the
process of changing parameters, structure and possibly the controls of a
system on the basis of information obtained during the control period, so
as to optimise the state of system, when operating conditions are either
incompletely defined initially, or changed”’. This means that a fixed gain
feedback is not considered to be part of an adaptive system (Astrém, 1983).

According to Goodwin and Sin (1984), an adaptive controller is actually
nothing more than a special nonlinear control algorithm which is motivated by

combining on-line parameter estimation with on-line control.

The principal reason for suggesting adaptive schemes in practical
applications is to compensate the large variations in plant parameters over time
(Lee and Narendra, 1988). Typically, the parameters of the plant change
slowly. However, when such changes take place over a long period, the total

variation in the values may be substantial.

There are three schemes for parameter adaptive control strategy; Gain
Scheduling, Model Reference Control (MRC) and Self Tuning Controllers
(STC) (Astrom, 1983 and Landau, 1982). In this thesis only Self Tuning

Controllers will be examined.

2.3. SELF-TUNING REGULATOR (STR)

An ideal regulator should have an adaptive mechanism able to
distinguish between noise, drifts or deterministic changes and at the same time
use moderate control action to prevent overshoot and instability. In order to
make it acceptable by the industry it should suit to a broad class of processes,

consists of simple algorithm and performance requirements and also must be



dependent upon as few as possible parameters, and all these should have simple

initiative base (Hiram and Kershenbaum, 1985).

In 1973, Astrém and Wittenmark proposed the ‘self tuning regulator’
(STR). The purpose of this regulator is to control systems with unknown but
constant parameters. The regulators can also be applied to the systems with
slowly varying parameters. The STR is also known as the Minimum Variance

Self Tuning Regulator (MVSTR).

The analysis has been restricted to single-input single-output (SISO)
systems. It has been assumed that the disturbances could be characterised as
filtered white noise, with zero mean and finite variance. The criterion
considered is the minimisation of the variance of the output. The algorithms
analysed are those obtained on the basis of a separation of identification and
control. To obtain a simple algorithm, the identification is simply achieved by a

least squares parameter estimator.

The self tuning regulator is in essence, the same as Peterka’s (1970)
algorithm. The major contributions of their publication were the results of the
analysis of the closed-loop properties of self-tuning algorithm. These may be
summarised by two theorems. The first one states that if the parameters of the
self -tuning regulator converge, then certain covariances of the output and
certain covariances of the control variable and the output will vanish under

weak assumptions on the system to be controlled.

These assumptions are that the model representing the process is of
sufficient order and that process time-delay is known. This theorem implies that
if the process being controlled is stable, then the self-tuned closed-loop will also
be stable. In the second theorem, it is assumed that the system to be controlled

is a general linear n™ order system. If the parameters estimated converge such
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that the controller polynomials do not have common factors, then the self tuning

regulator will converge to the ‘optimal’ minimum variance regulator.

The control law obtained is in fact the minimum variance control law
that could be computed if the parameters of the system were known. This
theorem implies that if the model is of sufficient order, then even if the
converged estimated parameters are biased, the control signal will still approach
that calculated from knowledge of the true characteristics of the process. It

means that the self tyning regulator has the desired asymptotic properties.

The regulator can be thought of as being composed of three parts;
a parameter estimator that estimates the process parameters, a controller and
a third part, a controller designer which relates the controller parameters to the

process estimator.

Astrom and Wittenmark (1973) has defined the concepts of self-tuning
in their work. That was the beginning of much research interest into the self-
tuning technique. Since then it has drawn much attention to this method of
adaptive control which is still very much in interest. The good transient and
asymptotic properties and computational simplicity of the self-tuning regulators
made the method attractive for industrial applications (Tham, Montague and
Morris, 1987).

Using STR in industrial environments were very encouraging, there
were some points that were not in favour of the STR. Firstly, the demands on
final control elements made by minimum variance control law were too severe.
In order to maintain optimality of control, minimum variance control signals
tend to exhibit large magnitude changes, resulting in excessive wear and tear of
instrumentations. Secondly, the applicability of the minimum variance control

law was also limited to minimum phase processes. Control of non-minimum
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phase (NMP) system could however be affected by scaling the controller

parameters or even and by increasing sampling intervals.

Self-Tuning Regulators are able to control uncertain systems and have
been used in a number of experimental facilities and industrial plants. However,
potential practical problems have prevented the full acceptance of these
controllers in industry; this includes difficulties in choice of parameters, method
of start-up, long-term operation, variable and uncertain time-delays, valve

saturation and sudden changes in the system (Hiram and Kershenbaum, 1985).

2.4. SELF TUNING CONTROLLER (STC)

Clarke and Gawthrop (1975) proposed an extension to the Minimum
Variance Self-Tuning Regulator (MVSTR) of Astrom  and
Wittenmark(1973). This extension was that the excessive control effort was

penalised by introdugtion of a weighting on control signals.

Suitable choice of control weighting is also enabled to control non
minimum phase (NMP) systems. The resulting algorithm was called as the
Generalised Self-Tuning Regulator, and was later named ‘Self-Tuning
Controller’ (STC) by Clarke and Gawthrop (1975).

The STC not only penalises excessive control, but also had included in
its cost function, the set-point (w¢). It could therefore accomplish regulation as
well as set-point tracking of both minimum phase and non minimum phase
systems. Gawthrop (1977) pointed out the similarities between the STC and the
classical Smith Prediction and also between the STC and Model Reference
Adaptive Control (MRAC). Later, Clarke and Gawthrop (1979) put forward a
refined version of their STC algorithm.
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Although the differences between these algorithms by Clarke and
Gawthrop (1975, 1979) were slight, the latter version was more useful to on-
line implementation. The method of (1975) and a subsequent refinement of
structure (1979) is now commonly known as the ‘Generalised Minimum
Variance (GMYV)’ self-tuning strategy.

The STC schemes fall into the class of adaptive scheme known as non-
dual certainty equivalence stochastic adaptive systems. If the cost function only
takes into account the previous measurements and does not assume that further
information will be available, then the resulting controller is called as ‘non-

dual’ controller, otherwise the result would be a ‘dual’ controller.

The certainty equivalence principle assumes that the estimated
parameters are the true parameters. In other words, the control signal is

calculated as if the controller had been designed from known plant parameters.

In adaptive control, there are very few cases where the certainty
equivalence principle is applicable. One exception is when the unknown
parameters are stochastic variables that are independent between different

sampling intervals.

This is the assumption made in the design of self-tuning algorithms. The
cautious controller is made aware that parameter estimates may not be correct

and will therefore take a more ‘cautious’ control action.

Self-tuning control algorithms may be divided into two groups (Astrém,
1983; Gawthrop, 1987); implicit (direct) methods where the estimator directly
produces controller coefficients and explicit (indirect) methods where the
estimator generates system coefficients which then can be used to calculate

controller coefficients. Figure 2.2 shows the block diagram of an implicit
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controller coefficients. Figure 2.2 shows the block diagram of an implicit
(direct) STC while Figure 2.3 shows the block diagram of an explicit (indirect)
STC.

INPUT PROCESS LLLUN 1))

u(t) ¥y

PARAMETER
— 1 ESTIMATOR [Y—

L)

CONTROLLER j¢e——

Figure 2.2 Block Diagram of Implicit (Direct) STC.

Explicit self-tuning controllers are known to have a robustness defect;
if the plant is not adequately excited, then even small disturbances can result in
drifting parameter estimates and instability. However, if the plant is being
persistently excited, then the adaptive system is locally exponentially
convergent and stable (Astrom, 1983). The self-tuning controller will be
described in more detail in Chapter 4.
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Figure 2.3 Block Diagram of Explicit (Indirect) STC.

2.5. SYSTEM IDENTIFICATION

Having a mathematical model of any process which is to be controlled
is an advantage for analysing and designing control systems. Such a model
should describe the system dynamics as completely as possible. There are two
basic approaches to obtain a model of the process (Ogata, 1987). First one is to
obtain a model based on physical laws, the other is to use experimentation.
The experiments must be performed on the system or the process, in order to
obtain lacking knowledge of the system or the process. In general, it might
not be possible to obtain an accurate model by applying physical laws only.

Some of the plant parameters must be determined by experiments.



15

Thus the two approaches need to be combined to get a reasonably good
mathematical model, and not forgetting perfect model gives perfect control.
The process of constructing model and estimating the best values of unknown

parameters from experimental data is called ‘system identification’.

System identification or parameter estimation is one of the two main
parts of the adaptive control scheme. The other is the ‘control law’. There are
two stages involved in the design of adaptive control schemes; firstly, it is
often possible to perform experiments on the system in order to obtain lacking
knowledge. Secondly, based upon the estimates of process parameters,
controller parameters could be adjusted constantly (Astrom and Eykhoff,
1971).

System identification could be categorised into two different groups:

¢ OFF-LINE method of identification.
e ON-LINE method of identification.

The field of identification and process parameter estimation has
developed rapidly during the last two decades and it is still developing. There
are countless number of publications on system identification (see Astrom and
Eykhoff, 1971; Furth, 1973; Galier, 1974; Gertler, 1974; Eykhoff, 1974; Ljung
and Sodestrom, 1975; Landau, 1976; Wittenmark, 1979; Dugard and Landau,
1980; Isermann, 1980; Strejc, 1980; Kumar et. al., 1981; Wong and Bayoumi,
1983; Ljung and Soderstrom, 1983; Farsi et. al., 1984; Dumortier, 1985;
Warwick, 1986; Ljung, 1987; Ljung and Gunnarson, 1990). In spite of the
differences between different methods of identification the underlying
principles are almost the same. The basic method of off-line and on-line

method of identification will be discussed in Chapter 3.



CHAPTER 3. INTRODUCTION TO PARAMETER ESTIMATION

3.1. INTRODUCTION

The first step in designing Self-Tuning Controller scheme is the
determination of the process model. This process model can be in many forms
depending on the system and the usage. It might be linear or non-linear; might
have lumped or distributed parameters; might have time varying parameters
and most important it may be represented in continuous or discrete time.
While the mechanistic model development is fundamental, knowledge
obtained from such an exercise may be discredited due to lack of reliable data.
This 1s especially true for the chemical reaction systems that process behaviour
1s non-stationary and ill-defined. In this circumstances, using a second
modelling approach to obtain dynamic information about the process in the
region of interest by designed experiments is essential. The general philosophy
of obtaining the ‘best’ values of otherwise unknown process parameters by
experiment is known as ‘System Parameter Estimation (or as it is called

System Identification)’.

As this philosophy forms the main part of all self-tuning/adaptive
control schemes, parameter estimation (system identification) is discussed in

this chapter.

The literature devoted to identification is voluminous (see Wong et. al.,
1967, Kailath, 1968; Panuska, 1968; Young, 1970; Astrém and Eykhoft, 1971,
Wieslander et. al., 1971; Eykhoff, 1974; Sinha, 1975; Gustavsson et. al., 1977,
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Moore, 1978; Isermann, 1980; Mayne et. al., 1982; Sin et. al., 1982; Ljung and
Soderstrom, 1983; Lozano, 1983; Farsi et. al., 1984; Isermann, 1985; Warwick,
1986; Ljung, 1987; Norton, 1987, Sripada, 1987; Ljung and Gunnarson, 1990).

The system identification literature contains hundreds of technical
papers on many different approaches to the subject. Therefore, it is very
difficult for the engineers who are not familiar with the adaptive control
theory, to select the appropriate approach to use for any given problem. Thus,
it is a good idea to remember the comment by Astrém and Eykhoff (1971) ;
“A typical example is the discussion whether the accuracy of am
identification should be judged on the basis of derivations in model
parameters or in the time response. However, if the ultimate purpose is to
design control systems, then it seems logicai that the accuracy of an
identification should be judged on the basis of the performance of the

control systems designed from the results of identification’’.

Identification means that a batch of data is collecied from the system
and subsequently as a separate procedure this batch of data is used to construct
a model, such a procedure is called as ‘Off-Line Identification’. In general,
the methods which are used for off-line system identification are based on
information obtained from the system previously. This is usually a set of data
observation of system input-output after statistical tests have been applied to
the system in order to make an estimation of the model order and subsequently

the parameter values of the process.

The purpose of this chapter is to provide an insight into parameter
estimation techniques and emphasis is placed on the mechanism of the
particular algorithm used in this work; Recursive Least Squares (RLS). This

technique is based on the minimisation of some squared error function.
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3.2. LEAST SQUARES PARAMETER ESTIMATION

The history of least squares started with Karl Gauss (Bodewig, 1956).
Amongst the many other estimation schemes, the least squares (LS) method is
one of the most popular and useful techniques for the system identification. It
is based on the principle that the most probable values of the unknown
quantities will be those for which the sums of squares of the differences
between the actually observed and computed values, multiplied by numbers
that measure the degree of precision, is minimised. Consider the following

model,
A =Bz uute 3.1
where ‘y’ and ‘w’ are the sequences of output and input signals respectively;
‘e’ is a disturbance signal and assumed to be a random sequence with zero
mean and variance ¢” and is uncorrelated with ‘y’ and “u’; “t’ is the time index
and ‘K’ is the total time delay or dead time that is an integer multiple of the
sampling time.
Equation (3.1) 1s a special case of the model:
A@")y=BE")uu+CE)&+d (3.2)
with d=0, C=1 and e=§{

Polynomials A(z") and B(z"') are defined as:

AZY=1+az' +az7+ .. +apz™ (3.3 2)

B(z')=by+byz'+ byz?+ ... + by z™ (3.3 b)
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Expansion of equation (3.1) at time t=1 will yield:

YiT21Yo=32Y.1= ... = @A YinA

+bo Uk + b1 Upg + ... + bup Upsnp + €1 (3.4)
where a; (i=1,2,3,...,nA) and b; (j=0,1,2,3,...,nB) are unknown parameters, ‘BA’

and ‘nB’ are degrees of the polynomials ‘A’ and ‘B’ respectively. The total

number of parameters which must be estimated is:

deg(A) + deg(B) + 1
or;

nA+nB+1 (3.5)
Equation (3.4) can be written in following form:

»w= Z(.TLQ & (3.6)
The parameter vector ‘Q ’ is defined as:

QT:(ala Ay, ..., A, b()a bb"' 7an) (37)

and ‘x’ the regressor or data vector is defined as:

T _ .
Xt= ('yt-]a ~¥Yt-2:--->"Yt-nA>

Ut Uekeloeeos ut-k—nB) (38)
Equation (3.6) with t=1 can be written as:

vi=x40+e (3.9)
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Suppose ‘N’ observations of the output and input have been made,

resulting in ‘N” equations such as given by equation (3.9):

y=x0+¢g (3.10)
where:

Y = (V1 Yaprrs¥N) (3.11)

£ = (81, £,.-.8N) (3.12)

X" = (X1, X250 0-XN) (3.13)

The objective is to determine the elements of ‘Q°. From the principle of
Least Squares algorithm, it is known that this result can be obtained by the
minimisation of some error squared function with respect to ‘6. Such a

function will have the general form that is given by:

Jo= 2 W ek =g'We (3.14)

where g, is the residual and it is defined as:
_ T A
& =Yi-X (O (3.15)

Itis noted that; t=1,2,3, ..., Nand ‘A’ denotes the estimated value.

‘W’ is a weighting matrix of appropriate dimensions and three major

forms may be encountered:

(1) If the matrix ‘W’ is chosen equal to the identity matrix, W=L, the
procedure of minimisation of the equation (3.14) is simply called the

procedure of ‘Least Squares (LS)’ parameter estimation.
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(2) If the matrix ‘W’ is a general positive definitive matrix, the method
is called © Weighted Least Squares (WLS) ’ parameter estimation.

(3) If the characieristics of the noise¢ effecting the system is known,
then by choosing ‘W™’ equal to the noise covariance matrix, the minimisation
results in the © Generalised Least Squares (GLS) * parameter estimation.

Proceeding with the minimisation, rewrite equation (3.14) as;

Js = (y-x0)" W (y-x6) (3.16)

Expansion of equation (3.16) yields:

Js=y Wy-y' Wx0-0"x' Wy+0'x" Wx0 (3.17)

Differentiation of equation (3.17) with respect to ‘9’ leads to the well

known result in system identification;
(0J5/00)=-2x' Wy +2x' Wx 0 (3.18)

The vector ‘Owys’ that sets the equation (3.18) to zero is therefore;
AN

Bwis= (X Wx)'x*Wy (3.19)

By setting W=I the Least Squares estimator of ‘9’ is obtained as;
A

Bs=(x x)"x"y (3.20)

Equations (3.19) and (3.20) are known as the ‘normal’ equations of the

respective estimators.
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As was mentioned earlier, the procedures described here are ‘Off-Line’
(Batch) methods. In other words, a set of ‘N’ observations of the system
inputs and outputs are collected and stored before processing. However, in
self-tuning control, or generally speaking in adaptive conirol schemes,
identification may be required to be performed at every sampling interval.
When the model is updated periodically with reference to its past values, this is
called ‘Recursive Least Square Parameter Estimation (RLS)’ or ‘Recursive

Identification’.

There are some other terms used for recursive identification such as
‘On-Line  Identification’; ‘Real-Time Identification’; ‘Adaptive
Algorithm’; ‘Sequential Estimator’ (Wieslander et. al., 1971; Ljung, 1987;
Mansoori, 1987a; Mansoori, 1987b).

There 1s an important reason to use adaptive methods and recursive
identifications in practice as the properties of the system may be time varying
and it is desired that the identification algorithm should track system

variations.

3.3. RECURSIVE PARAMETER ESTIMATIONS

For on-line parameter estimation, the ordinary or batch least squares
algorithmn may be unsuitable. This is a consequence of the large number of
arithmetic operations and calculations involved, that are caused by the matrix
inversion. Therefore, it may be better to make computations in recursive form,
ic. the algorithm is formulated as the results obtained at the previous time step
may be used to compute the estimates at current time, ‘t’. Re-evaluating the
parameters in the model makes the recursive estimation techniques very

desirable.
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Some ‘Recursive’ or ‘On-Line’ identification algorithms described by
Astrém and Eykhoff (1971); Eykhoff (1974); Graupe et. al. (1980); Isermann
(1980); Kurtz et. al. (1980); Ljung (1987); Olcer et. al. (1986); Soderstrom et.
al. (1978); Soderstrom and Ljung (1983), Warwick (1986); Wong et. al

(1983). Most common types of recursive algorithms are as follows;

Recursive Least Squares (RLS), Recursive Generalised Least
Squares (RGLS), Recursive Exiended Least Squares (RELS), Recursive
Maximum Likelihood (RML), Recursive Upper Diagonal (RUD),
Recursive Square Root (RSR); Recursive Instrumenial Variable (RIV),
Recursive Learning Method (RLLM); Recursive Stochastic Approximation
(RSA); Recursive Approximate Least Squares (RALS), Recursive Model
Reference Approach (RMRA); Recursive Kalman Filtering (RKF). Most
of these methods have great similarities and their algorithms have almost the

same structure.

These methods have been used in many experimental work and
discussed in many papers and publications. In this section some recursive

identification methods will be explained and discussed.

3.3.1. Recursive Least Squares (RLS) Parameter Estimation:

RLS algorithm is one of the most popular and well known estimation
methods to be used an on-line identification. Having less computational

requirements and being straightforward to be understood makes this method

very popular.

Rewriting equation (3.20) that gives Least Squares (LS) algorithm;
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A

8=(xx)"(x"y) (3.21)

The vector ( X' y ) and matrix ( X x ) in equation (3.21) contains data

from time (t-N+1) to time (t), which has been collected from ‘N’ observations.

The matrix ( XX ), can be expressed as the sum of two terms;

t-1

("x) = 2 (xx"+(xx" (3.22)
i=t-N
or;
(X" %)= (%" % )1+ (xx") (3.23)

Let S;= ( X x X', Equation (3.23) becomes;

=)+ (xx") (3.24)
or ;
Si={(Su)" + (xx" )} (3.25)

by using the ‘Matrix Inversion Lemma’ ;

"+DA'B)' DA’ (3.26)

A

(A+BCD'=A"A'B

Where A, B, C and D are general matrices with appropriate

dimensions, equation (3.25) can be written as:
S = Su-Sux &T_S_t-l (1+ &Tgt-l §t)'l (3.27)

where;

A= (Su)" ; B=x ; C=1(scalar) and D=x" (3.28)

In equation (3.27), the only scalar inversion required is (1 + gi Sux)’t.
In equation (3.21), apart from the term ( x’ x ),, there is another term, ( x' v ),

, and this can be written as;
(2 y )= (X" Yt + Xyt (3.29)

Substitution of equations (3.27) and (3.29) into equation (3.21) yields;
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VAN
0= {Ser- St Xe X 81 (1 + x"Sex)  HE Yy + xevi} (3.30)

Multiplying equation (3.21) by backshift operator z”! yields;
A
81 = (%% ) et (XY (3.31)

Expansion of the equation (3.30) and recalling that (1 + &T§H &)’1 is a scalar
results in;

6=0+Kig (3.32)
[New Estimate] = [Oid Estimate] + Gain « [Prediction Error of Old Model]
Where the estimation feedback correction gain ‘K, is calculated as;

Ko=8u1 x (14 %S %) (3.33)

The equation error ‘g’ is defined by ;

A
€& = Y-Vt (3.34)
A
where ‘ y, ’ is the estimate of the output signal ‘y,” and is given by;
A A
Y :&T (18 (3.35)

‘K¢ 1s the estimator’s feedback correction gain. For a particular ‘K., if &
1s small, very little change is made in the estimates. However, for a large ‘.

the estimates change significantly.

We can identify the transfer function of any system off-line, all we need
is just to apply known random values of inputs and measure the output values
for a period of time. Then the data obtained can be inserted into the
summations and the equations subsequently solved to give best estimates for

the system parameters for that given number of samples.
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For the real-time applications and adaptive controllers a new estimate
of ‘0’ is required at each sample interval, therefore system transfer function is
tracked at all times. In order to achieve this, updated formulas are required

particularly for ‘0°.

As there are several solutions for the tracking of time varying
parameters, in this thesis forgetting factor is used to forget data of the past, ie
some data will be discounted relatively by the value of the forgetting factor.

In that case Kalman gain ‘K’ can be written in the following way,

Ki = Se1 X (p+ %' St x1)” (3.36)

‘p’ is the forgetting factor (0<p<1). A simple guide to the choice of a
value for forgetting factor is the concept of “Asymptotic Sample Length”

(ASL) or “Memory Time Constant”, which can be defined as,

ASL=1/(1-p) or  p=(ASL-1)/ASL (3.37)

Typical values of ‘p’ are in the range of 0.95 to 0.999, corresponding to ‘ASL’
values of 20 and 1000 sample steps respectively. Lower values of p should

result in faster tracking of time varying parameters.

The implementation of the RLS Algorithm is as follows:

Sample and update the data vector ‘x,’

Calculate the prediction error ‘g;” from equation (3.34)
Calcutlate the gain K,

Calculate ‘new’ estimates from equation (3.32)
Update S

Wait for sample then go to step 1

AN S o
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As mentioned earlier in this section, RLS estimation algorithm does not
require complex and timie consuminig matrix inversion. It also has the ability
to remember what has happened in the past through the input-output
information is confained in the matrix S, which is generally known as the

estimator ‘Covariance’ matrix.

A slight disadvantage of the technique is that unlike the batch (off-line)
least squares approach, certain parameters must be specified prior to
implementation. For example, S, ‘Covariance Matrix’ must be initialised at a
non zero value or estimated parameter values must be equal to the previous

ones; in contrast, estimation will not proceed.

3.3.2. Recursive Generalised Least Squares (RGLS):

The off-line method of generalised least squares identification was
developed by Clarke (1967), while the recursive generalised least squares
method was proposed by Hastings-James and Sage (1969). It consists of two
RLS estimator working together via filtering. First one estimates the

3

coefficients of ‘A’ and ‘B’ polynomials while the second one estimates the

coefficients of ‘C’ polynomial. The derivation of the RGLS algorithm is as
follows:
Recalling the equation (3.1), in the case of RGLS is;

Ayt=B ut_k‘i:Vt (338)

Supposing the coloured noise ‘v, is equal to ‘e/C’, so;
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vi=¢/C (3.39)
and

Cvi=¢, (3.40)
can be written.
Then the equation (3.38) could be rewritten as :

Ay, =Buy +e/C (3.41)
Multiplying equation (3.41) by “C’ yields:

ACy =BCuy +e (3.42)
by defining; th =Cvy; and utF =Cuw (3.43)
the equation (3.42) can be rewrilien as:

Ayl =Buyte (3.44)

The equation (3.44) is in the form that is suitable for LS estimation. The new
data vector X' must be defined by replacing all ‘y’ and “u’ terms by ‘y*> and
‘u” respectively in the data vector ‘x’. The equivalent matrix vector

representation is therefore :

y=x0+e (3.45)

By application of least squares minimisation on the equation (3.45), the

unbiased estimates are then obtained from;



29

0 =(xT xFy kT yF (3.46)
The problem with this method is that ‘C’ is unknown. Clarke (1967) proposed

a method to determine the coefficients of ‘C’. He suggested the use of the least

squares method to obtain a first approximation for ‘6.

0, =(x'x)'x"y (3.47)

then the residual is calculated from ;

(3.48)

(3]
I
‘<
]
I
>

Now replacing ‘v’ by ‘€’ in the equation (3.40), gives the following;

& = -C18.1-Co8p-...-CrcEinc + € (3.49)
Putting sequential sets of equation (3.49), results in;

e=Ec+e (3.50)

[

¢’ is a vector containing the coefficient of (1-C), while ‘E’ is a matrix
containing the calculated values of the residuals. Here again, the least squares

estimation procedures is used to obtain the values of ‘¢’ from;

c=(EE)'E's (3.51)

When ‘¢’ is estimated then the filtered values of ‘y"’can be obtained
A A
from equation (3.43) and so ‘9’ from equation (3.46) and “0,” from equation
A A
(3.47). “0,” 1s then replaced by ‘9’ and the calculations repeated from equation

(3.48). This procedure is stopped when no further improvement is observed in



30

AOA
going from 6, to 0.

As there are always initial uncertainties in estimating the parameters of
the noise filter ‘C’, the convergence rate of the RGLS is slow. If the noise
level is high, it is possible that the RGLS estimator can converge to false
parameter values (Soderstrom et. al., 1978). The main disadvantage of this
method is the high computational load even in its recursive form (Tham,

1985).

3.3.3. Recursive Extended Least Squares (RELS):

This method of identification is an extension to the RIS method and
first it was proposed by Panuska (1969). In this technique the past values of
residuals are included in the regression vector;

X' = (Vo> Yz Yina;

Uik» Uk-15---» Ui knBs

€1, €25 --» €tnC) (3.52)
The system equation remains as |
Ay =Buy+Ce (3.53)
where,
C=1+czl+cz?+ .. +cpz™ (3.54)

Equation (3.53) could be expressed in matrix vector form as;
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A
¥t=§tTQt-1 + & (3.55)

where the data vector is given by equation (3.52) whilst parameter vector is;
QT =(ay, @z, ... , aya; bo, by, ... , byp; €1, Co, ... ,Cac ) (3.56)

Note that both data and parameter vectors have been ‘extended’ to include
noise terms. ‘e’ is an uncorrelated sequence but since it is unknown, it must
therefore be estimated. The approximation of ‘e’ is:

A
C=& = V- X Oy 3.57)

resulting in an ‘a priori’ error algorithm.

If “6, 1s used for the estimation instead of ‘0., in the equation (3.57),

the result would be  a posteriori’ error algorithm (Strejc, 1980).
3.3.4. U-D Factorised Recursive Least Squares (RUD):

The covanance update equation in the method of RLS is numerically
unstable due to computing the difference of two positive semi-definite
matrices. In order to overcome this probiem, a very well known factorisation
method known as Upper-Diagonal (U-D) factorisation was introduced by
Bierman (1976). Using this factorisation for computing the covariance matrix
S, quarantees that S; remains positive definite (Bierman, 1977, Ljung and

Sodestrom, 1983; Thornton and Bierman, 1980).

The U-D factorisation of S; is defined as :
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S=U.DU’ (3.58)
where ‘U’ is upper triangular matrix with all diagonal elements equal to 1, and

‘D’ is a diagonal matrix.

The recursive U-D factorisation method further reduces the significant
round-off error caused by taking square roots. Therefore, it is the most robust
method and also has shown the best performance of those recursive estimation
schemes considered in this chapter. Derivation of the RUD algorithm and

details can be obtained from Thomton and Bierman (1978).

3.4. PROPERTIES OF THE ESTIMATES:

3.4.1. Consistency and Unbiasedness of the Estimator:

Consider the estimate given by the equation (3.20) and assume that the
data has been generated by the process model as shown in equation (3.1) where
{e, i =1, 2, ..}is a sequence of independent randomly distributed variables
with zero mean and finite variance (cz), ie. non-deterministic and

unmeasurable,

As a result of the random effect, to enable the evaluation of the
estimator performance relationships allowing the quality of the estimates to be

assessed are desirable. Two such measures are consistency and bias.

If the following condition is satisfied, then the estimator is said to be
‘consistent’:

A A
HmE {(8:-9)" (8,-0)}=0 (3.59)
ft—> o
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Consistency is an asymptotic property of the estimators. Although it is a
desirable characteristic, it also has a limiting behaviour and holds only for an
unrealisable infinite number of observations. However, it does not give any
indication of whether ‘8’ is close to the unknown ‘@’ for any finite sample size.
A condition which does it, is given below; If,

A
E{0}-8=b=0 (3.60)

is satisfied, then the estimates are said to be ‘unbiased’.

Bias and consistency are closely related. It can be shown that an
estimator must be at least unbiased in the limit for the consistency condition to
be satisfied. While a consistent estimator can be biased in a sampled
population of finite size, an unbiased estimator 1s a sufficient condition for
consistency. Therefore, if the estimator is ‘unbiased’ or ‘unbiased in the

limii’, the estimator is also consistent; viz is not true.

3.4.2. Analysis of the Recursive Identification Convergence:

Accuracy of the estimates and the convergence questions such as how
fast it is or if the estimator is really converging are very difficult to be
answered analytically. Many of the identification methods use the following

algorithm;

AN A
9.= Btk 3.61)

which is a non-linear, time varying stochastic difference equation. Apart from
that, the residual ‘e,’ in the equation (3.61) implicitly depends on all previous

parameter estimates ‘6’, which makes it fairly difficult to carry on analytically
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treatment. The most common way of studying and comparing different
identification techniques is through simulation, which indeed is a natural and
valuable tool. Soderstrom et. al. (1978) suggested that it should be analysed

under the following general assumptions:

1. The system is identifiable in the sense that it can be found in the

considered model structure.

2. The order of the model polynomials coincides with the respective
polynomials in the system description (ie., the order of the model is

equal to the order of the true system).

3.4.3. Limitations of the Least Squares Approach:

In this chapter, the properties of the off-line estimates were discussed.
The concepts of ‘comsistency’ and ‘unbiasedness’ have been used as
measures of the quality of estimates. These are in the main formulated for the
limiting condition that an infinite number of observations will be available.
Since this situation can never be realised, the estimated parameters of
stochastic models can never approach to their true values under practical
conditions. Even though the RLS algorithm is efficient, its disadvantage lies in
the assumption that the noise affecting the process is an uncorrelated sequence
and also uncorrelated with the data vector. This is a weak assumption,
because, in fact non-deterministic disturbances affecting real process are
correlated sequences and also correlated with the data vector and have non

zero mean levels.

The problem of having non-zero mean levels could easily be overcome.

But the problem of correlated data, which is very common in the feedback
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systems has to be resolved. Consider the simple feedback block diagram in
Figure 3.1 where all the variables are scalar. It can be seen that noise ‘e’ is
carried out through the feedback, and hence the process input ‘u” will be
contaminated by ‘e’. Therefore, when identification of the process takes place
by the RLS identification method, using the measurements of ‘u” and ‘y’, due
to ‘u’ not being independent of ‘e’, the resulting estimates will be biased. The
Equation;

A
E {(®}-8=E{xx"'x'(x0+e)}-8 (3.62)

must be written in the form;

N
E {8}-80 =E{(x'x)"xe)} (3.63)

This equation will not be equal to zero, even if ‘e’ has zero mean. So
the estimation performance is biased. Some of the RLS based algorithm (ie.

RGLS, RELS) have been modified in order to overcome this kind of problem.

It must be noted that RLS should be used with caution in identification
and generally in adaptive control, especially when the value of forgetting factor

is less than one (Wong, Bayoumi and Nuyan, 1983).

wo s L] y+

PROCESS

(
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Figure 3.1 A simpie Feedback Loop



CHAPTER 4. SELF-TUNING CONTROL (STC)

4.1. INTRODUCTION

Astrom and Wittenmark (1973) developed an important class of
controller called ‘Self-Tuning Reguiator’ for the control of systems with
constant, but unknown parameters. The regulator is based on a recursive least
squares estimation of the parameters of a feedback control law, followed by
the use of the estimated parameters in the control law itself and is the self-
tuning version of the Minimum Variance Controller. The self-tuning regulator
attempts to minimise the fluctuations of the system’s output when the loop is
randomly disturbed. However, it makes no attempt 10 ensure that the set-point
are followed optimally nor does it try to penalise excessive control action

(Astrom et. al., 1977).

In 1975, Clarke and Gawthrop proposed an extension to the Minimum
Variance Self-Tuning Regulator of Astrom and Wittenmark. The resulting
algorithm was called the ‘Self Tuning Controller (STC)’ which minimises a
cost function that incorporates weighting of inputs, outputs and set points,
whilst retaining the main concepts of the basic algorithm. There are numerous
work on STR and STC (see Wellstead et. al., 1979; Clarke, 1980; Nazer, 1981;
Clary and Franklin, 1985; Tuffs et. al., 1985; Warwick et. al., 1985; Lelic et.
al., 1987a; Lelic et. al,, 1987b; Tham et. al., 1986; Tham et. al., 1988;
Mansoori, 1990).
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4.2, SINGLE-INPUT SINGLE-OUTPUT (SISO) STC

The system considered is a single-input single-output process that is
randomly distributed and which can be described by the following discrete

difference equation:

n n n
2 iy = 2 b+ 2 i+ d @.1)
i=0 i=0 1=0

where;
u, = system manipulative input at time ‘t’, which is measurable.
y: = system controlled output at time ‘t’, which is measurable.
¢, = random sequence disturbing the system, N (0,67)
d = constant that takes into account the case of non-zero steady
state output for a zero steady-state input.
n = order of the systeim.
k = time delay of the system, expressed as an integer mulitiple of

the sampling interval.

The terms in equation (4.1) can be represented as polynomials in the
back-shift operator (z') in the form (z'y, = y,;) and equation (4.1) becomes
as,

Ay =z Bz u+ Oz g +d (4.2)

or simply as;

Ay =z*Buy+CE+d (4.3)
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where :
A=A@E)=1+a,z2" +a,z7+ . +apz™ (4.4a)
B=B(z')=by+b;z' +byz?+ .. +bypz™ (4.4b)
C=C@EHh=1+c,z' +cyz2+ ... +cez™ (4.4c)

It is assumed that the random sequence (noise) filter ‘C’ is strictly
stable, ie. the roots of ‘C’ must lie within the unit circle. Figure (4.1) shows

the block diagram of the system given by the equation (4.3).

ut_i : X L6 VA  f—,

Figure 4.1 Block Diagram Representation of Process.

The aim is to design a controller that minimises a quadratic cost

function of the form;

m n 1
[=E {( 22 Py - 20 twes V2 + (2 Gous ) @.5)
i=0 i=0 i=0

or alternatively, if ‘P’, ‘Q"” and ‘R’ are the polynomials in the back-shift

operator, equation (4.5) could be written as:
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I=E {((Pyu-RwW)+(Qu)*)l:} (4.6)

where :

‘E{.. | ¢}’ is the expectation operator.

‘w,’ is the set-point or desired point of the system output.

‘P’ is the weighting (filter) on output (y.), that is monic (ie. the
leading coefficient of ‘P’ is equal to one).

‘R’ is the weighting (filter) on the set-point ‘w,’.

‘Q’" ’ is the weighting (filter) on the input ‘u,’.

In Clarke and Gawthrop (1975), incorporation of the weighting
polynomials ‘P’ and ‘R’ in ‘T" was for the ‘sake of completeness’. The main

emphasis was on the control input weighting polynomial < Q' °. If Q' is set

to zero, equation (4.6) becomes as;

I=E {(Pywm-Rw ) |} 47
and with P=1, R=1 yields ;

T=E { (ymc-w )" |1} (4.8)
which 1=E { (error )* l +} and 1= Vanance (error)

Minimisation of the equation (4.8) with respect to u, leads to a

‘Minimum Variance (MV)’ control law.
A non-zero (Q') includes the two important cases:

1. Recall equation (4.6) and replacing Q' by A' ;
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L=E{(Pys-Rw )+ (M uw))l} (4.9)

Minimisation of ‘I;” with respect to ‘u,’ yields a control which
penalises both output deviations from setpoint and excessive control effort.
However, if the setpoint ‘w;’ has a non-zero mean, ic. W 0, then unless
A’ = 0, the system output will not be able to track the set-point exactly. In

other words, offset will result.
2. Recall equation (4.6) and replacing Q' by A’ and “u,’ by “u, - u.;’;
L=E{((Pyu-Rw Y +(¥1zHuw)l) (410

Minimising ‘I,” again penalises output deviations from set-point, but
now, instead of penalising absolute control output, changes in control are
penalised. The resulting control quarantees that the mean value of system-
output , * y °, equals the mean value of the set-point ¢ w ’. This is however
achieved at the expense of possible degradation of dynamic performance as a
result of the inclusion of an integrating term (1-z')"! into the controlier. The

control law resulting from the general cost function ‘I’ (eq. 4.6) will now be

derived.

The ‘yu’ term in equation (4.6) represents a future value; as it is
unknown, Jl/0u; is not achievable. However ‘yu’ can be replaced by its
prediction ‘y*u ,, with :

Yk = y*t+k/t + S (4.11)

The relationship between ‘y*’ and process parameters can be obtained by

rewriting equation (4.3) as :
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Vux = B/AAw + ZXC/A &+ J/A (4.12)
Use of the ‘separation identity’;

Z*C/A=2ZE'+ F//A (4.13)
allows the stochastic term in Equation (4.12) to be regarded as a combination
of future sequences and sequences which have occurred up to and including

present time ‘t’, ie.

ZCIAE=2"E £+ F/AE (4.14)

where;

‘Z“ E' &, is the future sequence.

‘F'/A & is the past and present sequence.

(E’ and F') are polynomials in the back-shift operator z'.

deg (E’) = k-1 and the leading coefficient of ‘E’” is unity, ie. eg=1

Substitution of equation (4.14) into equation (4.12) yields;

Yirk = B & = B/A u + F/A &t d/A = y* (4.15)
From equation (4.11) it follows that e,y = E’ €4 . The random disturbance ‘€’
can be eliminated from equation (4.15) by using the system description of
equation (4.3). Equation (4.15) then becomes :

Y¥uin = B/A u + (F/AC) (Ay, - Z*B u, - d) + d/A (4.16)

This could be simplified as;
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Veun = (1/A-F' 2XAC) By, + (F'/C)y, + (I/A-F/ACHd  (4.17)

or,
Y%= E'Bu+Fy+E()d)/C (4.18)
where;
k-1
E' ()= Zei (4.18a)
=0

Defining; G = E'B and &' = E'(1) d, equation (4.18) could be rewritten as;
Y= (Gu+Fy+8)/C 4.19)

Using equations (4.11) and (4.19) in the cost function given by the equation
(4.6) yields;

I=E {( P(Y¥um + ) - R W )P +(Q u)’) ¢} (4.20)

‘I3’ can be minimised with respect to ‘u,’ to obtain the ‘Generalised
Minimum Variance (GMV)’ control law. Using the assumption that ‘eq,’ is
an uncorrelated sequence with zero mean, ie. ;

E {e} =E {ey} =E {eu} =E {ew} =0 4.21)

and

E { (Pe)’ } =o’ + E {Pe}? =c* (4.22)

where ‘6?” is the variance of (Pe). ‘Iy’ thus simplifies to;

L=E{((Py*wun -Rw ) +(Qu) | }+ & (4.23)
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The objective is to minimise ‘I;> with respect to ‘u/’, ie. ;
0L /0w =0 ; oE {...}/ou, =0
Then the new cost function will be ;
T=BA{((®y*uxn -Rw Y +(Q ut)2)|t}+ o’
From the equation (4.19),
Py*un =(Gw+Fy,+8)P/C
Substituting equation (4.25) into equation (4.24) yields;
J=E{(((P F'/C) y, + (PG/C) u, + (P&'/C) - R wy ¥ + (Q" u )* )| } +6°
Minmimisation of the cost function with respect to ‘u,’ yields;
0J/ou =2 (P y*uxn - R Wy) pogo/Co + 2 (Q' u) q'o =0
after simplification, it can be written as;

6]/8ut =P y*t+k/t -R w; + (Coq'o /pog()) Q' W = 0

(4.24)

(4.25)

(4.26)

(4.27)

(4.27a)

Since ¢y=1, py=1 and defining Q=q,Q'/g,, equation (4.27a) can be rewritten as;

Py*t+k/t"RWt+Qut=0

(4.28)

The result is a control law that provides instantaneous optimal control

action, ie. it does not take into account the effect that the present control action
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‘ug will have on future outputs at load times greater than the process time
delay ‘k’. In figure 4.2 the block diagram that represents the control law given
by equation (4.28) and in figure 4.3 the block diagram of a feed-back system

with self -tuning controller can be seen. Figure 4.4 is a simplified form of

figure 4.3.

Wt —y R 1/Q ug

| *
P Y
Figure 4.2 Control Law Representation.
wt + Uy }’t
1 R —{ Y }— 1/Q + PROCESS 5
§-
—CONTROL LAW
Py t-:k!t PG /C

PY'/C }

b} PREDICTOR -

Figure 4.3 A Feed-back System with STC .
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t

&

Figure 4.4 A Simplified Feed-back System with STC .

4.3. SPECIAL CASES OF THE STC CONTROL LAW

Self Tuning Control law can be set up to get different control strategies,
by considering the equation (4.28) a few cases will be discussed in this section.
By setting ‘Q’, ‘P’ and ‘R’ weighting functions to specific values as

mentioned below, results in different type of control actions:

1. If it is assumed that P=1, R=0 and Q=0 then the control law
becomes the ‘Minimum Variance Self Tuning Regulator’ (MVSTR) form.

2. Ifitis assumed that P=1, R=1 and Q=0, then the control law results
in the ‘Minimum Variance Self Tuning Controller’ (MVSTC) form.

3. If it is assumed that P20, R#0 and Q+0 then the control law converts

to a ‘Generalised Minimum Variance Self Tuning Controller’ form.
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These special cases of the Self Tuning Control algorithms mentioned
above, especially ‘Generalised Minimum Variance (GMYV)’ type controller

properties discussed in the chapter 5 as experimental implementation.



CHAPTER 5, EXPERIMENTAL IMPLEMENTATION OF STC

S.1. INTRODUCTION

Application of Self-Tuning Controller to first order processes including
time delay and selecting appropriate tuning parameters for the STC control
law will be explained and discussed here. As there are several algorithms for
self-tuning controllers, a ‘Minimum Variance Control (MVC)’ algorithm and
a ‘Generalised Minimum Variance Control (GMVC)’ algorithm applied to a

SISO process will be considered.

Self-Tuning regulators can be obtained by starting with a known system
and a design method. The control aigorithm can be obtained by introducing a
recursive parameter estimator into the closed loop. The parameter estimator
acts on the process inputs and outputs, and produces estimates of certain
process parameters. Then the true parameter values are replaced by their
estimated values when determining the control law using the design method.
As there are several ways to do parameter estimation and calculation of the

regulator parameters, this leads to different types of regulators.

The regulator described in this work is based on recursive scheme of
estimating the parameters of a prediction model, and it is in implicit (direct)

controller form. Figure 5.1 shows the type of the regulator used in this work.
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INPUT | PROCESS OUTPUT
AQ) B(0)
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PARAMETER
ESTIMATOR

) | Bo

CONTROLLER

-

Figure 5.1 Biock Diagram of STR used in this thesis.

5.2. DETERMINATION OF THE FIRST ORDER SYSTEM
PARAMETERS

The plant which has been chosen for the experimental studies is an
experimental rig in the control laboratory. The system consisted of two tanks,
pump, valves and pipings. Figure 5.2 shows the arrangement of tanks, piping,
pump and valves of the real plant. To maintain simplicity the figure does not
include the control instruments as they were not used during the experiments.
The diameter of tanks were 14.7 cm at the cylindrical end and the valve orifice
sizings for the valve 1, valve 2, valve 3 and the valve 4 were 4.0 mm, 2.5 mm,
4.5 mm and 5.0 mm respectively. It must be noted that only a single tank
(Tank No.1) is used in this study.
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[\ 4 RESERVOIR

LA

Figure 5.2 Tank System used for the Experiments.

The process parameters such as process gain ‘K’ and time-constant “t’
for the tank system shown in figure 5.2 are obtained via series of experiments.
The object of the our control system is to control the level of the liquid in the
tank, and this is achieved by controlling the flow of the liquid into the tank via
a control valve. When a time-delay (t,) is included into the process we can

rewrite process transfer function as;

G, (s)= (K, e'a®)/(xs+1) (5.1)

As the controller output signals must be converted from digital to analog

form, a zero order hold ‘ZOH’ device used to obtain signal reconstruction:
Ho(s)= (1-¢ 5 /s (5.2)

where ‘At’ is the ‘sample time’. Forming new transfer function gives;
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G, () Hp (5)= (K, e4®)(1-e %) /s(xs+1) (5.3)

where , t;= kAt .

To convert this expression to its z-transform equivalent, partial fraction

expansion technique is used, result can be written as;

Y (@2)/X(@)=HyG,(2)=K,(1-y)z ¥/ -yz" (5.4)

where, y=¢ "

In difference equation form, equation (5.4) becomes;

Ya= ¥ ¥a1 T Kp (1 -7) Xnia (5.5)
By recalling ARMA model from equation (3.1), we can get the system

parameters from equation (5.5) for the first order single-tank system, ie. ;

ai=-e™" | bp=K,(1-¢™") and k=t4/At

As the control algorithm based on a least squares estimation and a
generalised minimum variance controller will be simulated, the following

prediction model is used for the estimation;
y(t)=-ay(t-)+byu(t-k-1) (5.6)

The objective function of the Generalised Minimum Variance
Controller contains ‘y ( t + k ) values that is k step ahead into the future at
time ‘t’, the minimisation is not realisable . This problem is overcome by
replacing the unknown vy ('t + k ) with its prediction y*( t + k / t) obtained
from only the current and past data. In order to obtain k-step ahead prediction
y*( t + k / t) values ‘Diophantine Equation (Separation Identity)’ used as it

is mentioned earlier in chapter 4.
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5.3. EXPERIMENTAL WORK FOR THE FIRST ORDER SYSTEM

The object of these experiments were to investigate the Control System
as shown in Figure 5.2, the valve characteristics and the resistance of the valve
were also found. The time constant ‘T’ and the process gain ‘K’ were found
experimentally by using a simple step-up and a step-down techniques in set-
point. Firstly, the characteristics of the control valve that controls the flowrate
into the tank was found; this was done by measuring the time taken for a
certain volume of liquid to pass through the valve. The tank was assumed to
be cylindrical, and so volume was proportional to the height of liquid in the
tank. After each run the tank was emptied, and the procedure repeated for
various values of valve % from fully open to fully closed. This allowed a

calibration curve to be plotted for valve % openings against flowrate (q).

4500
4000 R +/-

3500

3000 ¢ /

2500 1 +

FLOWRATE

2000 T

1500

0 20 40 60 80 100
% VALVE OPENING

Figure 5.3 Valve % Openings vs Flowrate ‘g(cm’/min)’.
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Latter, the tank was allowed to reach equilibrium for various valve
positions, and the height of the liquid in the tank noted. From these resulis a
plot of height versus flowrate could be made, and the resistance of the valve

found.

17 }
16
15 1
14 1
13 ¢
12 +
11 -

HEIGHT, H(cm)

10 -
9
3

7 U 1 T T T
2000 2250 2500 2750 3000 3250 3500

FLOWRATE

Figure 5.4 Tank level vs Flowrate ‘q(cm’/min)’.

Finally, the open-loop response of a single tank was found by allowing
the system firstly to reach equilibrium at a certain valve position. A load
change was then imposed by changing the valve % opening. The change in
height was monitored against time for a step-up and a step-down response, and
these curves compared with mathematical model of first order single tank
system. Table 5.1 below shows the time taken for a certain volume interval to

pass through the control valve.
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Table 5.1 The Relation Between Valve % Openings and Flowrate.

VALVE (%) TIME TAKEN (min) q
(cm*/min)
OPENINGS 1 2 3 AVERAGE
20 0.92 0.95 0.95 0.94 1644
40 0.59 0.63 0.62 0.61 2550
60 0.51 0.50 0.50 0.50 3048
80 0.38 0.38 0.41 0.39 3960
~100 0.36 0.38 0.38 0.37 4134

The equilibrium heights for various valve positions and corresponding

flowrates are given in Table 5.2 .

Table 5.2 Equilibrium Heights for the Vaive Positions and Flowrates.

VALVE POSITION | HEIGHT OF THE | FLOWRATE (cm’/min)
(% OPENINGS) LIQUID (cm)
64.0 17.0 3330
32.2 7.3 2100

The valve positions in Table 5.1, the flowratie values through the valve

is found as given in Table 5.2. Using this data in the mathematical model of

the system, the process gain ‘K,’ and the time constant ‘1> were found as

0.0078 (min/cm?) and 1.217 (min) respectively.

5.3.1. Initial Conditions for the First Order System Simulation Studies :

The conditions for the simulation studies were as follows:

Initial value of the covariance matrix
Initial value of the parameter ‘a;’
Initial value of the parameter by’
Identification method

Forgetting factor value

Single Tank System Gain (K,)

1000.0 I
0.0

0.0

UD factorised RLS
0.98

0.0078 (min/cm?)
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Time Constant of the System (7) 1.217 (min)
System parameter ‘a;’ 0.439
System parameter ‘by’ 0.0043

Type of simulation Closed-Loop
Sampling Period (At) 0.4 (min)

5.3.2. Parameter Variations and Fine Tuning of an STC

The important decisions to be made before implementation of the ‘Generalised

Minimum Variance (GMV)’ control law are as follows;

¢ the model order,

o the model type,

¢ choice of the sample time,

¢ determination of the process delay,

e choice of the Q filter

Earlier chapters we have seen almost all important parts of a Self-
Tuning Controller (GMV) except the choice of the filter ‘Q’. The heart of this
thesis is to implement different types of the filter ‘Q’ and to show their

applications to the real plant.

In chapter 4, by using different weighting functions P,R and Q is shown
to reach different types of controller schemes such as MVSTR, MVSTC and
GMYVSTC. Recalling the equation (4.28), and definition ‘Q’ which is equal to

‘qoQ'/go " ;

P y*t‘l'k/t - R Wt + Q ut = 0 (57)

This equation can be rewritten as;

th 'Py*t+k/t=Qut (58)
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In the case of R=1 and P=1, equation (5.8) becomes;
W - Y = Qu (5.9)
Now, as it can be seen from the equation (5.9) all the controller action
is depended on the definition of the weighting function ‘Q’. Recalling the
equation (4.19) and substituting into equation (5.9) yields;

w -Fy-Gu=Qu (5.10)

By using equation (5.10) and substituting different ‘Q’ implementations

into this equation gives the following results:

1) If Q = A, rewriting the equation (5.10) yields;

w -Fy-Gu =2y (5.11)

then,
u(G+Ai)=w -Fy (5.12)
= w; -F y /(G+2A) (5.13)

For A=0 the controller tries to cancel the plant resulting in an unstable
system if the open-loop system is NMP ‘Non-Minimum Phase’. However, if
open-loop system is stable (ie. roots of the polynomial A are inside the unit
circle) then by tuning an appropriate ‘A’ value can cause the closed-loop poles
to move arbitrarily close to those of the open-loop system. Note that, the large
values of ‘A’ weight the control at the expense of large offsets in the set-point

tracking .
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Figure 5.5, Figure 5.6, Figure 5.7 and Figure 5.8 show the closed loop

behaviours for ‘A=0" and the stability of the estimated parameters respectively.

SET POWT

PROCESS OUTPUT, H{cm)
8

T ¥ T

0 10 20 30 40 S0 60 70 80
TIME {min)

Figure 5.5 Process Output vs Time for weight function ‘A=0°.

CONTROL INPUT

1000

c t ] T T T 1 t
TIME {min)

Figure 5.6 Control Input vs Time for weight function ‘A=0’.



57

ESTIMATED PROCESS PARAMETER A1}
©
il

G 0 T T T T T T €
0 10 20 30 40 50 60 70 80 <0

TIME (min)

Figure 5.7 Parameter A(1) vs Time for weight function ‘A=0°.
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Figure 5.8 Parameter B(0) vs Time for weight function ‘A=0".

Figure 5.9, Figure 5.10, Figure 5.11 and Figure 5.12 show the
controller behaviours in the case of ‘A= 0.025° and the stability of the
estimated parameters respectively. As it can be seen easily from these figures
tuning ‘A’ is a very fine operation and in most cases i.t results with unstable

control action or at least with an off-set.
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Figure 5.9 Process Output vs Time for weight function ‘A=0.025".
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Figure 5.10 Control Input vs Time for weight function ‘A=0.025".
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Figure 5.11 Parameter A(1) vs Time for weight function ‘A=0.025".
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Figure 5.12 Parameter B(0) vs Time for weight function ‘A=0.025".



60

2) IfFQ=AA=A(1-z'), rewriting the equation (5.10) yields;

w -Fy,-Gu=A(1z" )y, (5.14)

then,
w, -Fyo-Gu=A(w-u) (5.15)

and,
W, -Fy-Au, =(G+A)y (5.16)
u=w -Fy+Au,/(G+L) (5.17)

Figure 5.13, Figure 5.14, Figure 5.15, Figure 5.16, Figure 5.17 and
Figure 5.18 show the controller behaviours in the case of ‘Q=AA’ and the

robustness of the estimated parameters respectively.
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Figure 5.13 Process Output vs Time for ‘Q=AA’ and 1=0.25
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Figure 5.17 Parameter A(1) vs Time for weight function ‘Q=ALA’.
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Figure 5.18 Parameter B(0) vs Time for weight function ‘Q=ALA".

3) IfQ=A(1-z")/(1-az'), rewriting the equation (5.10) yields;

w -Fy-Gu=A{(1-z")/(1-az' )}y (5.18)

assigning the left hand side of the equation (5.18) as ‘@, yields,

¢=w -Fy-Gu (5.19)
and,

¢ =A{(1-z")/(l-az' )} u (5.20)

Q=2 (g -u)/(l-az’) (5.21)

o (l-az')=ru-ru, (5.22)

Q- O Qry =AU -A Uy (5.23)
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by recalling equation (5.19) and substituting into the equation (5.23) yields,
w -Fy-Gu-a¢, +tAuy =Aw (5.24)
and,
wy -Fyi-a0n +Auy = (G+HA)y (5.25)

as a result;

5.26
u = (W -F'y, -0 tAu, )/ (G+1) (5-26)

Figure 5.19, Figure 5.20, Figure 5.21 and Figure 5.22 shows the
controller behaviour in the case of ‘Q=A (1" )/ ( 1- a Z* )’ and the
stability of the estimated parameters respectively. A=0.01 and o =0.01

specified as the fine tuning parameters in these figures.
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Figure 5.19 Process Output vs Time for weight function

‘Q= A (1-z')/(1- az'y; 1=0.01 and a=0.01
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Figure 5.22 Parameter B(0) vs Time for weight function

‘Q= A (1-z')/(1-az'), A=0.01 and a=0.01

Figure 5.23, Figure 5.24 and Figure 5.27 and Figure 5.28 shows the
setpoint tracking ability of the controller in the case of Ramp input and Sine
wave input respectively for the Generalised Minimum Variance Controller
employing ‘Q=A (1-z" ) / (1- a z" ). Figure 5.25, Figure 5.26, Figure 5.29
and Figure 5.30 show the stability of the estimated parameters respectively.
A=0.01 and oo =0.01 specified as the fine tuning parameters in these figures.
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5.3.3. Simulation Results and Discussions

The algorithms mentioned in earlier sections, evaluated on the real
plant and the results are presented by the figures in section 5.3.1. These

simulation results can be summarised as follows:

1. The first control scheme (Q=A and A=0), which is reduced to Self Tuning
Minimum Variance Controller (STMVC) by setting the parameter A is equal
zero gave us good results by means of process output and the estimated
parameters but excited control action that can be seen from Fig.5.6 . This
control action cannot be realistic for the complex systems and can cause
wear and tear problem for the final control elements, ie. control valve. As
this algorithm was one of the first steps in Self Tuning technology, it had to

be included in the simulation study as base case.

2. As mentioned above, choosing a large value for A will cause some stability
problems and at least it will resuit in off-set from optimistic point of view.
It easily can be seen that the estimated parameters are not very stable and in
long run of the process estimator can burst (blowing-up) and become

unreliable. There are overshoots as well as excited control action.

3. Assigning Q as AL (ie. A(1-z")) results in better control action in control
input and yields better estimates of parameters. There is not any overshoot
on the process output and responses almost perfect but with slight delay.
Using same A value (0.025) in this technique gave us far better control than
the previous one as it removes off-sets which would have occurred due to a
scalar A . The integrating term ( 1-z' ) impairs loop stability and

deteriorates the transient response.
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4. The third and last procedure is the one that Q has the form of a discrete
inverse PI regulator. In this case, the control signal can be interpreted as
being calculated according to a conventional control law acting on a k-step
ahead prediction of the process output. The disadvantage of this scheme is

that the coefficients of Q (A and a) must be supplied a-priori.

5. Effectiveness of the GMV controller by using the last and the best
procedure can be seen from Figure 5.23, Figure 5.24 , Figure 5.25 and
Figure 5.26 showing the implementation of the Ramp input and Sine wave

input in order to push the controller to work in servo mode.

5.4. ON-LINE IMPLEMENTATION OF STC ON HIGHER ORDER
SYSTEMS

5.4.1. On-line STC Experiments on the Second Order Heater System

In this part of study, basically a second order heater system consisting a
heater, a controller and a final control element shown in Figure 5.31 is used.
The heater has a nominal heating power of 2.5 (kw) and the temperature is
measured by J-type thermocouples in the flow circuit; the one in the water
leaving the end of the heater is used for the following experiments. The
controller is based on a computer control system with 8 channel input and 3
channel output and the details of the 8 bits controller card used for the data
acquisition are given in Figure 5.32. The final control element used in this
study comes in two types; a triac module and a time-proportional contactor.
Both of these elements have the capacity of 35 (A) driving powers for the

heater and are used to show the difference between their precision.
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In the first group of experiments, a time-proportional actuator was used. Figure
5.33, Figure 5.34 and Figure 5.35 show the controller behaviours in the case of
‘A=0.8’ and the stability of the estimated parameters respectively. The water
inlet has a value of 8 (//min) and the heater has the maximum power of 4.5
(kw) for this set of experiments resulting in great offset.
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Figure 3.33 Process Output and Control Input vs Time for Weight
Function‘A=0.8".
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Figure 5.35 Estimated Process Parameter B(0) vs Time for Weight
Function‘A=0.8".

Figure 5.36, Figure 5.37 and Figure 5.38 show the controller behaviours in the
case of ‘A=0.05’ and the stability of the estimated parameters respectively.

With this A value, resulting control action resembled on-off behaviour.
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Figure 5.39, Figure 5.40 and Figure 5.41 show the controlier behaviours in the
case of ‘A=0.2’ and the stability of the estimated parameters respectively. This

adjustment resulted in lesser offset.
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Figure 5.39 Process Qutput and Control Input vs Time for Weight
Function‘A=0.2’.
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Figure 5.42, Figure 5.43 and Figure 5.44 show the controller behaviours in the
case of ‘Q=AA’ (where A=1) and the stability of the estimated parameters
respectively. The water inlet has a value of 8 (Vmin) and the heater has the
maximum power of 4.5 (kw) for this set of experiments. Regulatory behaviours
of the system were studied by using step-down and step-up responses beginning
at the period of time and for t;4owa=300 (S), t.5p=785 (s) respectively. Firstly,
the flowrate of the water was dropped to the value of 7 (Vmin) for the
examining step-down response of the system and latter raised to the original
value of 8 (/min) to get the step-up response. After introducing step-down
input an oscillatory but damping-by-time control action was observed, and step-
up response of the controller was lesser oscillatory and quick damping.
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Figure 5.42 Process Output and Control Input vs Time for ‘Q=AA\’ and
‘A=1’ (For Regulatory Response).
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Figure 5.45, Figure 5.46 and Figure 5.47 show the controller behaviours in the
case of ‘Q=AA’ (where A=1) and the stability of the estimated parameters
respectively. The Servo responses of the system were also examined by
employing sct values of T,=100 °C, T,=80 °C and T3=100 °C for the periods
of time t;=0 (s), =300 (s) and t;=600 (s) respectively. As in the preceeding

cases, an oscillatory behaviour was observed.
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Figure 5.45 Process Output and Control Input vs Time for ‘Q=AA’ and
‘A=1’(For Servo Response).
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Figure 5.48, Figure 5.49 and Figure 5.50 show the controller behaviours in the
case of ‘Q=(1-z")A/(1-az)’ (where A=0.5 and «=0.5) and the stability of the
estimated parameters respectively. The water inlet has a value of 8 (Vmin) and
the heater has the maximum power of 4.5 (kw) for this set of experiments.
Regulatory behaviours of the system were studied by using step-down and step-
up responses beginning at the period of time and for t; aowa=455 (8), t:.5;=700 (s)
respectively. Firstly, the flowrate of the water was dropped to the value of

7 (Umin) for the examining step-down response of the system and latter raised
to the original value of 8 (V/min) to get the step-up response. This new
controller performed apparently better action causing no excessive changes in

the manipulated variable.
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Figure 5.48 Process Output and Control Input vs Time for
‘Q=(1-z")M/(1-az™"y’, (A=0.5 and a=0.5) (For Regulatory Response).



84

0.4+

0.2

o

v

ESTIMATED PROCESS PARAMETER A(1)

'0.2 ] v ¥ ¥ T i T ] Ll
0 100 200 300 400 500 600 700 800 €00 1000
TIME (s}

Figure 5.49 Estimated Process Parameter A(1) vs Time for
‘Q=(1-z)M/(1-azy’, (A=0.5 and a=0.5) (For Regulatory Response).

0.9
0.8
0.7
0.6

0.5 \

o\
0.3 \
0.2

ESTIMATED FROCESS PARAMETER B(0)

—

G 1 1 1 1 H 1 T

0 100 200 300 400 500 600 700 800 900 1000
TIME (s)

Figure 5.50 Estimated Process Parameter B(0) vs Time for
‘«Q=(1-z)A/(1-az)’, (A=0.5 and a=0.5) (For Regulatory Response).



85

Figure 5.51, Figure 5.52 and Figure 5.53 show the controller behaviours in the
case of ‘Q=(1-z")A/(1-az™)’ (where A=0.5 and a=0.5) and the stability of the
estimated parameters respectively. The Servo responses of the system were also
examined by employing set values of T;=100 °C, T,=80 °C and T5=100 °C for
the periods of time t;=0 (s), ;=300 (s) and ;=600 (s) respectively. Because of
the pulsative operation nature of actuator used, a noisy process output was
obtained. In the following experiments, a triac module was used as the actuator
to improve this situation.
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Figure 5.51 Process Output and Control Input vs Time for
‘Q=(1-z")\M/(1-0z"y’, (A=0.5 and a=0.5) (For Servo Response).
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Figure 5.54 shows the controller behaviour in the case of ‘PID’ controller used
for the Regulation. Parameters of the PID controller were found by using
Cohen-Coon method, and adjusted finely as K¢=3, t1=10(s) and tp=2(s) by
setting up several experiments. The water inlet has a value of 8 (/min) and the
heater has the maximum power of 4.5 (kw) for this set of experiments.
Regulatory behaviours of the system were studied by using step-down and step-
up responses beginning at the period of time and for t4owa=300 (8), t5.,,=600 (5)
respectively. Firstly, the flowrate of the water was dropped to the value of

7 (Vmin) for the examining step-down response of the system and latter raised
to the original value of 8 (I/min) to get the step-up response.
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Figure 5.54 Process Output and Control Input vs Time for
‘PID’, (For Regulatory Response).
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Figure 5.55, Figure 5.56 and Figure 5.57 show the Triac Module fitted GMV
controller behaviours in the case of ‘Q=(1-z)A/(1-az”)’ (where A=0.7 and
o=0.7) and the stability of the estimated parameters respectively.

The Servo responses of the system were also examined by employing set
values of T;=100 °C, T,=80 °C and T5=100 °C for the periods of time ;=0 (s),
t,=400 (s) and ;=800 (s) respectively.
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Figure 5.55 Process Qutput and Control Input vs Time for
‘Q=(1-zY)A/(1-az™)’, (A=0.7 and a=0.7) (For Servo Response).
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Figure 5.58, Figure 5.59 and Figure 5.60 show the Triac Module fitted GMV
controller behaviours in the case of ‘Q=(1-z")A/(1-az™)’ (where A=0.7 and
a=0.7) and the stability of the estimated parameters respectively.

In this set of experiments water inlet has-an initial value of 8.8 (I/min)
and the heater has the maximum power of 4.5 (kw). Regulatory behaviour of
the system was studied by using step-down response beginning at the period of
time t..a0w=630 (8). The flowrate of water was dropped to the value of
7 (Vmin) to introduce a big disturbance.
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Figure 5.58 Process Output and Control Input vs Time for
‘Q=(1-z)M/(1-az?)’, (A=0.7 and a=0.7) (For Step-Down Response).



91

1

0.9
0.8
0.7
0.6
0.5
0.4
0.3

0.2+

ESTIMATED PROCESS PABRAMETER A(1)

0.1+

G 1 T T L] 1 T ¥ 1 T

0O 100 200 300 400 500 600 700 800 900 1000
TIME (s)

Figure 5.59 Estimaied Process Parameter A(1) vs Time for

‘«Q=(1-z")A/(1-azy, (A=0.7 and a=0.7) (For Step-Down Response).

0.2

ESTIMATED PROCESS PARAMETER B(0)
=)
i

0 [ t T 1 T i ~— T ¢ T
0 100 200 300 400 500 600 700 800 900 1000
TIME (s}
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Figure 5.61, Figure 5.62 and Figure 5.63 show the Triac Module fitted
controller behaviours in the case of ‘Q=(1-z")A/(1-az?)’ (where 2=0.7 and
a=0.7) and the stability of the estimated parameters respectively. Water inlet
has an initial value of 7 (min) and the heater has the maximum power of 4.5
(kw) for this set of experiments. Regulatory behaviour of the system was
studied by using step-up response beginning at the period of time t..,;=400 (s).

The flowrate of water was raised to the value of 8.8 (/min) .
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Figure 5.61 Process Output and Control Input vs Time for
‘Q=(1-z")A/(1-az)’, (A=0.7 and a=0.7) (For Step-Up Response).
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5.4.2 On-line STC Experiments on the Reacting Distillation Column

Reacting distillation is a new and attractive alternative way to produce light
esters because it provides ease of production and purification progress in one
step. As esterification is an equilibrium process, it is necessary to take out one
of its products either water or ester. In the case of producing fusel alcohol
acetates, it is convenient to draw out reaction water and water coming from
feedstock as the top product along with light esters that is ethyl acetate and
propyl acetate. In this case, the top product will be separated into two phases
and lower water phase can easily be discarded. Normally, the bottom product

consists of heavy esters namely i-butyl and i-amyl acetates.
In the experiments realised a heavy alcohols fraction obtained by

preprocessing of fusel oil with the composition given in Table 5.3 and glacial

acetic acid were used as feed stocks.

Table 5.3 Composition of Stock Alcohol Mixture

COMPONENT % AMOUNT
Water 16
Ethyl Alcohol 17.12
n-Propyl Alcohol 1.86
i-Butyl Alcohol 4.04
i~Amyl Alcohol 60.99
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5.4.3 Experimental Rig

The distillation column reactor used in this part of studies is a packed
type distillation column having four glass packing compartments. Each
packing is 40 cm long and 8 cm in diameter and full of Rasching rings of
5 mm in diameter. The reboiler of the column is a 20 liter glass flask equipped
with a 2.5 kW heat mantle. At the top a total condenser was fitted after a U
turn in order to faciliate both refluxing and water removing. The total length
of the apparatus reaches 5.7 meters including alcohol and acid storages. Figure

5.64 gives the illustration of the system used in the experiments.
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5.4.4 Application of Modified PID Controller

The standart form of PID controller was found not applicable to the system.
This is because, the controlled parameter, temperature of the gas phase leaving
reboiler is ten times sensitive than liquid phase temperature to the variations in
the heat input and responses to the step-up and step-down at the heat input are
quite different. This can be easily seen from Figure 5.65 , Tanriverdi (1996).

Temperature (°C)
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Figure 5.65 Step-up and Step-down Responses of the System

As it can be seen from the Figure 5.65, step-up and step-down responses
are quite different, this is why a dual slope PID controller was used. This
controller was obtained by introducing an error polarity detector at the input.
The controller parameters were set as Kpi=7.5, Ku=0.025, Kp=10 and K,.
=4.6, K1=0.05, Kjp.=5 by using an approximation idea closely similar to that of
Cohen-Coon method, Tanriverdi (1996). This controller put in the progress
with %30 controller output when the reboiler temperature reached 135 °C.
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Figure 5.66 Dual Slope PID Controller, Tanriverdi (1996).
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In the application, this controller caught the set-point after both start up
and after doubling the feed rates without oscillation, but it could not prevent the
head temperature to drop below the critical value of 79 °C though driving its
output near saturation point. This event can be seen in Figure 5.67 and Figure
5.68 properly.

Vapour Phase

0 - Liquid Phase

o -1 L] L 30 w0 A 140 10 180 g

Time {mia}

Figure 5.67 Results Obtained from the Modified PID Controller,
Tanriverdi (1996).
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Figure 5.68 Process Output vs Control Input of the Modified PID
Controller, Tanriverdi (1996).

5.4.5 Application of STC

Figure 5.69, Figure 5.70, Figure 5.71 and Figure 5.72 show the
controller behaviours in the case of ‘Q=(1-z)A/(1-0z"y (where A=0.7 and
=0.7) and the stability of the estimated parameters respectively. The alcohol
feed has a value of 1.17 (Vh), the acid feed has a value of 0.66 (I/h) and the
heater has the maximum power of 2.5 (kw) for this set of experiments.
Regulatory behaviour of the system was studied by using step-up response
beginning at time t;5,=6600 (s), the flowrates of feeds were doubled to their
values of 2.34 (V/h) and 1.32 (Vh) for the examining step-up response of the
system. The setpoint for the vapour phase was 135 (°C).
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5.4.6 Experimental Results and Discussions

From the control point of view, modified PID controller caused excessive
control action to keep vapour phase temperature at the given setpoint but this
affected the column regime and the head temperature of the distillation column
reactor went down to 79°C that is critical value for the esterification process.
Below or around at this critical temperature value water stop coming out from

the top of the column resulting spoilage in the process regime.

Employing GMV Self Tuning Controller provides better performance
and control action than the Modified PID by introducing more smooth control
input therefore causing no spoilage in the column regime. The key point here
is to remove the effect of disturbances without excessive changes in the control
input. This is absolutely necessary to protect the sensitive column regime in

order to get desired top and bottom product compositions.

Examining the experimental results we get a point that GMVSTC is
quite succesful in estimation of the process parameters (Figure 5.73 and Figure
5.74). Doubling the feed streams is very strong disturbance even on a simple
distillation process. When considering there is also a chemical reaction in the
distillation column it might easily be seen that this would cause much more

strong disturbing effect.

From the given figures above, it is clear that having good estimation of
the process parameters can remove the effects of such a big disturbance by
smart changes in the control input carefully avoiding excessive changes. The
succes of the controller can also be proved by that top product reached almost
94% of Ethyl Acetate purific which is above the typical value of the
commercial technical grade Ethyl Acetate.



CHAPTER 6. CONCLUSIONS

6.1. GENERAL DISCUSSIONS AND CONCLUSIONS

Self -Tuning Controllers fall into the class known as stochastic adaptive
systems. The design of this class of adaptive controllers is based on processes
whose parameters have been described by stochastic models. Controller
design is based on the assumption that the unknown process can be described
by a stochastic model, generally an input-output or transfer function model.
The estimator attempts to find the coefficients of this model based on past
values of input and output data. These coefficients provide the information
that is required to calculate the parameters of the controller. Finally the
controller determines the input signal to the process usually after the
minimisation of a cost function. Self-Tuning control has a very large interest
through the years. Although self-tuning techniques have not been successful at
the beginning in the 1970’s, self-tuning control schemes always had heavy
demand by researchers. With the advantage of micro-computer developments
it always had strong driving force behind it. Self-tuning controllers have
gained popularity because, they could be used with a little a-priori knowledge
about the process. Learning about the process dynamics on-line, they could
solve many practical problems in industry. Even though there are some
differences between academic and industrial practices over self-tuning control
schemes, many people from industries shown great interest on such a
controller. The appearance of commercial self-tuning controllers is a success

and a very good indication of acceptance by the world.



104

Parameter estimation (system identification) is one of the main part of
any adaptive control scheme. The second one is the ‘Control Law’ strategy.
Designing any self-tuning controller begins with the determination of the

model.

There is one important golden rule in adaptive control schemes that
‘perfect model gives perfect controller’. Therefore, it is necessary to have a
mathematical model of any processes to be controlled. This model should
describe the system dynamics as much complete as possible. There are two
types of approaches to obtain a model of a process. One is to obtain model by
physical laws, the other one is to use experimentation. Combining these two
approaches makes it better and gives more reliable models. The process of
constructing a model and estimating the best values of unknown parameters
from experimental data is called ‘system identification’. Identification can be
done by two methods; on-line or off-line (batch). The RLS estimator is a well
known and a very popular method of on-line identification. It not only has the
advantage of low computational requirements, it is also a simple algorithm
that can be applied straightforward and understood. The disadvantage of the
RLS estimator is that whenever there are changes in the process dynamics,
parameter tracking capability is silow and poor. To overcome this problem,
least squares based algorithms can be modified to have more or better
weighting functions. This can be done by weighting forgetting factor or

introducing some resetting techniques to the estimator.

Understanding the control scheme and using different type of weighting
functions (ie filters) as they can be changed from process to process is essential
to employ fine tuning parameters of the STC which is trying to be developed to
control systems with a little knowledge. By using experimental techniques we
can get much knowledge about the system and when we know the system
dynamics properly it could be easier for us to employ a trouble-free STC with

low maintenance.
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In this study, many simulation and experimental studies are done and
some hints about the self-tuning controllers are revealed. This thesis just
described the necessary and more important methods for the self-tuning
control schemes and there are still many efforts to improve this class of

controllers if they can be accepted as promising signals for their future.

6.2. SUGGESTIONS FOR FUTURE WORK

A self-tuning controller, as generally reminding better control with less
effort thoughts, must be employed by using only a few parameters and its
performance must be as independent as possible from a-priori knowledge
without losing its reliability and robustness. And much important it must have
an economical value to be widespreaded in all type of industries to be used by

non-expert personnel.

The identified models are usually assumed to be linear in the
parameters. It would be an advantage if a recursive identification method for

estimating the parameters of non-linear models could also be developed.

Any unknown disturbances entering system always makes a ‘bang’
effect on the process parameters resulting biased parameters as long as the
disturbance continues. Therefore, a class of compensation methods can be
searched and some type of feedforward compensation algorithms can be
developed. Including the necessary control weighting term in the cost
function will overcome the effects of expected or unexpected disturbances and

will make the controlled system more flexible and robust .
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