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TUNING METHODS FOR FUZZY IMC PID CONTROLLER:
MULTI-REGION SELF TUNING AND PREDICTIVE PEAK OBSERVER

SUMMARY

In this study, two different methods for fuzzy IMC PID controller are proposed:
multi-region self tuning method and model based predictive peak observer method.
Performance of a new concept that couples Fuzzy IMC PID controller with
Predictive Peak Observer method will be investigated. Fuzzy IMC PID controller
with some self tuning strategies will be analyzed and these will be compared with
Predictive Peak Observer method.

Firstly, a number of process models were examined in order to investigate their
representation for the concerning reboiler process reaction curve. Models were
generated by using the collected graphical data in specific equations that differ for
each kind of model structure. According to comparative results given in related
section, 3 term second order plus dead time process model was chosen the best
option to define the reboiler reaction curve.

According to the model of reboiler process transfer function, classical and fuzzy IMC
PID controllers were designed and applied to another processes. Reboiler process
transfer function and controller design calculations made for this process and were
demonstrated as primary model example. According to the results of the primary
process model and a few different processes with varying transfer functions, Fuzzy
IMC PID controller has advantages over classical controllers but for highly delay
dominant systems, it has certain drawbacks.

In the analysis of design parameters of fuzzy IMC PID controller section, it is
concluded that smaller a and larger B section makes the system response faster but
causes some overshoot while larger a and smaller B provides more sluggish response
but smaller settling time with much less overshoot. In order to achieve the best
possible result, a serious of trials all of that concerns to different a-f3 combinations
were conducted for the process under investigation. The transient part of o=1 and
f=21.72 system and steady state performance of a=10 or 5 and Bf=21.72 system is
planned to be combined to make system response rise fast and settle well. As it is
seen 3 should be constant at 21.72 but a should be selected a value between 1 and 10.
It can be concluded as a value gets bigger gradually, rise time increases, so response
slows down too early but overshoot decreases.

In Double Step Adjustment of Alpha section, because of the system response needs
to be kept fast until a specified ratio of ultimate response is achieved, EIR (Error
Input Ratio) is defined and a is kept minimum until the specified ratio, after the
specified ratio a begins to increase gradually. This allows system response stay fast
as long as possible and begin to slow down when it is about to reach the set point.
Double step self tuning fuzzy IMC PID controller gives better results compared to its
non-self tuning type but these results cannot be generalized for all kinds of processes.

Xvii



Therefore, the step response of the process controlled by non-self-tuning controller is
examined and first overshoot peak value is observed. By dividing this value with
input value, a new ratio parameter is defined as OSR. The results of processes with
this overshoot-input ratio based self tuning fuzzy IMC PID controllers are quite well
when they are compared to ones with non-self tuning fuzzy IMC PID controllers. But
It is seen that as R ratio increases, settling time increases and for the processes with
controllability ratio greater than 0.33, oscillations starts to increase.

Multi-region self tuning fuzzy IMC PID controllers are proposed for the processes
with high controllability ratio. Self tuning rule base table was obtained by
partitioning the controllability ratio R in to three portions which means 0.33 for each
in partitioning of 0-1 range. After that, rules in each three sections were replaced
with fuzzy “if — then” rules in order to soften the transient zone behaviors along rule
boundaries and also along partitioned portion boundaries. The final results showed
that proposed multi region self tuning rules improved step response performance of
Fuzzy IMC PID controller by providing it with the proper self tuning strategies for
each kind of process behavior.

Another proposed strategy is model based peak observer method for Fuzzy IMC PID
controllers. In this method, it is treated before the system reaches its peak point based
on its process model. The adjustments of PID controller parameters are found by trial
and error method. According to the results of the primary process and the other kinds
of processes a comparison was made based on the performance indexes such ITAE
and ITSE, rise time, settling time, overshoot and steady state error. It can be easily
said that the proposed peak observer method improved the response performance of
fuzzy IMC PID controller.
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BULANIK IMC PID KONTROLOR iCIN AYAR YONTEMLERI:
COK BOLGELI OZ AYAR YONTEMIi VE ONGORULU TEPE
GOZLEMLEYICISi

OZET

Bu c¢alismada, bulantk IMC PID kontrol ediciler igin iki farkh
ayar yontemi Onerilmektedir: ¢ok bolgeli 6z ayar yontemi ve model ongdriili tepe
gozlemleyicisi yontemi. Bulanik IMC PID kontrol edici ile tepe gozlemleyicisi
yontemlerinin performanslari incelendi. Bulanik IMC PID kontrol edici igin 6nerilen
bazi 6z ayarlama yontemleri analiz edildi ve bunlar model Ongoriili tepe
gbzlemleyicisi yontemi ile karsilagtirildi.

Oncelikle, ilgili reboiler proses reaksiyon egrisini tamimlamak icin birgok model
incelenmistir. Modeller, prosesin grafik datalar1 farkli model yapilar1 i¢in degisen
denklemlerde kullanilarak olusturulmustur. Ilgili béliimde verilen karsilastirma
sonuglarina gore, 3 parametreli ikinci dereceden 6lii sistemli proses modeli reboyler
reaksiyon egrisinin tanimlamak i¢in en 1yi model secilmistir.

Reboyler proses transfer fonksiyonunun modeline gore, klasik ve bulanik IMC PID
kontrol ediciler tasarlandi ve baska prosesler i¢in uygulandi. Reboyler transfer
fonksiyonu ve kontrol edicinin tasarim hesaplamalar1 bu prosese gore yapildi ve bu
ana model Ornegi olarak gosterildi. Ana proses modelinin ve farkli transfer
fonksiyonlarma sahip proseslerin sonuglarma gore, bulanik IMC PID kontroloriin
klasik kontrol edicilere gore avantajlari var ama yiiksek zaman gecikmeli sistemler
i¢in, belirgin dezavantajlar1 vardir.

Bulanik IMC PID kontrol edicinin dizayn parametrelerinin analizi kisminda, biiyiik o
ve kii¢iik f’nin daha yavas cevap verip, daha az asimla ve daha az yerlesme
zamaniyla oturdugu gozlenirken, kiicik o ve biiyilk pB’nin sistem cevabim
hizlandirdig1 ama asima sebep oldugu gézlemlenmistir. Miimkiin olan en iyi sonucu
bulmak i¢in, incelenen proseste farkli a-f kombinasyon denemeleri yapilmistir. o=1
ve B=21.72 olan sistemin yiikselme boliimiiyle, a=10 veya 5 ve B=21.72 olan
sistemin yatiskin boliimiiniin, sistemin daha hizli yiikselip, daha iyi yerlesmesi igin
birlestirilmesi planlanmistir. Goriildiigii lizere B degerinin 21.72°de sabit kalmasi
fakat o’'nin 1 ile 10 arasinda secilmesi gerekmektedir. Buradan, o degerinin
yiikseldikg¢e, ylikselme zamaninin arttig1 bu yiizden cevabin daha ge¢ oturdugu ama
asimin azaldig1 gozlemlenmistir.

Alfanin ¢ift adim ayarlama yonteminde, sistem cevabinin belirli bir oranda en ytiksek
cevaba ulasincaya kadar hizli tutulmas: gerektigi i¢in, EIR (Hata Giris Orani)
tanimlanmistir ve alfa belirli bir orana kadar sabit tutulmustur. Tanimlanan orandan
sonra, alfa zamanla artmaya baglar. Bu sistem cevabinin miimkiin olabildigince hizli
kalmasini saglar ve alfa referans degere yakinlastikca yavaslamaya baslar. Cift adim
0z ayarlama yontemli bulantk IMC PID kontrol ediciler 6z ayarlamasi olmayan
sistemlerle karsilastirildiginda daha i1yi sonuglar verir fakat bu sonuglar her tip proses
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icin genellenemez. Bu yilizden, 6z ayarlamasiz sistemde prosesin basamak yaniti
incelenir ve ilk asim yaptig1 nokta gézlemlenir. Bu deger referans degere boliinerek
OSR orami tanimlanir. Bu asim-referans oranina dayali 6z ayarlamali bulanik IMC
PID kontrol edicilerin sonuglari oldukg¢a iyi bulunmustur. Ama kontrol edilebilirlik
oranmnin (R=L/(L+T)) arttik¢a yerlesme zamaninin azaldig1 ve kontrol edilebilirlik
oraninin  0.33’ten  kiiglik olan sistemlerde, salimimlarin artmaya basladig
gozlemlenmistir.

Cok bolgeli 6z ayar yontemli bulanik IMC PID tip kontrol ediciler yiiksek kontrol
edilebilirlik oran1 olan prosesler igin tasarlanmistir. Oz ayar ydntemi kural tablosu
kontrol edilebilirlik oran1 R’nin 0-1 arasinda her biri 0.33€ denk gelen 3 esit pargaya
boliinmesiyle elde edilmistir. Daha sonra bu ti¢ boliimdeki kurallar bulanik “eger-
Oyleyse” kurallariyla yer degistirilmistir boylece yiikselme bolgesinin davranisi kural
sinirlar1 boyunca yavaglatiliyor. En son sonuglar oOnerilen c¢ok bolgeli 6z ayar
yontemli kurallarin, bulanik IMC PID kontrol edicinin basamak yanitini her proses
tipi i¢in diizglin 6z ayarlama stratejileri saglayarak gelistirdigini gostermistir.

Diger onerilen 6z ayarlama yontemi bulanik IMC PID kontrol ediciler i¢in model
ongoriilii tepe gozlemleyicisi yontemidir. Bu metotta, sisteme proses modelin tepe
noktasina ulagmadan miidahale ediliyor. Proses modelinin cevabi ve bir Onceki
adimdaki cevab1 karsilastirilarak referans degerden kiiciik olmasi durumunda
hesaplanan yeni deger bulanik IMC PID kontrol edicinin parametrelerine geliyor ve
burada deneme-yanilma yontemi ile bulunan parametrelerle g¢arpilarak kontrol
ediciye veriliyor. Verilen basamak degisme gore, model Ongoriilii tepe
gbzlemleyicisi yonteminin ilk asimi ve salimimlar azalttigi, yiikselme zamanin
arttirdig1 ve yerlesme zamanini azalttigr gorilmiistir.

Ana prosesimiz ve diger proseslerin Onerilen iki metot ile kontrolleri sonucunda,
performans gostergeleri ITAE ve ISTE, yiikselme zamani, yerlesme zamani, asim ve
ofseti iceren bir karsilastirma yapildi. Buna gore kolaylikla Onerilen tepe
gozlemleyicisi yonteminin bulanik IMC PID cevabmin performansini gelistirdigi
sOylenebilir.
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1. INTRODUCTION

Reactive Distillation (RD) is the combination of reaction and distillation in a single
vessel [1]. Reactive distillation has received a tremendous industrial interest over the
last years. Many publications have been made regarding the design of such columns,

however, concentrating on the steady state behavior [2, 3, and 4].

Due to the interaction of reaction and distillation in one single apparatus, the steady-
state and dynamic operational behavior of RD can be very complex. Therefore,
suitable process control strategies have to be developed and applied, ensuring
optimal and safe operation. This is another very important area of current and future
research and development [5].

Distillation columns have been extensively studied, and research has been completed
in some sense [6]. But the control of a distillation column can be split into two
different problems: steady state control and dynamic control. Steady state control
comprehends the rejection of disturbances, and it is usually realized by industrial PID
controllers. These controllers are adjusted to operate around specifically operation
points obtained from linearized process models. When a change in the operations
conditions occurs, dynamic control is necessary. In this case, predictive controllers
are used to generate set points to the PID controllers [7].

Classical P, PI, PD and PID type controllers are most commonly used ones in
process industries today. Since their design strategies and online tuning methods
have been identified in great proportions during historical progress, substitution of a
classical controller in to any control scheme is treated to be the fastest and most

convenient way of composing a successful control loop [8].

During the historical progress of control studies, classical controllers have been
applied to many control systems and all these applications provided these controllers
with largely determined design techniques and tuning strategies. In literature there
are lots of design and tuning techniques proposed for classical controllers all of

which are results of hundreds of theoretical and practical control study experiences.
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Thus, classical P, Pl, PD and PID type controllers have generally been the most

trusted solution to control any given process scheme.

On the other hand, it is known that, classical controllers owe their success to
mathematical equations that are based on generalized relationships between process
parameters and controller parameters. Thus, their performance is not generally
appropriate for processes showing extraordinary behavior. For example, high order
systems and processes with large time delay are not being able to be controlled
properly by a classical controller in general [8]. Under this complex environment, it
is well-known that the fuzzy controller can have a better performance due to its
inherent robustness. Thus, over past three decades, Fuzzy PID (FPID) controllers
have been widely used for industrial processes. Despite the fact that industry shows
greater interest in the applications of FPID, it is still a highly controversial topic. One
reason is that the fundamental theory for the analytical tuning methods of FPID is
still missing. The tuning mechanism of scaling factors and the stability analysis are
difficult task due to the complexity of nonlinear control surface that is generated by
FPID controllers. If the nonlinearity can be suitably utilized, FPID controllers may

show better performance than classical PID controllers [9].

Recently proposed design strategy for FPID controllers based on Internal Model
Control (IMC) technique [10] shows great potential for further improvement. But
while it provides enhanced control performance for some sort of processes, it still has

certain drawbacks for very high time delay processes and some high order processes.

The idea of IMC may have originated from the time delay compensator proposed by
Smith. But as general conception involved in a design control system, it was
proposed by [11]. In a single-variable and multi-variable continuous system, it has
attracted a variety of researches and applications [12, 13] and has been extended into
discrete systems [14]. Morari had given a complete design procedure of IMC and
analyzed the stability and robustness of linear IMC in theory [12, 15].

The main characteristic of IMC is that it has a simple structure and fewer parameters
to be tuned on-line and is for tuning. Especially, it has significant effectiveness in
improving robustness and control performance of systems with a long time delay
[16].
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Decentralized PI control structures for reactive distillation columns have been
considered [17, 18 and 19]. PI controls and linear model predictive control have
applied to a dynamic simulation of an ETBE reactive distillation column using the
(L, V) configuration [20]. The linear model predictive controller used first-order plus

dead time models for each of its input/output models.

In this study, IMC tuned FPID controller and classical PID controller performances
are compared for a variety of processes one of which is the process model generated
for a reboiler equipment of a reactive distillation column. So, some self tuning
strategies for Fuzzy IMC PID controllers are proposed in this study. Multi-Region
self tuning strategy is improved and predictive peak observer method is adapted to
Fuzzy IMC PID controller. The effectiveness of these tuning algorithms is compared

with non-self tuning counterpart.
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2. DISTILLATION PROCESS

In this study, vapor phase temperature profile among the Reboiler of a reactive
distillation process is observed. The concerning reactive distillation process produces
acetate esters from fusel alcohols. Feed stream of the reactive distillation column is
fusel oil that is composed of 16% water, 17.12% ethyl alcohol, 1.86% n-propyl
alcohol, 4.04% isobutyl alcohol, 60.99% isoamyl alcohol. This feed stream gives
esterification reaction with glacial acetic acid. The flow sheet of ideal reactive
distillation column is shown in Figure 1. Since esterification reaction is “an
equilibrium reaction, one of the products water and ester compounds should be
removed from product mixture. In process of producing acetates from fusel oil,
removal of light esters such as propyl acetate and ethyl acetate together with the
water coming from feed stream and reaction product stream is determined to be the

best method [21].
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Figure 3.1 : ldeal Reactive Distillation Column

The temperature of the reboiler of the column increases and decreases according to
the amount of heating power exerted to the system. As a result of experimental
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studies, Tanriverdi [21] obtained temperature vs. heat data of the reboiler system.
The graphical representation of system response is given in Figure 1. Tanriverdi and
Iskender [22] studied on the relevant process to analyze the performance of a double
slope PID controller which introduced different proportional, derivative and integral

gains for positive and negative step actions [22].

Iskender and Tanriverdi [23] also investigated the performance of a self tuning
controller on same reboiler system. As a conclusion of their studies, it is particularly
mentioned that, the temperature at the top of the reactive distillation column should
be kept between 79 °C and 87 °C. Since the water content of distillate stream seems
to disappear for temperatures less than 79 °C, the column flow regime is interrupted.
On the other hand, the column temperature at the top should be kept less than 8§7°C

to prevent bottom product components from passing in to top product stream [24].

Cebeci [25] also performed a series of studies on the same reactive distillation
reboiler process and made observations about performance of an IMC Based Dual
Phase PID controller in controlling reboiler temperature. Dual phase PID controller
concept introduces determination of two different sets of controller parameters for

both the vapor and the liquid phases of the reboiler content [25].

In this study, performance of a new concept that couples Fuzzy IMC PID controller
with Predictive Peak Observer method will be investigated. Fuzzy IMC PID
controller with some self tuning strategies will be analyzed and these will be

compared with Predictive Peak Observer method.
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3. BASICS AND DESIGN PRINCIPLES OF IMC AND FUZZY IMC PID
CONTROLLERS

3.1 PID CONTROL

The PID controller which consists of proportional, integral and derivative elements is
widely used in feedback Control of industrial processes. A PID controller is a
controller that includes elements with those three functions. The PID controller was
first placed on the market in 1939 and has remained most widely used controller in

Process Control until today [26].

The basic structure of conventional feedback control systems is shown in Figure 3.1.
In this figure, the process is object to be controlled. The purpose of the control is to
make the process variable y follow the set-point value r. To achieve this purpose, the
manipulated variable u is changed at the command of the controller. The error e is
defined by e=r-y. The compensator C(s) is the computational rule hat determines the
manipulated variable u based on its input data, which is the error e in the case of
Figure 3.1. Three elements of PID controller produce outputs with the following

nature:
P element: proportional to the error at the instant t, this is the present error.

I element: proportional to the integral of the error up to the instant t, which can be

interpreted as the accumulation of the past error.

D element: proportional to the derivative of the error at the instant t, which can be

interpreted as the prediction of the future error.

The conventional PID controller is often described by the following equation:
UPID =KC+K1Jedt+KDe
1 :
=K.(e + Ff edt+Tyé) 3.1)

l
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where e is tracking error, K. is the proportional gain, K, is the integral, Kp is the
derivative gain, and T; and T4 are the integral time constant and derivative time
constant, respectively. The relationships between these control parameters are
K=K/T; and Kp=K.Tg. [9]

The transfer function of the PID controller (3.1) can be expressed as follows;

(t;s+ D(tgs+ 1)

Ge(s) = K, S (3.2)

where

[1 7(1- 4TTid)zl (33)

3.2 INTERNAL MODEL CONTROL (IMC)

The development of IMC had begun since the late 1950s in order to design an
optimal feedback controller. The first to utilize the structure of a model parallel to the
process is Frank in 1974 [3]. Then, Garcia and Morari had introduced the IMC
structure with the distinct theoretical framework and application in a multivariable
system [11]. The IMC consist of three parts [10]: (1) Internal Model: to predict the
process response in an attempt to adjust the manipulated variable to achieve control
objective; (2) Filter: to achieve certain robustness in control design; (3) Control
algorithm: to calculate the future values of manipulated variable so that the process
output is within the desired value. The general IMC structure is shown in Figure 3.1.
The distinguish characteristic of IMC is the process model, p which is parallel to
process, p, giving it a disturbance estimation ability. If the process model p is equal
to process p, then the estimated disturbance is the actual disturbance d to the system.
It is a best practice for the process model to implicitly or explicitly representing the
model so that the theoretical perfect control can be achieved. Based on the theory, if
the p(s)= P(s) and q(s)= p*(s), by using the minimum phase of the inverse model
p(s) and introduce filter to make the controller physical realizable, the IMC
controller g, will have the ability to eliminate any deviation from the set point r,

hence, achieving the perfect control. [26]
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d

Figure 3.2 : The IMC Structure

It is recognized that IMC have the following criteria’s;

e Dual Stability: By assuming that p= p, that is the process model and the
process is identical, and if the controller and the process are stable, then the

IMC structure can guarantees the closed loop stability.

e Perfect Control: By assuming that q(s)= P™(s), that is the controller is
equivalent to the inverse model and the closed loop system is stable, then

there is no output steady-state error for set point variance and disturbance.

e Zero Offset: By assuming that the steady state gain controller is equal to the
inverse model gain and the closed loop system in Figure 3.1 is stable, for

constant set point and disturbance, there will be no offset.

3.2.1 Principle of IMC

The basic IMC principle is shown in Figure 3.3a, where P is plant, P is a nominal
model of the plant, C is a controller; r and d are the set point and the disturbance, and

y and y are the outputs of the plant and its nominal model, respectively. [9]

J'I

(4] ()

Figure 3.3 : IMC Configuration
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The IMC structure is equivalent to the classical single-loop feedback controller
shown in Figure 3.3b. If the single-loop controller Cyc is given by

B C(s)
Cimc(s) = T-C5)P0) (3.4)
1
C(s) = 13_—(5)]0(5) (3.5)

where P = P"_(s)P",(s), P"_(s) is the minimum phase part of the plant model,

P~ (s) contains any time delays and right-half-plane zeros, and f(s) is a low-pass

filter with steady-state gain of one, which typically has the form

1

f(s) = YL (3.6)

The tuning parameter t. is the desired closed-loop time constant and n is the integer
to be determined. [27]

3.2.2 Tuning of Fuzzy PID Controller Based on IMC
By first-order Pade approximation, the delay time is approximated as follows:

L

L 1—75
e =—7— (3.7)
1 +ES

Therefore, the P can be factorized as P = P"_(s)P . (s), wherP",(s) =1 — Ls/2e

and

P_(s) =

(Ts + 1) (1 + %s) (3.8)

Substituting P"_(s) into (3.4) and setting n=1 in filter (3.6), one has

(Ts+1) (1 +%s)

K(1+t.s) (39)

Cimc(s) =
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During the study, all non-self regulating and self regulating fuzzy IMC PID
controllers are designed according to the first order models of relating second order

processes. The first order models of different second order processes are found from

9.

@
‘.i Hr F " I
— Rule
Base
e | .. K :
LK

Figure 3.4 : Fuzzy-PID controller structure with Kq=oK, and Ki=BKg

Designing Fuzzy PID controllers by internal model control technique is a recently
proposed idea. The Fuzzy PID control actually has two level of gain. The scaling
gains (Ko, K1, K¢ and Kg) are at lower level. The contribution of each Ko, K3, K¢ and
Kq to different control actions is still no clear, which makes the practical design and
turning process rather difficult [9]. K is integral gain and K is derivative gain. IMC

PID controller scheme and location of scaling gains are shown in Figure 3.3.

While tuning Fuzzy PID controllers based on IMC design, Duan [9] defined Ko, o

and [ as below;

K, =1 (3.10)

A 1
(5] o
0 B {Kx K{tc—k;ﬂ

Ky =Kox S (3.13)

a=T,8=L/2 or a=L/2,8=T (3.14)
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A and B are half of the spread of each input and output membership function, so A/B
equals one according to our membership functions. L is the distance velocity lag.

3.3 FUZZY LOGIC AND FUZZY PID CONTROL

Traditionally, computers make rigid “yes” or “no” decisions, by means of decision
rules based on two valued logic: true /false, yes/no or 1 / 0. An example is an air
conditioner with thermostat control that recognizes just two states: above the desired
temperature or below the desired temperature. On the other hand, fuzzy logic allows
a graduation from “true” to “false”. A fuzzy air conditioner may recognize “warm”
and “cold” room temperatures. The rules behind this are less precise [28]. For

example;
“If the room temperature is warm and slightly increasing, then increase the cooling.”

Many classes or sets have fuzzy rather than sharp boundaries, and this is the
mathematical basis of fuzzy logic. The set of “warm” temperature measurements is

one example of a fuzzy set.

The core of a fuzzy controller is a collection of “verbal” or “linguistic” rules of the
“if — then” form. The rules can bring the reasoning used by computers closer to that

of human beings.

In the example of the fuzzy air conditioner, the controller works on the basis of a
temperature measurement. The room temperature is just a number, and more
information is necessary to decide whether the room is warm. Therefore; the designer
must incorporate a human’s perception of warm room temperatures. A
straightforward implementation is to evaluate beforehand all possible temperature
measurements. For example; on a scale from “0 to 17, “warm” corresponds to “1”

and “not warm” corresponds to “0” [28].
For a temperature interval from 15 to 27 °C;
Measurements (°C) 15 17 19 21 23 25 27

Grade 0 0.1 0.3 0.5 0.7 0.9 1
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3.3.1 Fuzzy Sets

Fuzzy logic and fuzzy control begins with the concept of a fuzzy set. A fuzzy set is a
set without a crisp, clearly defined boundary. It can contain elements with only a

partial degree of membership.

To understand what a fuzzy set is, the example about the days of the week and their

contribution to the set of “weekdays” could be given.

According to the thinking based on classical sets, one can say that, the days which
can be called as weekdays are Monday, Tuesday, Wednesday, Thursday and Friday
while Saturday and Sunday should be named as weekend days. On the other hand,
getting fuzzy sets as the basis for classifying these days, one can say that, Friday is a
little more likely to be a weekend day compared to Tuesday or Wednesday. So its
membership grade to the set of weekend days is some value between 0 and 1 where
the grades for Saturday and Sunday are 1. Figure 3.4 shows this difference between

the philosophies of classical sets and fuzzy sets [29].

10 . [ 10
; :
5 5
g 3
9 g

Thusday Friday  Satwrday Sunday  Monday Thursday Fiday  Salwday Sunday  Monday

Figure 3.5 : Membership grades of the days for the set of “weekend days” according
to classical set and fuzzy set theories [29].

3.3.2 Fuzzy Rules and Rule Bases

Fuzzy rules are the statements that receive the inputs of the controllers, generate the
appropriate decision according to them and define the control action to be performed.
The most common definition of this process could be demonstrated by giving a rule
base table as an example. A rule base that simply takes the measurement error and
the rate of change of error as input and decides for the control action is shown in
Table3.1. The translations for shortcuts could be done as; NB means negative big, or

PS means positive small and Z means zero and so on for the other ones.
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For example, according to this table; if the error from the set point is very large
positive and it is still increasing rapidly; the rule base takes it as: error is PB and
change of error is PB. So, the decision that follows this realization will be PB. In
other words for example, if the temperature of the reactor is much larger than the
desired value and it is still increasing rapidly, then the cooling water stream rate
should be very high. The fuzzy rules work on if then statements such as the prior

example.
If error is NS and change of error is PS then control output is Z.
It means that; if the temperature is a little higher than the set point and it is slightly

decreasing then there is no need to perform any spectacular control action.

Table 3.1: A rule base table for an error-change of error type fuzzy control

strategy [30]
Ae
o NB NM NS Z PS PM PB
NB NB NB NB NM NM NS Z
NM NB NB NM NM NS Z PS
NS NB NB NS NS Z PS PM
NO NB NM NS Z Z PM PB
PO NB NM Z Z PS PM PB
PS NM NS Z PS PS PB PB
PM NS Z PS PM PM PB PB
PB Z PS PM PM PB PB PB

3.3.3 Fuzzy Membership Functions

A membership function is a curve that defines how each point in the input space is
mapped to a membership value between 0 and 1. The input space is sometimes

referred to as the universe of discourse [29].

The simplest membership functions are formed using straight lines. Of these, the
simplest is the triangular membership function. It is simply defined by three points.
Another common type of membership functions is trapezoidal shape membership
functions. This type has a flat top that smoothes the membership recognition for the
data defined near to the center of the shape. Figure 3.5 shows triangular and

trapezoidal type membership function curves.

36



The work held by membership functions is to classify the input data by partially
introducing it to the several definitions. For example, there exists a temperature
interval from 150°C to 250°C. The input signal is received such that, the measured
temperature is 200°C. The membership of this temperature value for the set of
moderate is 1 over 1. On the other hand it also has partial membership in cold and
hot temperature sets, for example 0.4 (Some value between 0 and 1).

Another example could be given for set point control cases. For example, if the
temperature of a reactor is desired to be kept constant at 170°C and the reference
temperature for the controller is set as 170°C. During operation, the temperature is
measured as 175°C. The error will be +5°C. This corresponds to positive error. It also
has some membership values for PB, PM, PS, Z, NS, NM, NB sets. The membership
of +5°C error for PM is 0.8 while its membership for PB is 0.1, for PS 0.3, for Z 0.1
while for NS, NM and NB it is 0. This means that controller accepts this error as
positive medium as a general definition but it also does not ignore its contribution to
the other relevant neighbor fuzzy sets. On the other hand, for the same controller -
45°C error would be accepted as totally NB error and coupled with 1 over 1

membership grade for that set while its membership for other sets would be defined

as 0.

[i] 2 4 ] g a L] 2 4 B g i}

Figure 3.6 : Triangular and trapezoidal membership function curves [29]

3.3.4 Input and Output Scalings

Input and output scaling is a very important feature for fuzzy controller mechanism
since it determines the quality of input feed to the inference mechanism and correct
reading of the output. Input and output scaling factors of a fuzzy controller could be
demonstrated as gain blocks placed before and after the inference core of the fuzzy

controller. Figure 3.6 shows the general placement of the scaling blocks in a control
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scheme that determines the output control signal by means of evaluating error and

change of error input signals.

Fuzzy Logic
dufdt Contraller
Kde  Derivative alfa ﬂ

Seope

i

—_— 1)
den(g) Qut!

Trangfer Fen

beta  Integrator

Figure 3.7 : Placement of scaling factors in fuzzy control scheme: a simple fuzzy
PID control scheme

In the control scheme in Figure 3.6, a three term fuzzy controller is used. Three term
fuzzy controller means for a fuzzy controller to include proportional, derivative and
integral actions of a conventional controller. For example, a fuzzy Pl or fuzzy PD
controller could also be named as two-term fuzzy controllers. In this scheme, K¢ is
proportional error input scaling factor the output of which is e*K¢=E, where E is the
scaled error input. Kde is change of error scaling factor. Since its output is fed to a
differential block element, it could easily be recognized as the derivative gain such as
the one observed in conventional controllers. The integral action of the fuzzy
controllers in literature examples are generally placed after the inference mechanism.
Placing it on to output control signal, the integration of all observed control signals
can be evaluated. So; beta gain factor here is becoming the integral gain element the
output of which is directly fed to integrator. Finally, alpha is the regular proportional
output scaling factor. Fuzzy controller gain parameters for specific control systems
are generally determined by means of first defining the parameters of a conventional
controller which successfully manages the desired control action for the same
system. Once the parameter of the conventional controller is determined, stochastic
assignment of fuzzy controller scaling (gain) factors can be done by using heuristic

tables.
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4. MODELLING AND CONTROLLER DESIGN

4.1 Process Modeling

Modeling studies began with generation and testing of a first order model with time
delay and comparison of responses that belong to the model and the real process. On
this path, the studies are firstly conducted by taking vapor phase as the basis. The
time where the system response reached 63% of its largest value is noted. The
magnitude of the response at this time is also imported from graph. These values are
26.25 minutes and 89.67°C, respectively. After that two values are substituted into
Equation 4.1 in order to calculate time constant that represents the system. In this
equation, t is time, y(t) is open loop system response, K is ultimate output gain
(133.33°C), 7 is time constant and L is the delay time which was formerly

determined to be 2 minutes. [33]

y(©) = K(1 - e ¢0/) (4.1)

As the result of calculations, first order time constant (t) of process has been found to
be 21.72 minutes. With the given (K) of 0.187°C.minute/kcal, which was previously
found in recent studies, the first order transfer function with dead time (FOPDT) is

created as shown in Equation 4.2. [33]

0.187

v =25 42
21725+ D° (42)

Gp1(s) =

Step response of FOPDT model is shown in Figure 4.1. Comparison between the
model and the process yield that, first order model does not actually represent this

system. Its response is by too far from the actual curve. [33]
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Figure 4.1 : Comparison of process model curve and three different model curves
After FOPDT model, the next model to be generated and investigated is three term
second order with dead time process model. The time period to be selected as basis
for calculating time constant are selected properly in order to represent the system
curve at its most critical points. In other words, classical 63% of response rule has
not been used in this particular study. So, system response at t=43 minutes is
imported from graph and it is 90.67°C. These two values are substituted in to
Equation 3.

y(@®) =K{1—[1+ (¢t —L)/t]}e ¢/ (4.3)

From Equation 4.3, the time constant of second order transfer function is determined
to be 17.46 minutes. Transfer function of three-term second order model with dead

time is given in Equation 4.4.

0.187

% -z 4.4
(17.46s + 1)2°¢ (44)

Gpo(s) =

From Figure 4.1, it is obvious that second order model gives better result and

represents the system curve much more realistic compared to the first order model.

The third step of modeling studies is creating a four parameter second order model
for the process and investigating its representation abilities. In order to determine two
different time constants for the second order transfer function, the times where the
step response of the process reaches 33% and 67% of its maximum value are noted.

The magnitudes of the response at these times are also read from the graphic. These
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are; t,=23 min., t,=85 min., y(t;)=74.67°C, y(t2)=106.67°C, respectively. These
values are substituted in to Equation 4.5 in appropriate order.

y() = K{1 + [(re= &/ — g e~ D7) /() — 1,)]} (4.5)

In Equation 4.5, y(t;) is solved for t; and y(ty) is for t,. 71 and 7 , values that prove
both equations true are determined to be the time constants of four parameter model.
Approximate results of the calculations show that time constants of the model could
be selected as: t 1=6 and t ,=21. Transfer function of four parameter second order

model is given in Equation 4.6.

0.187
6s+ D2Is+ 1) °

Gps(s) = % (4.6)

Step response of four parameter model can be seen in Figure 2. Its performance is
observed to be better than FOPDT model but not as successful as three parameter
second order model. Therefore, three-term second order model is chosen for this
study.[33]

4.2 Fuzzy IMC PID Controller Design

Design calculations are conducted according to [9] by taking first order model of the
process as basis. First Order Pade Approximation is applied to our second order

transfer function;

(1-5)
-25 _ 4.7
1+s) (47)
P(s) = P_(s)P,(s) (4.8)
1-S5 0.187
=— = 4.9
PO =15 PO (49
Filter transfer function can be calculated by,
6(5) = ——
s) = 4.10
P ) (4.10)
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Filter time constant is taken as the half of the process time constant (10.86 min) and
n=1 [23]. The transfer function of the IMC based PID controller is calculated by
[25];

(21.72s% + 21.725 + 1)
(2.03s2 + 2.40s)

Crmc(s) = (4.11)

The scaling factors for our first order transfer function are calculated according to
above equations. When the step response applied as 95°C, the response of none
controlled process, classical IMC PID controller and fuzzy IMC PID controller for
different alpha and beta given in Figure 4.2. It can be concluded from the graph that
the small value of a gives wide bandwidth and fast response otherwise it gives low

bandwidth and sluggish response.

120
100 -
80 i -
i )
= ff! il Fuzzy IMC PID alpha=1, beta=21.72, Ke=1, Kd=1, K0=0.451, KI=8.8
s 60- f ’,-’ mr Fuzzy IMC PID alpha=21.72, beta=1, Ke=1, Kd=21.72, K0=0451, KI=0.451
o Py S Classical Fuzzy IMC PID
0k ;" ,,“! """"" Moncontrolled process response |
F/ K — Reference
? !
J ’Ff
20+ y/ e R -
F A e
J
0 A | | | | | | | | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000

Time

Figure 4.2 : Comparison of the process controlled with Classical IMC PID and
Fuzzy IMC PID for the process Gps(s) = [0.187/ (21.72s+1)°]*e™*®

4.3 Analysis of Design Parameters of Fuzzy IMC PID Controller

As it is seen in previous section, smaller a and larger B section makes the system
response faster but causes some overshoot while larger a and smaller B provides
more sluggish response but smaller settling time with much less overshoot. In order
to achieve the best possible result, a serious of trials all of that concerns to different
a-f combinations are conducted for the process under investigation. According to
Duan [9], a and B will be between L/2 (1) and t (21.72). The results are given in
Table 4.1.
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According to Table 4.1, when a is increased gradually and B is kept constant, system
response is getting slower at the beginning but it shows less overshoot and a better
settling. On the other hand, when f is increased gradually and a is kept constant, the

transient part of the response keeps in unity.

It is important to mention that the increments or decreasing o value affects the rise
time in great proportions and slightly affects the overshoot behavior. On the other
hand, the changes in B causes nearly zero effect for rise time though it very strongly

manipulates overshoot amplitudes.

It is seen that, for the transient part, the best choice is o=1 and p=21.72 system
because it has the smallest rise time and for the steady state performance the system
with =10 and B=21.72 gives the smallest settling time and the smallest overshoot.
On the other hand, error indexes show that the configuration with a=5 and $=21.72
gives the most appropriate results according to ISE, ITSE, and ITAE calculations.
Although ITAE result is smallest for a=15 and f=10, overall examination of all three

indexes shows a=5 and =21.72 is the most successful one.

The transient part of a=1 and f=21.72 system and steady state performance of a=10
or 5 and =21.72 system is planned to be combined to make system response rise fast
and settle well. As it is seen B should be constant at 21.72 but a should be selected a

value between 1 and 10.
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Table 4.1 :

Error Indices, Rise Time, Settling Time, Overshoot and Offset
Results for Control Systems with Various a and B Combinations

Alpha

Beta

ISE

ITSE

ITAE

(@) ®) (105) (104) (104) TR TS Overshoot Offset
1 21.72 1.423 6.733 10.155 195 120 22.6 0.70
5 21.72 1.421 6.906 10.978 245 86 10.6 -1.20
10 21.72 1.498 7.072 11.646 323 54 1.60 1.40
15 21.72 1.599 7.175 15.863 245 110 0.00 -1.80
18 21.72 1.689 7.261 16.482 592.2 146 0.00 -1.70
21.72 21.72 1.828 7.428 18.209 62.7 122 0.00 -1.70
1 10 2.210 9.133 28.774 24.3 268 24.8 0.10
5 10 1.945 9.049 18.366 27.0 222 38.0 0.70
10 10 1.905 9.268 16.777 32.3 110 11.5 -1.70
15 10 1.923 9.408 6.8535  36.7 112 4.10 -0.03
18 10 1.965 9.470 11.108 410 ©66 0.00 0.95
21.72 10 2.049 9.558 9.9383 495 89 0.00 0.50
10 1 2.611 12.64 29.343 29.9 215 27.4 0.24
10 5 2.199 10.87 19.945  31.7 153 18.4 1.33
10 10 1.905 9.268 16.777 32.3 100 11.5 -1.68
10 15 1.696 8.141 74355 326 93 7.00 -0.22
10 18 1.598 7.614 8.8815 32.7 46 4.40 0.66
10 21.72 1.498 7.072 11.646 326 47 1.66 1.38
1 1 6.113 44.72 17.274 25.3 >600 67.5 -
5 1 3.572 17.95 83.158 26.7 403 48.8 -0.5
10 1 2.611 12.65 29.343 29.4 215 27.4 0.38
15 1 2.435 12.74 17534 311 144 16.4 0.83
18 1 2.403 12.78 14.245 326 88 9.75 1.11
21.72 1 2.418 12.84 11.045 36.0 57 1.18 0.66
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4.4 Double Step Adjustment of Alpha

It is can be concluded from the previous section that as a value gets bigger gradually,
rise time increases, so response slows down too early but overshoot decreases.
Because of the system response needs to be kept fast until a specified ratio of
ultimate response is achieved, EIR (Error Input Ratio) is defined and o is kept
minimum until the specified ratio, after the specified ratio o begins to increase
gradually. This allows system response stay fast as long as possible and begin to

slow down when it is about to reach the set point.

R Error(e)

~ Input(u) (412)

In order to create global rules that will be true for various processes with different
parameters such as time constant and delay time, the selection of boundaries between
different control equations and parameters of these equations must be generalized
based on system parameters. The strategy for this section is defined with following
rules. EIR;

If  EIR>0.37 Then a=min(t,L/2)

Elseif EIR>0.01 Then «=0.5*max(t,L/2)
Else Then a=max(t,L/2)

Limiting EIR values 0.37 and 0.01 are still arbitrary but selection of o is based on
system parameters. For the main process, according to the previous section, o should
be between 1 and 10, and B should be constant at 21.72. Therefore, a generalization
can be made by giving a; min(z,L/2) and 0.5 of the max(z,L/2). Step response
graphics of proposed double step self tuning control scheme for our process is given

in Figures 4.3.
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Figure 4.3 : Comparison of step responses for Fuzzy IMC PID alpha=1, beta=21.72
and Double Step self-tuning control for Gp;(s)=[0.187/(21.725+1)*]xe™®

As it is seen in Figure 4.3, double step self tuning Fuzzy IMC PID controller gives
better results compared to its non-self tuning type but these results cannot be

generalized for all kinds of processes.

Table 4.2 : Limiting EIR values for “Else If” case

EIR (Else If) Overshoot Offset TR TS
0.01 5.80 1.10 20.0 56.5
0.05 4.90 1.05 20.0 49.3
0.10 3.90 0.95 20.0 31.3
0.15 2.30 1.00 20.0 29.3
0.20 1.30 0.60 20.4 29.4
0.25 0.63 -0.04 20.7 32.8
0.30 0.06 -0.40 21.1 34.1

Table 4.3 : Limiting EIR values for “If” case

EIR (If) Overshoot Offset TR TS
0.05 13.0 1.8 20.07 75.2

0.37 6.0 1.3 20.77 62
0.50 4.6 1.2 22.07 32.25
0.80 2.5 1.0 27.47 40.25

Different EIR values are shown in Table 4.2 and 4.3. According to these analyses, it
can be concluded that for “If” case, 0.37 or 0.50 can be chosen because of those
parameters; overshoot, offset, rise time and settling time. For “Else If” case 0.25

seems the appropriate one between the others.
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Table 4.4 : Comparison of overshoot, offset, rise time and settling time
parameters for some intervals of If and Else If cases

Overshoot Offset Rise Time | Settling Time
Elsh; eI 001 6.0 13 21.4 61.0
Els”; Ii:_f”éIE%sO?ZS 0 0.4 23.0 36.0
Els”; Iﬁ‘IElEgs(Sls 10 0.3 22.0 335
Els”; Iﬁ‘IElEg%Y.ls 3.1 0.85 20.5 315

According to Table 4.4, it can be concluded that limiting EIR values 0.37 and 0.15

can give best controller action between the others.

4.5 Overshoot-Input Ratio Based Self Tuning Fuzzy IMC PID

In this strategy, control action is divided into 2 steps. On the first step, the step
response of the process controlled by non-self-tuning controller is examined and first
overshoot peak value is observed. By dividing this value with input value, a new
ratio parameter is defined as OSR (Overshoot-Input Ratio);

_ Overshoot

OSR = — 0%
ot (4.13)

On the second step, OSR is used to produce self tuning rules and boundaries as

follows:
If u>VOSR  Then a=min(t,L/2)
Elseif y>OSR® Then —vVOSR smax(z,L/2)
Else Then a=max(t,L/2)

This is done to generalize the limiting EIR values in previous part because they were
arbitrary and not able to be applied to all processes. However, with OSR value, they
can be used for the other processes. Limiting OSR values are now based on system
response and input. Boundaries are defined based on OSR value because when it is
analyzed, upper and lower limiting values which were found in previous part, are
close to each other and even output responses are improved. Therefore, they can be

generalized.
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Simulation 4.1: Gp(S) = [0.187 / (17.46S + 1)?] x e (Primary process model)

Step response of non self tuning controller for this process was given in Figure 4.2. It

is seen from that graph that, OSR for this loop can be calculated as:
OSR=(118-95) /95 OSR=0.242
VOSR=0.492 (OSR)?=0.0586

The step response graphic of proposed self tuning controller is given in Figure 4.4.
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Figure 4.4 : Step Responses of Non self tuning and OSR Based self tuning control
for Gpy(s)=[0.187/(21.725+1)%]xe™*

Figure 4.5 shows block diagram of overshoot based double step self regulating

control scheme for primary process model.
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Figure 4.5 : Double step self tuning scheme for primary process model.

OSR based self tuning control scheme performs well as the previous methods but for
some processes, it is seen that the proposed strategy shows negative effect on control
performance. Therefore, the limiting case for this strategy is;
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L

R= [(L——H')} <0.33

If the R ratio goes beyond the mentioned boundary 0.33, then the advantage
introduced by OSR based self tuning controller gets weaker gradually and as R goes
beyond 0.5~0.6, self tuning controller begins to show unacceptable effect and
corrupts overall system performance as it can be understand from Table 4.5. It is
seen that as R ratio increases, settling time increases. Therefore, it can be understood

that as R>0.333, increasing of settling time shows oscillations starts to increase.

Table 4.5: Overshoot, offset, rise time and settling time parameters for
different transfer functions and R values
Transfer Function R Overshoot Offset Tr Ts
= ﬂefzs 0.0843 0.80 0 225 34.27
" (17465 +1)° ‘ ‘ ' '
3 —0.1s
Gp, = Me 0.0332 0.01 -0.016 2.45 3.84
3 -2s
Gps = (s +1) e 0.20 0.03 -0.013 6.75 11.4
1 -19s
Gp, = me 0.333 0.15 0.002 35 207
1 —25s
Gps = me 0.396 0.20 0.006 355 524
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5. MULTI-REGION SELF TUNING FUZZY IMC PID CONTROLLERS

5.1 Hybridized Three Region Self Tuning Fuzzy IMC PID Control

The control strategy proposed in Overshoot-Input Ratio Based Self Tuning Method
takes overshoot data of non-self tuning controller as basis and conducts calculations
and decision makings according to the ratio of overshoot to input value. So it
requires reading of non-self regulating controller data, it is somehow dependent to
another control scheme from its very foundation. This naturally makes this strategy
be regarded as a half-manual / half automatic one because it still needs the

observation and decision making of control operator.

In order to maintain some more improvement, it will be necessary to make the whole
procedure independent of any other control scheme operation and resulting data.
Thus, another strategy will be proposed in this section. This strategy is about reading
directly the parameters of the process that will be controlled rather than overshoot
data of non-self regulating control data.

This strategy is about reading time constant (t) and delay time (L) values with
relevant process and calculating the characteristic ratio of R=L/(L+ t). After this step
the procedure includes deciding in to which range the value of R corresponds to and
use specific functions that are already set up for each individual range. The important
point here is, all of these functions have a common property of having R=L/(L+ 1)
data as the only independent parameter. The procedure of this control strategy is

given in the following;
1. Read process data,
2. Learn about the values of T:time constant and L:delay time,
3. Calculate the ratio R=L/(L+ 1),
4. Learn the range to which R corresponds,
5. Use matching functions and decision boundaries for self tuning of a.

The idea based on which the algorithm of this strategy developed is same with that of

the previous method based on overshoot data. Since “R” value gets bigger gradually
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by dominance of time delay over time constant, it is fair to mention that, as the time
constant “t” loses its effectiveness over system, “R” gets larger. So, tuning alpha in
closer ranges to the set point will be more reasonable since it will avoid over
damping without causing overshoot also. The list of ranges and corresponding

functions, boundaries together with relating control rules are given in Table 5.1.

As the R ratio goes up to higher values, the ability of control techniques is becoming
inadequate because the increasing R means increasing effectiveness of time delay L
over time constant 1. These kinds of systems are called delay dominant systems and
their successful control is much more difficult compared to the time dominant

systems that introduce relatively small “R” ratios.

In order to solve the control problem of delay dominant systems, diminishing of
integral gain coefficient of fuzzy controller is suggested. The simplified sectioning of
R and proposed rules for newly formed sections including the ones for highly delay
dominant systems R>0.67 are given in Table 5.1.

“Case a” rules are designed according to the following idea: When the system
response is far from steady state, the controller action speed should be kept very fast.
So value of alpha coefficient should be at minimum in order to prevent sluggish
response. As the response approaches to steady state gradually, value of alpha is
increased to an intermediate value and kept there until response gets very close to
steady state. Finally, when error gets very small and response almost reaches the

steady state, alpha is increased to its possible maximum.
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Table 5.1 : Scaling ranges and concerning control rules for three hybridized
region self tuning Fuzzy IMC PID control

IFEIR > VR Then & = min(L/2,7)
Case a 0<R<0.33 E'Sg gOI%)IlR > | Then a =R xmax(L/2,7)

Else Then o = max(L/2,7)

033<R<067 | |fg|rR> 063 | Then a=max(L/2,7)/vt

Case b
t=1-R Else Then o =min(L/2,7)x~t

Case c 0.67<R<1 a=p=min(L/2,1)

“Case b” processes needed to be controlled with much larger alpha values far from
the steady state and alpha should be decreased rapidly as system response approaches
to set point. So alpha is first kept at values higher than the maximum of range limited
by min-max of (L/2, 1) by dividing the max(L/2, t) by \(1-R). Then the second rule
that deals with steady state is defined to produce a much smaller alpha value because
processes in Case b (0.67R>0.33) gave very oscillatory responses to control attempts

with high alpha values near steady state.

In “Case ¢” calculation of “integral scaling gain Ko according to the Equation 3.12
is corrected by replacing “variable L” with “ “Lx1.67” and calculating Ko according
to 67% excess of original time delay L value. This correction maintains achieving a
rather smaller Ko value which also leads to a smaller K; gain with B factor held
constant. So as a result, diminishing integral scaling gains enforces the controller

performance for processes with very large time delay.

Sleq responzes

mnon-salf tuning Fuzsy IO PID

rraulti-racpiorn el turming Fuzzy IO FID
— — Seglar-Richolas FID
— - — - IMWC PID
150 =200 250 =0 S50 A0

Tirme (Prirute)

Figure 5.1 : Comparison of the step responses for the process;
Gp(S) = [1/(25S + 1)*] x e™* 1 =38, R=0.269
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As it can be inferred from Figure 5.1, fuzzy tuned self-tuning fuzzy controller
strategy improves control performance for primary process model derived from the
concerning reboiler by minimizing overshoot while also keeping pace high at

transient zone.

5.2 Self Tuning IMC PID Control Based on Fuzzified Controllability Ratio

At this stage of the study, the main concern of this section is providing the current
control strategy with a level further fuzziness. In fact, by being based on a fuzzy
logic controller that is self tuned by if-then rules according to error value and in
addition, determining the necessary rules by fuzzy (hybrid) transitions between rule
bases, current level of control scheme is already contains a few layers of fuzziness.
Next layer of fuzziness that is thought to be added to these is about fuzzifying if-then
rules that determine the value of alpha. Although the rules that were finally
mentioned in previous section gave a simple overview of process behaviors and
provided improvement in control performances of Fuzzy IMC PID controller, their
boundaries such as “if u>0.63 clause” may go under further simplification in order to

give possibility to much easier design of controllers.

In fuzzifying the concerning rules and replacing strict rule bases by fuzzy decision
making mechanisms, there are some important key issues which can be described
briefly like following:

i. Take three section partitioning of R range as basis and divide in same

manner as cases a, b and c.

ii. Since all these rules are based on minimum and maximum values of (L/2,
1) couple, they are process based and change with the process. So
calculate the concerning minimum and maximum limits and store them

for rules base design.

iii. For each cases (a, b and c) create a fuzzy rule base that work on one input

and one output variable.

Each of the fuzzy input and output ranges shall contain five membership functions

those shall be named as: very small, small, medium, large and very large. Five
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membership functions provide required distinction of minimum and maximum
values in fuzzy understanding scheme. Input ranges shall be set between 0 and 1
since the minimum and maximum values of input u=error/input are 0 and 1
respectively. Output ranges shall be carefully set according to minimum and
maximum values of alpha that could be inferred by coupling the process data and
rules given in previous a, b, ¢ case based algorithm. Once all steps mentioned above
are satisfied, self tuning mechanisms based on strict if-then rules can now be

replaced by relational fuzzy logic tuners.

For each three cases, a separate characteristic fuzzy rule base is defined and these

rule bases are given in following:

Case a - Rule Base (u=error / input):
. If u is very large, then alpha is very small.
ii. If u is large, then alpha is very small.
Iii. If u is medium, then alpha is very small.
iv. If u is small, then alpha is small.
V. If u is very small, then alpha is very large.

These rules can be better understood if one observes the numerical rules that were
generated for case a in previous section. According to both for case a, when the
system response is very far from the set point, alpha scaling factor is kept at
minimum level in order to provide fast response. This manner is kept constant until
the system response penetrates in to a range close to steady state. When error gets
small enough, alpha is slightly increased to degree “small” and when response
reaches set point, output alpha is set to very large immediately in order to provide

robustness around set point and avoid overshoot.
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Case b — Rule Base:
I. If u is very large, then alpha is very large.
ii. If u is large, then alpha is very large.
iii. If u is medium, then alpha is very small.
Iv. If u is small, then alpha is very small.
V. If u is very small, then alpha is very small.

Taking in to account the behavior of processes that are classified in case b, rule base
for this case is inevitably different from that for case a. The successful control of
these processes could be made by setting alpha to high values for large error zones
and decreasing it immediately as response approaches set point. Experimental step
response studies showed that, processes of this class returned undamped oscillatory
behavior for large alpha values near steady state. Minimum and maximum
boundaries of output membership functions for this case are out of boundaries
determined by min (L/2, ) — max (L/2, ) range which was the base for case a rules.
Detailed understanding of these boundaries can be obtained from the rules given in
previous part about simple three section self tuning of alpha with a hybridization

device.

Case ¢ — Rule Base
i. If uis very large, then alpha is very small.
ii. If u is large, then alpha is very small.
iii. If u is medium, then alpha is very small.
Iv. If u is small, then alpha is very small.
V. If u is very small, then alpha is very small.

Rule base for this case is simply based on keeping alpha at its minimum level
independent of any variable. As a result, output action is kept constant at “very

small” degree in each case. Besides a and P scaling factor, which conducts the
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Output

relationship between Ky and K; gain factors, is also kept at min (L/2, t) value only
for this case. In cases a and b, beta factor is always set to be equal to max (L/2, t) as
default.

Calculation of K; gain is also made by taking 67% excess of time delay (L) as basis
for it was also made the same way for case c in previous three cases based study.
Figure 5.2 and 5.3 show comparative graphical representation of step responses

generated by both the non-self tuning and the fuzzy tuned IMC PID controllers.
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Figure 5.2 : Comparison of the step responses for the process;
Gp1(s)=[0.187/(21.725+1)*] x e®
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Figure 5.3 : Comparison of the step responses for the process;
Gp(s)=[1/(255+1)] x e
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As it can obviously be inferred from graphics above, fuzzy tuned self tuning fuzzy
controller strategy improves control performance for primary process model derived
from the concerning reboiler by minimizing overshoot while also keeping pace high
at transient zone. This provides the system with a much shorter settling time and
taking energy input into account which is the case in real systems, proposed scheme

promises much cheaper operating conditions.

Table5.2: Comparative rise time and maximum overshoot results of non-self
tuning and multi-region self tuning Fuzzy IMC PID controllers for
various processes

Rise Time Maximum Peak
Process Transfer (Unit Time Period) (0S)
Function Non-Self Multi- Non-Self Multi-
Tuning Region Self | Tuning | Region Self
i/(25s +1) [xez 78.2 113 23.0% 1.5%
6/(155 +1)? |x e 88.6 95.6 48.0% 25.0%
/(255 +1) [xe s | 64.0 65.7 19.0% | 95%
5/ (10s +1)° [ 205 45.1 45.4 40.0% 19.7%
[5/ (35 +1)° ]x e "™ 89.0 148 141.5% 47.6%

Table 5.2 and 5.3 show the advantage of fuzzy rule based self tuning Fuzzy IMC PID
controllers. According to rise time, overshoot, settling time and ITSE index, the

proposed method show better performance.
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Table 5.3 : Comparative settling time and ITSE results of Non-Self Tuning and
Fuzzy Rule Based Self Tuning Fuzzy IMC PID controllers for various

processes.

Settling Time
(Unit Time Period)

ITSE

(Integrated Time Square of

Process Transfer Erran
Function i Fuzzy Rule i Fuzzy Rule
Non _Self Based Self Non _Self Based Self
Tuning Tuning Tuning Tuning
/(255 + 1) |« 2 325 234 1514 1251
/(155 + 17 [xe s | 1934 471 39670 3091
/(255 +1)7 [xe s | 256 184 784 680
5/(10s +1)2 [xe 2 | 337 269 1126 681
[5/(35 +1)? [x e N 860 9.8x105 1.2x104
settling ' '
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6. MODEL BASED PREDICTIVE PEAK OBSERVER

There exist various heuristic and non-heuristic tuning strategies for the adaptation of
scaling factors of fuzzy controllers. The peak observer idea given in [31] proposes a
simple tuning structure that needs no additional designer parameter. It basically
keeps watching on the system’s output and transmits a signal at each peak time to
adjust the input scaling factor corresponding to the derivative coefficient and the
output scaling factor corresponding to the integral coefficient of the PID type fuzzy
logic controller [32]. The block diagram of the proposed method is shown in Figure
6.1.

Farameter Feak
Rezulator Mmerver
e kK, k.
-~ Fuzzy _’ﬁ + .
; - | I : Gis) F
~ Derivisbive ¢ | . F antroaller .
Fstimsnor | | M - if

Figure 6.1 : The closed-loop control structure for parameter adaptive PID type fuzzy
logic controller via peak observer

The algorithm for tuning these parameters is as follows:

Kas

Kd= 6k

B = 6kBs (6.1)

where Kgs and fs are the initial values of Ky, B and dx values are the peak values as it
is shown from the typical step response of a second order system in Figure 6.2. It can
be easily deduced that if in the meanwhile of decreasing B, Kq is increased in the
same rate as P is decreased, the equivalent proportional control strength will remain
unchanged. Then, the system can always keep quick reaction against the error under
this condition. This is achieved by updating the integral coefficient as the reciprocal

of the derivative coefficient.
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Figure 6.2 : Different phases of the step response of a control system

6.1 Fuzzy IMC PID Peak Observer Controllers

In the peak observer method, it is proposed to replace the parameters of PID with the
factors related to error in the points which the output of the controlled system have

the peak. This idea is first come out in the fuzzy type PID controller [31].

In this study, model based predictive peak observer method is adapted to a Fuzzy
PID based on IMC. When the process responses of Multi-Region Self Tuning Fuzzy
IMC PID controllers are observed, it is seen that those systems have some overshoot
and oscillations. This proposed model based peak observer method can prevent

oscillations in the systems with overshoot.

In this first step, a reference is applied to the system and the system is observed. In
this method, the overshoot, which is obtained by adjusting the control parameters
before the system reaches the peak point, will be lessening with respect to the first
peak obtained by the system. In order to decrease the overshoot, it is aimed to adjust
the control parameters after the system passes the reference value. Obtaining a
formula which can be applied to all the systems was attempted. However, this will be
the future work. But in this study, the scaling factors of PID parameters are obtained

by trial and error method.
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The proposed method takes the output of the system with IMC based Fuzzy PID
controller basis and the PID parameters are adjusted according to the error and so
before it reaches to first peak, the overshoot can be decreased by adjusting the

controller parameters. Figure 6.3 shows the block diagram of the Model Based Peak

Observer Fuzzy IMC PID controller.

uith ___:4/_‘)—. Fuzzy Process
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and Parameter
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Figure 6.3 : Fuzzy IMC PID Peak Observer Controller

When this method is applied to the process in Simulation 3.1, the response of the
system is shown in Figure 6.4. PID scaling factors are found as k;=0.17, k,=0.0018,

ks=0.1 by trial and error. It is seen that the proposed peak observer method gives

smaller rise time and settling time than the others.
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Figure 6.4 : Comparison of the step response of Simulation 3.1

In Figure 6.5, the scaling factors of PID parameters are found as k;=3.2, k;=0.21 and

ks=1.2 by trial and error. One can say that peak observer method gives smaller rise

time, settling time and less overshoot when it is compa
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red to the other methods.

250



QOutput

T T T T
12+ —— ]
.o’” I|.
r e
1+ ,'r" --------- ’—GL“_ ____________________
08 j -
r
!
06 / -
/ =+="=+- Fuzzy IMC PID
04+ ; Fuzzy IMC PID PO -
S Multi-Region Self Tuning Fuzzy IMC PID
{
0ok Classical IMC PID N
0 1 1 1 1 | | |
0 500 1000 1500 2000 2500 3000 3500 4000

Time

Figure 6.5 : Comparison of the step responses of Gp(s)=[0.0708/(120s+1)*]*e™*%

In Figure 6.6, scaling factors are obtained as k;=8.5, k,=0.8 and k3=4 by trial and
error method. The figure clearly depicts that the overshoot decreases considerably,

and it settles in a shorter time.
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Figure 6.6 : Comparison of the step responses of Gp(s)=[3/(2s+1)*]*e***

In Figure 6.7, ki=1.3, k,=4 and k3=0.82 are obtained by trial and error
method. Again, less overshoot is obtained by peak observer method and also
settling time and performance indexes which are shown in Table 6.2 indicate

the advantages of this method.

64



Qutput

Time

Pl ;':L:‘-
,;.!"f- wl"h, et —————
- ;5?# e e L L o o e e e O et ol B
*
""""" Fuzzy IMC PID
i Fuzzy IMC PID PO 7]
""" Multi-Region Fuzzy IMC PID
B mrm—— Classical Fuzzy IMC PID 7
| | | | | |
0 100 200 300 400 500 600 700

Figure 6.7 :  Comparison of the step responses of Gp(s)=[1/(25s+1)"]*e**

In Figure 6.8, trial and error method gives the following parameters for PID

as k;=1.6, ky=1.9 and k3=0.8. Similar to the previous ones, smaller overshoot,

better settling time and rise time are the important features of peak observer

method.
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Figure 6.8 : Comparison of the step responses of Gp(s)=[3/(5s+1)*]*e*
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Table 6.1 : Comparison of non self-tuning control with peak observer based control
according to rise time, settling time, overshoot and steady-state error

Rise Time Settling Time Overshoot Steady-state Error
Processes Non | With | Non | With | Non With Non With
P.O* P.O* P.O* P.O* P.O* P.O* P.O* P.O*
0187
B ———— ] -
(17.465 +1)2 20.1 5.22 104.2 87.8 22.7 14.5 +0.7 0.7
0.0708 44
7e =
(1208+1)2 1479 | 1454 480 230 0.175 0.04 0.004 | +0.015
3 -01s
7€ ot 2.425 1.27 1.7 7.6 0.16 0.035 -0.007 -0.002
(2s+1)
1 -14s
——e™ 33.8 39 180 70 | 0195 | 0.025 |+0.0015| +0.001
(255 +1)
3 _
~e 6.68 7.1 224 | 123 | 018 | 0.034 | -0.004 | +0.0002
(55 +1)
1 ~255
— 5 ¢ 2 36 43.5 212.4 83 0.235 0.01 -0.002 | -0.0007
(255 +1)

Non P.O.* : non self-tuning fuzzy IMC PID process response

With P.O.* : model based predictive peak observer fuzzy IMC PID process response

In Table 6.1, the differences between non self-tuning fuzzy IMC PID control and
model predictive peak observer control can be obviously seen. Peak observer based
control method shows smaller rise time, settling time, overshoot and also steady state

error. Oscillations also decrease with this method.

6.2 Comparison Between Peak Observer and Multi-Region Self Tuning
Methods

The advantages of model predictive peak observer based control over multi-region
self tuning control can be easily seen in Table 6.2. Performance indexes ITAE and
ITSE show that peak observer based control gives relatively less error. Also it can be
concluded that this proposed method is the best choice according to overshoot, rise
time, settling time and steady-state error parameters.
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Table 6.2 :

Comparison of multi-region self-tuning control with peak observer based control according to ITAE, ITSE, rise time, settling time,

overshoot and steady-state error

0.187 5 00708 1q; 3 oo L s 3
(17.46s +1)° (120s +1)° (25 +1) (255 +1)? (55 +1)°
(TSE M.R* 1.35x106 6955 1.547 740.2 22.59
P.O* 0.3x106 5234 0.5195 687.1 20.32
TAE M.R* 9.075x104 2.694x104 9.059 4092 74.13
P.O* 5.374x104 1.654x104 6.722 2615 66.36
Rise Time M.R* 20.2 149.5 2.47 37 7.6
P.O* 5.6 142 1.25 34.5 6.6
Settling M.R* 68 227 35 99 13.2
Time P.O* 87 220 1.85 62 11.4
overshoot M.R* 9.5 05 0.073 0.053 0.017
P.O* 4.7 0.2 0.03 0.037 0.005
Steady State | M.R* 0.016 0.003 0.002 0.001
Error P.O* 0.002 0.002 0.008 0.012

M.R* : Multi-region self tuning fuzzy IMC PID control based system response

P.O.* : Model based predictive peak observer fuzzy IMC PID control based system response
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7. CONCLUSIONS AND RECOMMENDATIONS

In this study, multi-region self tuning method and model based peak observer method

for Fuzzy IMC PID controllers are proposed.

After modeling studies of reboiler process transfer function, classical and fuzzy IMC
PID controllers were designed for any given process. Reboiler process transfer
function and controller design calculations made for this process and were
demonstrated as primary model example. According to the results of the primary
process model and a few different processes with varying transfer functions, Fuzzy
IMC PID controller has advantages over classical controllers but for highly delay
dominant systems, it has certain drawbacks.

Therefore, some self tuning strategies were developed for fuzzy IMC PID controller.
From the analysis of design parameters of fuzzy IMC PID controller, smaller a and
larger B section makes the system response faster but causes some overshoot while
larger a and smaller B provides more sluggish response but smaller settling time with
much less overshoot. In order to achieve the best possible result, a serious of trials all
of that concerns to different a-p combinations were conducted for the process under
investigation. The transient part of a=1 and B=21.72 system and steady state
performance of a=10 or 5 and f=21.72 system is planned to be combined to make
system response rise fast and settle well. As it is seen B should be constant at 21.72
but a should be selected a value between 1 and 10. It can be concluded as a value
gets bigger gradually, rise time increases, so response slows down too early but
overshoot decreases. Because of the system response needs to be kept fast until a
specified ratio of ultimate response is achieved, EIR (Error Input Ratio) is defined
and o is kept minimum until the specified ratio, after the specified ratio a begins to
increase gradually. This allows system response stay fast as long as possible and
begin to slow down when it is about to reach the set point. double step self tuning
Fuzzy IMC PID controller gives better results compared to its non-self tuning type
but these results cannot be generalized for all kinds of processes. Therefore, the step
response of the process controlled by non-self-tuning controller is examined and first
overshoot peak value is observed. By dividing this value with input value, a new
ratio parameter is defined as OSR. The results of processes with this OSR based self

tuning Fuzzy IMC PID controllers are quite well when they are compared to ones
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with non-self tuning Fuzzy IMC PID controllers. But It is seen that as R ratio
increases, settling time increases and for the processes with controllability ratio

greater than 0.33, oscillations starts to increase.

The first proposed strategy is Multi-Region Self Tuning Fuzzy IMC PID controllers.
Self tuning rule base table was obtained by partitioning the controllability ratio R in
to three portions which means 0.33 for each in partitioning of 0-1 range. After that,
rules in each three sections were replaced with fuzzy “if — then” rules in order to
soften the transient zone behaviors along rule boundaries and also along partitioned
portion boundaries. The final results showed that proposed multi region self tuning
rules improved step response performance of Fuzzy IMC PID controller by providing

it with the proper self tuning strategies for each kind of process behavior.

Another proposed strategy is Model Based Predictive Peak Observer method for
Fuzzy IMC PID controllers. In this method, it is treated before the system reaches its
peak point based on its process model. The adjustments of PID controller parameters
are found by trial and error method. The results of the primary process and the other
kinds of processes a comparison was made based on the performance indexes such
ITAE and ITSE, rise time, settling time, overshoot and steady state error. It can be
easily said that the proposed peak observer method improved the response

performance of fuzzy IMC PID controller.

For future work, instead of using trial and error method for adjusting PID parameters,
they should be found from process parameters so it can be generalized for all kinds
of processes. Also, detailed investigation is needed for disturbance effects and

responses.
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