











DESIGN AND TUNING OF FUZZY PID CONTROLLERS FOR
MULTIVARIABLE PROCESS SYSTEMS

(©FEranda Harinath, B.Sc (Eng).

A thesis Submitted to the

School of Graduate Studies

in partial fulfillment of the
requirements for the degree of

Master of Engineering

Faculty of Engineering and Applied Science
Memorial University of Newfoundland
January, 2007
St.John’s, Newfoundland, Canada



Library and
Archives Canada

Bibliothéque et
* Archives Canada
Direction du
Patrimoine de I'édition

Published Heritage
Branch

395 Wellington Street

395, rue Wellington
Ottawa ON K1A ON4

Ottawa ON K1A ON4

Canada Canada
Your file Votre référence
ISBN: 978-0-494-31251-3
Our file Notre référence
ISBN: 978-0-494-31251-3
NOTICE: AVIS:

L'auteur a accordé une licence non exclusive
permettant a la Bibliotheque et Archives
Canada de reproduire, publier, archiver,
sauvegarder, conserver, transmettre au public
par télécommunication ou par I'Internet, préter,
distribuer et vendre des theses partout dans

le monde, a des fins commerciales ou autres,
sur support microforme, papier, électronique
et/ou autres formats.

The author has granted a non-
exclusive license allowing Library
and Archives Canada to reproduce,
publish, archive, preserve, conserve,
communicate to the public by
telecommunication or on the Internet,
loan, distribute and sell theses
worldwide, for commercial or non-
commercial purposes, in microform,
paper, electronic and/or any other
formats.

The author retains copyright
ownership and moral rights in
this thesis. Neither the thesis
nor substantial extracts from it
may be printed or otherwise
reproduced without the author's
permission.

L'auteur conserve la propriété du droit d'auteur
et des droits moraux qui protége cette these.
Ni la thése ni des extraits substantiels de
celle-ci ne doivent étre imprimés ou autrement
reproduits sans son autorisation.

In compliance with the Canadian
Privacy Act some supporting
forms may have been removed
from this thesis.

While these forms may be included
in the document page count,

their removal does not represent
any loss of content from the

thesis.

Canada

Conformément a la loi canadienne
sur la protection de la vie privée,
guelques formulaires secondaires
ont été enlevés de cette these.

Bien que ces formulaires
aient inclus dans la pagination,
il n'y aura aucun contenu manquant.



Abstract

Multivariable processes are often found in many industries such as chemical, refinery,
and aerospace. The complex and nonlinear nature of multi-input and multi-output
(MIMO) systems makes multivariable control a challenging task. Multivariable con-
trol become difficult in the presence of loop interactions where different control loops
in the multivariable system exhibits coupled behavior in the control variables. When
the multivariable system is broken into several single-input-single-output (SISO) con-
trol systems, the individual control loops can be characterized by equal number of
SISO control problems. However, when interactions exists, an individual control loop
will be affected by more than one control variable in the multivariable system. There-
fore design of MIMO control systems is often a challenging research area in the area
of multivariable control.

There are many multivariable control techniques which have been developed to
address the above issues, including advanced multivariable control techniques such
as model predictive control. Among them, proportional integral derivative (PID)
control has been the most common in industries. Application of fuzzy logic for control
problems have been shown to improve overall performance significantly. Although
there are many applications related to SISO based fuzzy PID systems, the application
and design of fuzzy PID systems for multivariable systems are less common. The
adaptive and nonlinear nature of fuzzy control allows fuzzy PID systems to handle
nonlinear systems more efficiently than using linear PID controllers.

The objective of this thesis is to develop a technique to design and tune PID type
fuzzy controllers for multivariable process systems. In this work, the standard addi-

tive model (SAM) based fuzzy system is selected to design the rule base. The SAM
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inference system follows a special volume and centroid of membership based technique
for defuzzification. A nonlinearity study has been performed to show the advantages
of using a SAM based inference system against traditional min-max-gravity based
inference systems. The SAM system is implemented on two fuzzy PID (FPID) sys-
tems. FPID type I is designed using Mamdani’s style FPID system and constitute
coupled rules to define the overall FPID output. FPID type II is designed using a
rule decoupled system, in which each PID action is described using a separate rule
base.

FPID tuning is performed using the two-level tuning principle where the overall
tuning is decomposed into two tuning levels, low-level and high-level. The low-level
tuning is dedicated to devise linear gain parameters in the FPID system where as
the high-level tuning is dedicated to adjust the fuzzy rule base parameters. The low-
level tuning method adopts a novel linear tuning scheme for general decoupled PID
controllers and the high-level tuning adopts a heuristic based method to change the
nonlinearity in the fuzzy output.

The stability analysis using Nyquist array and Gershgorin band proves the ro-
bustness of the proposed method. The stability criterion is performed to define the
hard limits for nonlinear tuning variables in the SAM system. The proposed FPID
tuning technique guarantees the stability of the MIMO control system.

The applicability of the proposed methods in this research is demonstrated through
several control simulations and real-time experiments. The results show FPID sys-
tems able to handle such a complex system more robustly than using linear systems

and also the experiments validated the design method proposed in this thesis.
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Chapter 1

Introduction

1.1 Overview of Multivariable Control

There are many industrial control systems which are required to deal with multi-
variable systems. The distillation columns is one good example used in the chemical
and refining industry to achieve product purification. Multivariable control becomes
a challenging task in the process industry especially when the process contains sig-
nificant interaction among loops. In addition to the dynamic coupling existing in
multi-input-multi-output (MIMO) systems, the general limitations that are applicable
for single-input-single-output (SISO) systems also complicates the design procedure.

Levien and Morari [1] have discussed three such limitations on process resilience.
e Non-minimum phase characteristics.
e Constraints on manipulated variables.
e Sensitivity to model uncertainty.

The non-minimum phase characteristics are caused by the presence of time de-

lay and right-half complex plane (RHP) zeros of the process. The time delay is a
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very common phenomenon in process industries , especially in chemical industries.
The presence of time delay in a feedback control loop could be a serious barrier to
good process performance. This problem is more complicated in the case of MIMO
processes. The input-output loops of MIMO process usually have different time de-
lays, and for a particular loop its output could be affected by all the inputs through
different time delays. As a result, such a plant may then be represented by a mul-
tivariable transfer function matrix having multiple time delays around a operating
point. It is well known that the presence of RHP zeros limit the achievable closed-
loop performance. The most familiar characteristic of real RHP zeros is that they
lead to an inverse response to a step change in input.

Almost all processes which appears in industry operate under input constraints
since the manipulated variables can only vary between the upper and lower limits of
the corresponding actuator. These physical constraints on inputs make the process
nonlinear and design of controllers more complex.

In general, when a controller is designed using off-line simulations, a model of the
process is considered. It is known that due to the modeling errors, there is always
model-process mismatch. This model-process mismatch sometimes causes undesirable
responses with unstable transient output. Therefore, the designed controller should
be more robust to model uncertainty.

A large number of design methods addressing the above issues are available for
SISO systems. However, there are few commonly used techniques for MIMO systems

which address the above issues.



1.1.1 Internal Model Control (IMC)

The Internal model model (IMC) [2] is a model based control structure that provides
a convenient way to tune and design a controller. Especially IMC based proportional
integral derivative (PID) controllers are more popular. The IMC structure offers sev-
eral advantages [3] as compared to the standard feedback control such as conventional
PID. Those includes convenient analysis of non-minimum phase characteristics and
controllability analysis in the presence of time delay and RHP zeros. The IMC con-
trol tuning usually simplifies to a single parameter, and offers a convenient design
procedure for optimal performance.

The design of an IMC controller for a SISO process is quite standard. Revera
et. al. [4] have introduced the IMC-based PID control for first-order SISO process.
However, unlike in the scalar case, the design of an IMC controller for MIMO process
is mathematically complex. This is tedious especially in the case of higher dimensional
process or when the process constitutes non-minimum phase characteristics [5]. This
non-minimum phase problem is usually solved by factorizing the process model into
two parts; invertible and non-invertible [5]. The non-invertible part is diagonal and
contains the time delay components and non-minimum phase zeros of the process
model. However, the resulting closed-loop system still consists of unavoidable time
delays and non-minimum phase zeros.

In the absence of disturbance and model-process mismatch, the IMC structure
has the capacity to handle the manipulated variable saturation. This is mainly due
to existence of an openloop structure of the overall system [3]. However, in practice
there may be model process mismatch and disturbances. The conventional remedy is
to compensate the effects of constraints by modifying the controller input when the

output of the controller ( manipulated variable ) is saturated. In literature, the works



that discuss such performance limitations include [6], [7], [8], [9], [10], [11].

1.1.2 Model Predictive Control (MPC)

Model predictive control (MPC) refers to a class of computer control algorithms that
utilize an explicit process model to predict the future response of a process over an
extended time horizon. The MPC is more famous as one of the most attractive
control technique especially among multivariable processes which appear in chemical,
automotive and aerospace industries [12] [13] [14]. This real benefit of MPC is accrued
mainly due to its explicit use of the process model and optimization technique to solve
complex control problem such as non-minimum phase, constraints on manipulated
variables, model uncertainty in multivariable processes [15] [16]. Especially, MPC
has the capacity to easily handle the multivariable processes with long and varying
time delays [3], [15], [16] in addition to inverse response behavior due to RHP zeros
[17].

It is well known that model uncertainties cannot be avoided in practice, espe-
cially, in many chemical processes. There is a growing interest about this problem
and many researchers are attempting to find solutions to compensate [18], [19], [20].
The parameter uncertainties are the main cause of performance degradation and in-
stability. As a remedy they tend to apply different modeling techniques to predict
output response of process and in some cases adaptive techniques also have been
utilized. There are two types of notable original formulations of MPC in last three
decades. The dynamic matrix control (DMC)(Cutler and Ramaker, 1980) [21] and
the generalized predictive control (GPC)(Clarke, et al., 1987) [22]. The DMC uses a
step response model to predict the future output response of process while GPC uses

a controller with auto-regressive integrated moving-average (CARIMA) model.



However, As most of the industrial processes display non-linearity, linear MPC
algorithm may not exhibit satisfactory dynamics performance. Researchers recently
began to develop nonlinear model, such as fuzzy logic based model, neural network
based model in order to predict future output in the nonlinear MPC (NMPC) algo-
rithm [23], [24], [25], [26], [27], [28]. There is good discussion about literature survey
of MPC techniques in [29].

1.1.3 Proportional Integral Derivative (PID)

It is well known that the PID controller is the most popular and widely used con-
trol system in industries. PID controller offers simple control structure and allows
implementation using fewer number of variables. According to the survey conducted
by Yamamoto and Hashimoto [30], PI/PID controllers are used in more than 90% of
control loops in Japan. Due to its popularity, researchers attempted to develop the
advanced control techniques such as optimal control, H,,, MPC, IMC in order to gen-
erate equivalent PID terms. In the second chapter, there is comprehensive study of
PID controller applications in multivarialble processes and equivalent representation

of advanced control techniques.

1.1.4 Fuzzy Control

Fuzzy logic was introduced by Zadeh [31] and has been widely used in many engi-
neering areas and consumer products and has gained much interest since the pioneer
work of Mamdani [32], [33]. Fuzzy logic control (FLC) has emerged in recent years
as promising way to approach nonlinear control problems [34]. Some applications of
FLC for MIMO systems have been reported in [35].

The main challenge in fuzzy control design is in the tuning, particularly in choosing



correct fuzzy system and its associated fuzzy parameters. The curse of dimension-
ality during the rule explosion [36] is the main draw-back and as a result the fuzzy
control designers are still unable to find an effective tuning algorithm. However, the
recent increase in computing power enabled most designers to adopt numerical op-
timization techniques for generating optimum or near optimum solutions to fuzzy
systems, such as genetic algorithm and neural network, where those techniques have
the capacity to determine a large number of unknown parameters in fuzzy systems
[37],[38] . However, those application are somewhat specific and unable to generalize
for wider process specifications. Moreover, most of them are off-line optimization
methods and cannot be used for real-time control. In many cases the optimizations
have been performed using exact process model and any miss-match of the real the

system does not guarantee stability or the overall performance.

1.2 Research Motivation

The common issues related to MIMO controller design includes; non-minimum phase
characteristics, constraints on manipulated variables, sensitivity to model uncertainty
on process resilience, the interactions which exist among different loop of multivariable
processes. Among those the loop interaction is the most challenging issue in the area of
multivariable control. When interactions are not severe one input signal mainly affects
only a particular output. Under those circumstances, when the pairing of input-
output is not a problem, it might be sufficient to assign a number of SISO control
loops in order to control the system. This type of control is called the decentralized
control of multivariable process and conventional SISO tuning techniques can be
applied to obtain desired response of the process.

However, in many cases when a particular input signal is varied, it not only



effects one variable but also several other outputs in the MIMO systems. When the
interactions among the openloops process are severe the conventional scalar control
tuning techniques may results in a poor performances even leading to instability of
the control system. As a solution to the interaction problem, a dynamic decoupler
(compensator) can be used. The dynamic decoupler requires computation of the
inverse process model. In many cases, the resulting dynamic decoupler may not
be physically realizable [3]. Alternatively, this problem can be solved using static
decoupler. The static decoupler is easy to design and implement since it requires less
information about the process model and depends only on steady state conditions of
the process output variables. The static decoupler is effective only at steady sates
and the interaction among loops at high frequency will not be eliminated.

“The multivariable control becomes challenging task in process indus-
try especially when the process has significant interactions among loops.”

In order to cope with this problem, the interactions should be the main design
criteria when a controller is designed for a multivariable process system. The advanced
control techniques have some difficulties in dealing with interactions among loops
specially when band widths of those loops are limited. In some cases they are operated
in supervisory mode [39]. Since PID controller is popular, design and tuning of PID
controller is suggested. As a result most of PID controller operate in sub-optimal
manner. Most of industrial processes are often nonlinear systems [40]. ‘Then design
of classical linear controller is generally based on linearized model around a steady
state point. Hence the PID controller can not successfully control highly nonlinear
plants [41].

Fuzzy PID controller (FPID) controllers have been successfully used in industrial
processes and have often produced results superior to those of classical PID controller

[42], [43], [44] including its simplified versions of fuzzy proportional derivative (FPD)
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and fuzzy proportional integral (FPI) controller [45], [46], [47]. This real benefit of
FLC is due to the nonlinearity that exist in the fuzzy output, the heuristic nature
associated with simplicity and effectiveness of both linear and non-linear plants [35],
[48]. The sub-optimal PID performance can be improved while incorporating non-

liner FLC technique.

1.3 Research Objective

The main objective of this research is the design and tuning of FPID
controller for multivariable process system. This research attempts to address
the main problem of interactions among deferent loops which commonly appears on

multivariable process system in industry.

1.4 Controlling Process

This research is focused on the conventional feedback strategy of a three inputs three
outputs multivariable soil heating cell. First, the proposed FPID controllers tuning
techniques are simulated for the finite element (FE) based 3 x 3 soil- heating processes
[49]. Two transfer functions with different time delays are derived. A theoretical
model is obtained using FE modeling [49]. The same model is altered by increasing
time delay of the theoretical transfer function by two times. Finally, the proposed

FPID controller techniques are applied to 3 x 3 soil-cell (real time experiments).
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1.5 Systematic Design Procedure

Fig. 1-1 shows the flow of design and tuning of FPID controller for the soil-cell.

Following steps summaries the systematic design procedure.

1. Equivalent first-order delayed models are found for all higher order sub-processes

by analyzing the response using plant reaction curve methods.
2. The static decoupler is obtained for MIMO process.

3. An equivalent first-order model for overall compensated system (first-order
model with static decoupler) is obtained using truncated Taylor series approxi-

mation at low frequencies.

4. A measure of interaction is developed and integral gains are calculated for each

loops at particular values of interaction indices .

5. Using direct pole placement method [50] and Ziegler/Nichols (ZN) [51] tuning
formulae proportional and derivative gains of linear PID controllers are calcu-

lated for low-level tuning.

6. Standard Additive Model (SAM) is developed for MIMO process and high-level
tuning parameters are identified in order to have optimum nonlinearity in the

fuzzy output.
7. Different types of FPID configurations are considered for design of SAM.

8. Nonlinear tuning parameters (volumes of then-part fuzzy in SAM) are tuned

for each FPID configuration so that overall system is stable.
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1.6 Contributions resulted from this Thesis

Followings are the summary of outcomes in this research.

1. Extension of two-level tuning method for MIMO systems. The two-level tuning
proposed in (Mann,99) is extended for a MIMO system. This is a novel attempt

in multivariable control.

2. Development of novel linear PID tuning technique for MIMO systems. The
linear tuning can be applied for any n x n process systems whereas other general

methods have limitation to the 2 x 2 systems.

3. Investigation of Standard additive model (SAM) based fuzzy inference for MIMO
systems. SAM based fuzzy inference allows nonlinear control. This is the first

time application of SAM based fuzzy inference to multivariable systems

4. Development of generalized tuning technique for n x n multivariable FPID sys-

tems.

1.7 Organization of the Thesis

Chapter 2 provides an introduction of two-level tuning principle for FPID controllers.
Two types of FPID controller are considered and detail analysis of two-level tuning
technique for those are presented.

Chapter 3 describe a design of linear PID system for coupled multivariable process
system. The interaction index is introduced to choose PID parameters. Stability
analysis demonstrated through Nyquist array, Gershgorin band, gain and phase mar-

gins in order to prove robustness of proposed controller. The performance of the
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proposed controller is evaluated using two control simulations. The results compare
with well-known biggest log modulus (BLT) [52] technique for multivariable process.

Chapter 4 shows a non-linear FPID controller tuning technique for multivariable
process system. SAM inference is presented and advantages of SAM is discussed
with other commonly used fuzzy systems in the view of nonlinearity analysis. High-
level tuning parameters are identified for SAM based FPID controller. Stability of the
controller is analyzed in order to select correct values for high-level tuning parameters.
Two types of SAM based FPID controller are investigated. The performance of
the proposed FPID controller techniques are evaluated using two control simulations
and compared with its counterpart; linear PID controller tuning technique which is
presented in chapter 3.

Chapter 5 describes real time experiments of temperature control of a soil-cell.
The objective of experiments is to control temperatures at three different locations
of soil-cell using three different heaters. The soil-cell is modeled using first dead time
models and identified using step response via process reaction curve. The different
controller techniques; PID, FPID type I and FPID type II are implemented using
dSAPCE controller board, SIMULINK, MATLAB and other hardware instruments
like heaters, power suppliers etc. The performance of different controller techniques
have been evaluated

Chapter 6 summarize the work presented in this thesis and provides suggestion

for further research.
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Chapter 2

Two-Level Tuning Principle

2.1 Introduction

In general the FPID design is a two-level tuning problem [53]. While low-level tuning
addresses the linear gain and overall stability, the high-level tuning provides nonlinear
control to enable superior performance. In a rule-coupled fuzzy system, such as
Mamdani-Zadeh based system, the inputs (error and its derivative) are coupled to
produce a combined fuzzy PI output [53]. The coupled nature of the inputs generally
makes the nonlinear output a complex function. As a result it is difficult for one
to isolate linear gains from the nonlinear output. In order to facilitate the two-
level tuning, apparent linear gains (ALG) and apparent nonlinear gains (ANG) are
defined. While the ALG terms are related to the overall performance and stability of
the system the ANG terms provides the nonlinearity that is necessary in the fuzzy
output. In the past for SISO systems, some have attempted to provide tuning rules
for linear gains [54], [55], [66]. However the nonlinear tuning was not sufficiently or
explicitly described. In [57], the design of conventional FPID is identified as a two-

level tuning problem and described as a way of obtaining ALG terms for conventional

13



e é; i
—>(S1; [ Adlprp; . ,
SAM UpID; UpIDi
. . ——
Aei Ae,- + O Su
— Sy || F (6,06,0%)) T_i
-1
Aze,; Azél’ Z
e | S3, o
(a)
SAM | @y
™ Fi@) > i

U

é; SAM | % + Yipip; PIDi
—>| Sy > Fyé) f%—j' KyiTg —(>—>
A
z! '
iy,
— SAI\} i Kpi/Ts
F3(é) :
z-1

Figure 2-1: FPID configurations. (a) Type I: rule-coupled FPID, (b) Type II: rule
de-coupled FPID

FPID type controllers. However, the non-linearity tuning was not sufficiently or
explicitly described for implementing a two-level tuning. In the following section a
systematic procedure is developed to devise two-level tuning methodology for general

FPID controllers for MIMO systems.

2.2 Fuzzy PID (FPID) Configurations

Two types of FPID configurations are considered as shown in Fig.2-1. The type I is
a conventional Mamdani’s type FPID and has three inputs and it produces an incre-

mental FPID signal. The type II uses SISO rule inference to provide decoupled and
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independent tuning for the three actions in the PID signal [58]. Using suitable scale
factors (Sy;),where w = 1,2, 3, the feedback error terms (e;) and its corresponding

normalized error variables (&;) at n®* sampling instance can be expressed as

éi(n) = Sy ei(n)

AQéZ(’)’L) = S3iA2€i(n). (21)

All FLC input variables are normalized to a compact region [-1,1]. The error variables
are normalized by using the condition é,; = max(—1, min(1, Sy;ey;)). The defuzzified
controller output after the fuzzy inference is denoted by 4. Similarly the FLC output

is normalized by using the condition 4 = u/Upqq-

2.2.1 High-Level Nonlinear Tuning Variables

The nonlinear tuning variables are selected to affect ANG terms at any given local
control point in the control surface. Since PID gains are proportional to the slopes
of the control surface, the slope angles of the tangents drawn at a given point on
the nonlinear control surface are considered to be the nonlinear tuning variables. For
simplicity, two slope angles drawn at two selected points (see Fig. 2-2) on control
surface are considered as nonlinear tuning variables.

In order to isolate slope angles from their associated outputs of FPID type I
controller, the slopes are measured in the planes of individual error axes. The mea-
surement of these angles with respect to a two-dimensional control surface is shown in
Fig. 2-2(a). Fig. 2-2(b) shows a control curve that has been projected into a chosen

error variable. In general, for a three- input coupled rule base the slope angles can
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Where 4y =

control should allow independent variations of 6, and §; within the range [0 90°]

Variables

2.2.2 Low-Level Linear Tuning

The composed FPID control action for FPID type I is given by

(2.3)

1.
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k=0
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Assuming the fuzzy integral action and derivative actions are in the form given by,
n
dr(n) =Y ty(k)
k=0

and 4p(n) = Gy(n) — Gy(n — 1), the FPID action for FPID type II can be expressed

as
Kp;

uptD; = Sui Kpili + KuT Zﬂm(k) + 7
S

k=0

(t3i(n) — d3i(n — 1))] (2.4)

where Kp;, Kj; and Kp; are the linear PID gains for 5** loop and T} is the sampling
time. When a fuzzy system is set to produce a linear function, the FL.C will become
a linear type PID controller and is defined as an equivalent linear controller (ELC)
[59]. Using the ELC output the i** loop linear PID output can be arranged in the

following form;

n

ubips (n) = Kpai€i(n) + Kuai Y (k)T + KpaiAei(n) /T, (2.5)
k=0

where Kp,;, K. and Kp,; are defined as the ALG terms of the FLC system. A FLC
having linear rule base and uniform partition of universe of discourse of all variables
is named as a linear-like fuzzy logic controller (LLFLC) [59]. The ELC defined for
the LLFLC is used for deriving the linear tuning variables. Then the ELC output for
type I is given by

At = [6: + Aé; + A%, (2.6)
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From (2.1),(2.5) and (2.6), the ALG terms can be found as

KPai = SuS2z
Krai = SuS1/Ts
KDai - SuS3iTs-

Similarly, ELC output for type II is given by

Al Al ~l N
Uyy = Uy

From (2.1),(2.5) and (2.8), the ALG terms can be found as

Kpai = Kpi, K = Kpi and Kpy; = Kp;.

(2.9)

The gain analysis provides two-levels of tuning for PID control. The adjustment of

Kpq, Kp, and K, refers to a general PID tuning with the control surface normalized

to a linear form in the normalized output space. The ANG terms refers the effect

of changing the nonlinearity of the FPID output in the nonlinearity output space.

This ALG and ANG decomposition allows the use two-level of tuning for fuzzy PID

controllers.
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Chapter 3

Linear PID controller Tuning

3.1 Introduction

Design and tuning of PID controller for MIMO process is presented in this chapter.
It is well known that the conventional PID controller is still the most popular and
widely used controller in industries. The simple control structure allows easy design
and tuning. Most of industrial processes are often nonlinear systems [40], [60]. Then
design of classical linear controller is generally based on linearized model around a
steady state point. Hence the PID controller often provide sub-optimal performances
in nonlinear plants [41},[60]. Therefore, FPID controller is proposed and is tuned
using the two-level tuning technique which is described in the previous chapter. The
aim of this chapter is to identified the ALG terms for two-level tuning.

This chapter is organized as follows. First, the detailed literature review of con-
ventional PID controller for MIMO process is presented. Where it is identified that
the available tuning techniques for MIMO processes have not sufficiently addressed
the main problem of interactions among loops. Although there are few development

in the past where some considerations were given on interaction, they are strict for

19



two input two output (TITO) processes [61], [39] and difficult to extend for general
n X n MIMO processes. Secondly, the decoupling is performed while using a static
decoupler, which has the effect of reducing interactions within individual loops. At
steady state, the system with the static decoupler can be treated as number of SISO
systems. Using truncated Taylor series expansion, a first-order model is obtained for
the system with static decoupler at low frequencies. Each loop is assigned with a
PID controller. The PID controller is designed in three steps. First, an interaction
index is defined to reflect the low frequency interactions caused by a given loop to
other loops in the system. The maximum interaction index is then chosen to define
the integral gain. The proportional and derivative gains are then selected using di-
rect pole placement method and ZN tuning rule respectively so that the closed-loop
performance is improved.

Thirdly, stability analysis is performed for overall closed loop system using direct
Nyquist array (DNA) stability theorem. The DNA theorem uses openloop frequency
response characteristics of the system. The gain and phase margins are calculated for
the MIMO process systems using method. described by [62].

Finally, The proposed PID controller algorithm is simulated using two control
simulations. A Nyquist array and Gershgorin bands for the system is drawn in order to
justify the operation of controller for any frequency. The stability analysis suggest the
controller can be safely operated with safe gain and phase margins. The performance,
based on set point tracking and load disturbance rejection capability, of proposed

algorithm is compared against the well known BLT technique, proposed by Luyben.
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3.2 Background

In literature, the PID tuning methods applicable for MIMO systems can be divided
in to four main categories.

In the first category, the best input-output pairing configurations are selected and
individual PID controllers are subsequently designed while considering the diagonal
transfer functions of the MIMO process model. The gains may be selected using
well known ZN tuning rule. The ZN parameters are detuned by a factor in order
to guarantee stability. Niederlinski [63] used tuning heuristics to modify the ZN
parameters corresponding to individual PID controllers. In an other development of
this category, the BLT tuning rule is used. In the BLT technique the pairing problem
is assumed to have been solved. The method proposes a technique to choose the
de-tuning factor for ZN based PID parameter. For SISO systems, the log modulus is
defined as the magnitude of the closed-loop servo-transfer function and it expresses
in decibels. The SISO definition is then extended to define the biggest log modulus
and this number is directly used to calculate the de-tuning factor for ZN parameters.
Recently, Dan and Dale [64] proposed a new definition to the ultimate gain and
ultimate frequency which accounts the off diagonal transfer functions. The technique
is developed using the Gershgorin bands of Nyquist plot. In case of interactions the
method proposes a decoupler and the PID controllers are tuned by using modified
ZN method. The de-tuning factor is arbitrarily chosen.

Unlike in the first category, the second category avoids using any SISO based
tuning values, such as ZN. Instead the PID parameters are chosen entirely using the
Nyquist stability criteria. First, a compensator (decoupler) is designed for dynam-
ically coupled systems. Using the DNA the decentralized PID controllers are then

designed. Rosenbrock [65] pioneered to introduce the Inverse Nyquist Array (INA)
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analysis for MIMO control designs. Recently, Ho et. al. [62] introduced a method
to shape the Gershgorin band. First, gain and phase margins for individual loops
of the MIMO process are specified. Using the Gershgorian band the equivalent gain
and phase margins of diagonal transfer functions of the openloop processes are then
calculated. While knowing those gain and phase margins the PID design problem is
solved while treating each loop as an equivalent SISO problems and PID parameters
are thus obtained.

In the third category the PID tuning problem is solved using a closed loop inter-
action measure. The measure may be obtained either using steady state or dynamic
measures. Bristol [66] has proposed a method called the relative gain array (RGA)
to determine the interaction measure and this study was limited to steady state con-
ditions. Witcher and McAvoy [67] extended the RGA method to accommodate the
transient or dynamic process conditions. Astrom et. al. [39] then introduced a de-
coupled PID tuning rule based on the interaction measures and the study was limited
to a two dimensional (2 x 2) process. The PID controller is designed in such a way
that it will minimize the interaction index of an individual loop. Recently, Lee and
Edgar [68] considered error matrix of complimentary sensitivity functions between
process and diagonal process to define the dynamic interaction measure. IMC based
controller is then designed with specific value of closed loop time constant so that the
dynamic interaction is minimized.

In fourth category, the advanced control techniques such as optimal control, Hy,
and MPC have being utilized to find the equivalent PID terms [69]. MPC is the most
widely applied advanced control technique in process industries [3]. As a result pre-
dictive type PID controllers received more attention in this area of research. Moradi
et. al.. [69] have introduced a predictive PID controller based on GPC. Most of IMC-

based PID controller proposed in literature are not decentralized PID controllers.
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Figure 3-1: Statically decoupled multivarialble control

Rivera et. al. [4] introduced IMC- based PID control technique for first-order SISO
process. Lieslehto et. al. [8] proposed a heuristic tuning method for IMC-based PID
controllers for MIMO process with minimum phase elements. Although they are be-
ing classified as PID designs, the true functionality is similar to the related advanced
control system, such as MPC, and the PID terms represent only the equivalent form
rather than self PID control. In other words, the control structure constitutes a non
PID form and requires additional computing blocks, such as model identifications and
predictions for real time control.

Although the advanced process control techniques is becoming popular for the
MIMO system, PI/PID control is still dominant in process industries [9]. Under
such circumstances, it is very important to develop a PID tuning method which can
be applied to MIMO process. It is very clear that the available techniques have

limitations to extend for general MIMO systems, mainly due to the complex nature.

3.3 System Description

The conventional feedback strategy of a n inputs n outputs multivariable system with
a static decoupler and PID controller is shown in Fig. 3-1 where the multivariable
system is assumed as a linear and open-loop stable system. Then, the transfer function

of this MIMO system is described by,
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[ 0u(s) g(s) - ginls) |
G(s) = g21(8) g22(s) ... g2a(s) (3.1)
i gn1(5) gna(s) ... Inn(8) |

The open-loop SISO transfer function between i output and j** input when all other
inputs are zero is denoted by g;; where 7,7 = 1,2,...,n. The static decoupler D for

the above system can be described using (3.2).
D = G7Y0) (3.2)
Where it is assumed that G(0) is non-singular.

3.4 Low-Level Tuning

The PID controller matrix is expressed as,

G.(s) = diag{ci(s), ..., ca(s)} (3.3)
Where
ci(s) = Kp; + Ii” + Kp;s

and Kp; , K;; and Kp; are proportional, integral and derivative gains of the ¢** PID
controller. For the above system, shown in Fig. 3-1, the overall compensated system

i.e. process model and static decoupler can be written as,
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Where G(s) is the MIMO process modeled assuming an open-loop stable first-order
plus dead time model and D is the static de-coupler. Using the truncated Taylor
series expansion, the above transfer function L(s) is approximated to a first-order
model. Since higher order terms in the Taylor series expansion are made to zero,

this approximation is valid only at low frequencies. The approximated system is thus

given by,
Tu_lsﬁ K128 . K1n$
K218 —t . K2 S
L(s) ~ oot B (3.5)
i Kms ans e mi ]

Where Tj; represents the time constant of the i** SISO loop and

Kij ; i#]

represents off diagonal parameters which represent different loop interactions during
steady state. It is clear that at low frequencies the off-diagonal terms are propor-
tional to the frequency (s). Hence the system can be approximately decoupled if the
bandwidth of decentralized PID controllers are low enough.

The open-loop transfer function of the system shown in Fig. 3-1 is written as,

Q(s) = G(s)DGe(s) = L(s)Ge(s)
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— 1111(5) q12(s) ... qn(s) —
Qs) = ga(s) gqa2(s) ... qon(s) (3.6)
| Ga(s) () - Ganls) |

where

Kijs(Kpi+ 5+ Kpis) 3 i# ] .
KPI'+£LL'E'+KD7:S . o ( ' )
Tis+1 y U= J

a;(s) =
The close-loop relation for this system is expressed as,
y=[I+ Q(s)Gc(s)]'Q(s)Gc(s) . (3.8)

Where r and y are input and out put vectors respectively. Then, the closed transfer

matrix H(s) between y and r can be written as,

H(s) = [I + Q(s)Gc(s)] 7 Q(5)Gi(s)

[ hi(s) Bas(s) ... Ban(s)
hgl(S) h22(8) hgn(S)

huni(8) hn2(s) ... ‘pa(s)

3.4.1 Tuning 1% loop

When all other loops are open, the elements in first column of H(s) can be written

as,

h“(s) = T«% = %1(5)51
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where S; = (1 +¢11(s))”" is defined as sensitivity function of the first loop [50].
Thus, for a step input change in the first loop, the interactions to other loops at low

frequencies can be computed as,

hil(s) = gl_r)% Qil(S)Sl
- Kn
= llmKﬂS(Kpl + — +KDZ'S)51
s—0 S

= KuKnbS:.
Then the upper bound of interaction is given by,
| hia(s) | < fgl;gx(l Kin ) [ Kr1 | (S1)max (3.10)

where (S1)max 1S the maximum value of S and max(| Kj; |) is the maximum absolute

value of Kj;;;¢ # 1. Hence we can introduce interaction index of first loop as,
L = fgfblx(l Kt ) | Kn | (St)max- (3.11)

The value of K ; can be calculated at particular value of (S1)max S0 that the interaction
index, I, is kept as low as possible. Then, the rest of interactions can also be reduced
according to the inequality (3.10). The proportional gain, Kp; of PID controller
is computed using time constant of the first-order approximated process and the
designed integral gain. The derivative gain, Kp; is chosen from ZN formula as,

1
TDI - ZTII' (312)
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Where Tp; and T are derivative and integral time constants for PID controller at

the first loop. Then,
K%,

Kp = .
Ly

(3.13)

In order to find Kpy, In this analysis we use direct pole placement method [70] as
follows. The closed loop transfer function of the first loop with reduced first-order

model and PID controller is given by,

Kpis®’+Kp s+Ki;

i = TutKpy : (3.14)

2 1+Kpy Ky
s° + (T11+KD1)S + Ti+Kp;

Considering second order dynamics of the numerator in (3.14), the cross over fre-

quency of first loop can be written as,

Wo, = VK1, /(T + Kp1)

and the proportional gain is given by,

Kp1 = 2Gwo, (T11 + Kp1) — 1. (3.15)

Where (; is the damping constant of second order system. From (3.13) and (3.15),

1+ G/K7 — ACGK} T + 4K TR

Kp; =
" 4KE(E -1

(3.16)

The same procedure is repeated for other loops and tuned while keeping interaction

index as minimum.
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3.4.2 Tuning " loop:

This section introduce generalized interaction index for n x n MIMO process system

as follows.

I = Iggx(l Kij DI Kri |)(Si)max (3.17)

where

(Sz')ma.x - maX(l + Qii(s))—l

is the maximum value of i** loop sensitivity function and the reasonable range of
(Si)max is 1.3 to 2 [70]. The max(| Kj; |) is the maximum absolute value of K;;;4 # j.

The integral and proportional gains of each loop can be evaluated as,

I
Ky = : 3.18
5] Koy ) (S (3:19)
and
14 /K% — ACK} T, + AK [T
Kp; = : L=t = 3.19
. KRG -1 19
By selecting suitable value for ;, Kp; can be calculated. Then,
K2,
Kp; = =2, 3.20
%= 1K, (3.20)

3.5 Stability Analysis

3.5.1 Direct Nyquist Array (DNA) Stability Theorem

An analytical expression for the 7** Gershgorin band of Q(s) is given by
gi(jw) + Ri(w)e?®, 0 €[0,2n], Vw.
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Where

Ri(w)=Y_ |g;(jw)| for i=1,2,...,n (3.21)
(e

is radius of :** Gershgorin circle. Then, DNA stability theorem [71],[72],[62] is ex-
pressed as follows.

When the Gershgorin bands based on the diagonal elements g;;(s) of Q(s) exclude
the point (=1 + j 0) and the ** Gershgorin band encircle the point (—1 4 j 0), N;

times anticlockwise, then the closed-loop system is stable if , and only if,

n
Z Ni = po
i=1

where pg is the number of unstable poles of Q(s). In this work it is assumed that the
open-loop stable process, Q(s) since most of industrial process are open-loop stable
systems [73]. Then, py = 0 for this stability analysis. Hence, if the Gershgorin bands
do not encircle, nor include, the critical point(—1, j0) Vi the closed-loop system is

stable.

3.5.2 Gain and Phase Margins Calculation

Ho et. al. [62] has given the definitions for gain and phase margins of MIMO system
process as follows. Fig. 3-2 shows a Nyquist diagram with Gershgorin circle at the
gain crossover frequency (defined as wy;) of ™ loop. The Gershgorin circle intersects
the unit circle at A. At the phase cross over frequency (defined as wy;), the Gershgorin
circle intersects the negative real axis at C as shown in Fig. 3-3. Then the phase and

gain margins for the MIMO system are defined as
@, = m + arg(AOB) and (3.22)
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1
o

. r(—)—é— (3.23)
In order to grantee stability, according to the DNA theorem, the Gershgorin bands
should be shaped based on predefined values of ¢} and ¢ so that it excludes and does
not encircle the point (—1 4+ 7 0). As a rule of thumb [62], ¢; and ¢} should satisfy

the following conditions,

30° < ¢} < 60° and (3.24)
2<; <6 (3.25)

The ¢; in Fig. 3-2 and o; in Fig. 3-3 are phase and gain margins in the SISO system

respectively. Then from Fig. 3-2 the following expression can be derived for ¢;

Zi,#j | Qij(ngi) l>
2 | 4ii(jwg:) |
Zz’,i;éj | 915 (jwgi) |) .

2| gii(jwgi) |

¢ = ¢+ 2arcsin (

= ¢+ 2arcsin < (3.26)

From the Fig. 3-3, oy

W <1 " ZgTJ‘IzleJ]”UEZ;;T) l)

g Zi,i#j | 915 (Jwpi) ‘
o (1 T | gii(jwpi) | ) ' (3.27)

The equivalent gain and phase margins for MIMO system are calculated using (3.26)

and (3.27).
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Figure 3-4: Schematic view of soil-cell (a) and finite element based model for soil-cell

(b)
3.6 Control Simulation

The proposed PID controllers tuning techniques are applied for a multivariable process
with the FE based 3 x 3 soil- heating processes which is shown in Fig. 3-4. [49]. Here,
two transfer functions are derived. The first one is obtained directly from FE method
and the second one is obtained by increasing time delay given in FE based model by a
factor of two. In addition, the equivalent delayed first-order models for all the higher
order sub-processes are obtained by analyzing the response using “plant reaction curve
methods” [74]. Then equivalent first-order models with dead time are used to design
of PID controllers. Since the models and the processes are mismatch the controllers
are more robust for uncertainty. The BLT tuning method also simulated to confirm

the superiority of the PID controllers techniques.

33



3.6.1 Example 1

The dynamics of transfer function between heat input (w) and temperature output

(° C) is described by;

0.0288¢—0-6s 0.0119e—1.2s 0.00028¢3-6s
6.605s2+5.145+1  97.0252+19.7s+1  23.525249.7s5+1

0.0141e—12s 0.0295¢—0-6 0.0035¢ ! 8s (3.28)
10.1152+6.365+1  5.52352+4.7s+1  23.525249.7s+1

0.0015¢—3-6s 0.0143¢1.8s 0.0282¢ 063

17.5652+8.38s5+1  6.60552+5.145+1  7.29s2+5.45+1

The equivalent first-order model from plant reaction curve is given by;

0.0288¢718%  0.0119e%  0.00028¢5-95¢

435541 16.055+1 8.1s+1
0.0141e=2:8%¢  0.0295¢"1855  0.0035e—%25¢ . (3.29)
6.65+1 3.9s+1 7.955+1
0.0015¢~5-6%  0.0143¢7395¢  ,0282¢1-%
8.65+1 4.2s+1 4.5s+1

The set points were increased by 50°C, 55°C and 60°C at the beginning of the sim-
ulation. Once the outputs reached the initial set points, all variables were changed
to 100°C at 70 minute. In order to measure load disturbance rejection capability, a
step load disturbance was given to the third input (y3) of the process. Fig. 3-5 shows
responses of this system to step input(reference) and step load disturbance. The
system with PID controller has fast set-point tracking and better load disturbance
rejection though it has more overshoots compared to the BLT. Tables 3.1 and 3.2
show the comparisons of performance indices of proposed method with BLT method.
The controller tuning parameters for individual loop are shown in table 3.3. The
gershgorin bands for closed loop system is shown in Fig. 3-6 and the gain and phase

margins are shown table 3.4.
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Figure 3-6: Example 1, Nyquist array and Gershgorin bands of system
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3.6.2 Example 2

In this example a new transfer function is derived by increasing the time delay two

times of each subsystem. The dynamics of this process is described by;

0.0288¢~1.2¢ 0.0119e—2:4s 0.00028¢~7-25
6.6055245.14s+1  97.02s2+19.7s+1  23.52524+9.7s+1

0.0141¢=24s 0.0205¢~1-2¢ 0.0035¢~ 362 . (3.30)
10.11s246.36s+1  5.52352+4.7s+1  23.5252+9.7s+1

0.0015¢~7-2s 0.0143¢~3.6¢ 0.0282¢—1-2s

17.5652+8.385+1  6.605s2+5.145+1 7.295245.4s+1

The equivalent first-order model obtained from plant reaction curve is given by;

0.0288¢—2-455  (.0119e~7455  (.00028¢~27¢

4.355+1 16.055+1 8.1s+1
0.0015e-%5  0.0295¢~%*4s  0.0035¢75-9%s 1 (3.31)
6.65+1 3.9s5+1 7.955-1
0.0015¢—9-5s 0.0143e—4-9s 0.0282¢—2-5s
6.65+1 4.25+1 4.55+1

The set points were increased by 40°C, 50°C and 40°C at the beginning of the simu-
lation. Once the outputs reached the initial set points, all variables were changed to
100°C at 80. In order to measure load disturbance rejection capability, a step load
disturbance was given to the first input (y;) of the process. Fig. 3-7 shows responses
of this system to step input(reference) and step load disturbance. The system with
PID controller has fast set-point tracking though it has bit overshoots compared to
BLT. However, all the system show same capability of load disturbance rejection,
Tables 3.5 and 3.6 shows the comparisons of performance indices of proposed method
with BLT method. The controller tuning parameters for individual loop are shown
in table 3.7. The gershgorin bands for closed loop system is shown in Fig. 3-8 and

the gain and phase margins are shown table 3.8.
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Figure 3-7: Example 2, Simulation of closed loop system with PID and BLT con-
trollers 38
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Figure 3-8: Example 2, Nyquist array and Gershgorin bands of system
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3.7 Performance Analysis

The proposed algorithm is developed while minimizing the loop interactions at low
frequencies which leads to first-order model reduction. Hence, in order to justify
the operation of this controller for any frequency, a stability analysis has been then
preformed. Nyquist array and Gershgorin bands for the two soil heating examples
are drawn for any frequency. In simulations the second order plant has been modeled
using plant reaction curve and model/plant mismatch has been already considered.
Therefore the results justify the robustness of the proposed method. The gain and
phase margins for individual loop are shown in table 3.4 and 3.8 for both examples
respectively. The results revel that gain and phase margins for both the examples
are within the specified limits as proposed in Ho et. al. [62]. Therefore both the

examples confirm to the DNA stability theorem.
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Output Set Point Tracking
Rise Time (minute) | Overshoot % | Setting Time (minute)
PID BLT PID | BLT | PID BLT
" 5 17 9] 0 | 15 37
Y2 b} 13 25 0 14 32
Ys 5 8 33 0 19 30

Table 3.1: Performance characteristic indices of proposed PID method and BLT

method for set point tracking in example 1

Table 3.2: Performance characteristic indices of proposed PID method and BLT
method for load disturbance in example 1

Output Load Disturbance
Overshoot % | Setting Time (minute)
PID | BLT {PID BLT
Y1 2.6 | 0.64 0 0
Y2 5 4.36 0 0
U3 28 46 10 34

Loop No PID BLT
p I D p I D
(1) 2611061279 1.13|0.12 | 1.00
(2) 2.03 | 0.57 | 1.82 | 0.97 | 0.11 | 0.90
(3) 1.70 1 0.52 { 1.40 | 1.14 | 0.12 | 1.08

Table 3.3: Tuning parameters of example 1 for PID and BLT controllers

loop No | Gain Margin | Phase Margin
1 2.2 32°
2 2.6 31°
3 8.1 41°

Table 3.4: Gain and Phase Margins of each loop of example 1
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Output Set Point Tracking
Rise Time (minute) | Overshoot % | Setting Time (minute)
PID BLT PID | BLT | PID BLT
" 10 11.6 37 | 0 | 30 15
Yo 9 10.3 8 0 22 14
U 5 8.4 20| 0 6 9

Table 3.5: Performance characteristic indices of proposed PID method and BLT

method for set point tracking in example 2

Table 3.6: Performance characteristic indices of proposed PID method and BLT

Output Load Disturbance
Overshoot % | Setting Time (minute)
PID | BLT | PID BLT
" 34 | 31 | 14 2%
Y2 12 18 13 20

method for load disturbance in example 2

Loop No PID BLT
P I |D|P|1]D
(1) [056|025|032[1.33]0.17 | 1.63
(2) |1.45]023|229]|1.220.16 | 1.46
(3) 234039354135 0.17 | 1.69

Table 3.7: Tuning parameters of example 2 for PID and BLT controllers

loop No | Gain Margin | Phase Margin
1 3.2 24°
2 3.0 40°
3 8.0 56°

Table 3.8: Gain and Phase Margins of each loop of example 2
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Figure 3-9: SIMULINK implementation of a PID control strategy for the multivariable soil-cell temperature controller



Chapter 4

Non Linear Fuzzy PID Controller

Tuning

4.1 Introduction

Fuzzy high-level control of a MIMO process is presented in this chapter in the view
SAM fuzzy inference. While the previous chapter presented the way of finding ALG
terms (K,, K4, and K;), the objective of this chapter is to find ANG terms for two
level tuning of FPID controller.

This chapter investigates application of SAM based FPID controller for multivari-
able processes in the view of designing ANG terms for high-level tuning. This chapter
is organized as follows: First, conventional SAM theorem is described. Secondly, a
comprehensive study of two types of FPID configurations are presented. The type I is
a conventional Mamdani’s type FPID and has three inputs and it produces an incre-
mental FPID signal. The type II uses SISO rule inference to provide decoupled and
independent tuning for the three actions in the PID signal. Thirdly, design of SAM is

described in the view of FPID controllers for MIMO processes. In this section, high-
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level tuning variables which effect nonlinearity of fuzzy output are identified. Finally,

the validity of proposed FPID control algorithm is justified with two simulations.

4.2 Background

Some successful applications of FLC have been achieved since the introduction of the
first fuzzy controller in 1974. There is a huge volume of FPID applications which
are available in the literature where the control has been performed for variety of
processes, including nonlinear systems. Almost all of these applications belongs to
SISO process systems. Only in a very few applications the MIMO systems processes
have been considered. Chieh and Pey [75] used pre-compensator to decouple the
MIMO process and it is based on Rosenbrock- Nyquist Array (RNA) method. In
the design the FPID parameters have been chosen arbitrary. Gamero and Medrano
[48] used FPID controller to control a biotechnology process. They have used dy-
namic decoupler in order to reduce loop interactions. The controller is based on a
two- dimensional Mamdani type fuzzy rule base which uses the feedback error and
its rate as inputs. The application of dynamic decoupler for multivariable process
is sometimes not physically realizable [3]. Dynamic decoupler is also shown to be
more sensitive to plant and process mismatch and therefore is less popular in process
control. In another application, Rahmati et. al. [42] used FPID controller for HVAC
plant. They have presented similarity between conventional digital PID control al-
gorithm and Takagi-Sugeno based FPID control. Recently, Shaoyuan et. al. [76]
presented coordinated control strategy for boiler- turbine control using fuzzy rea-
soning and auto-tuning techniques. Self-organizing FPID controller is presented by
Hassan et. al. [77] for robot arm. In these applications fuzzy logic controllers are

used at supervisory level for self tuning of conventional PID gains at the lower level.
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4.3 High-Level Tuning : Nonlinearity Tuning

4.3.1 Standard Additive Model (SAM)

FLC is a rule-based controller and it does not require a very precise mathema,tical
model of the processes under control. The FLC uses fuzzy linguistic variables (if-then
rules) to solve the complex system control problems. This model freedom improves
the modeling power of FLC. These input(error) maps output(control action). An
additive fuzzy system (controller) fire all rules in parallel to some degree. Then the
system weights and average then-part fuzzy set to infer output fuzzy set [78], [79].
Finally, the system defuzzifies the output fuzzy set using centroid or other operation
which maps input to fuzzy output. Simply, an additive fuzzy system is a function
approximator and the SAM is the simplest form of an additive fuzzy system. Bart
Kosko was the pioneer to introduce SAM [36]. According to Kosko, an additive FLC
divides the global conditional mean in to a convex sum of local conditional means
while the conventional centroids type FLC computes the conditional mean as output.
The then-part fuzzy set of the SAM consist of centroid and area or volume. The SAM
theorem, [36] which is described in next section allow to compute these volumes and
centroids in advance.

Consider fuzzy rules of the form
IF X = A, THEN Y = By

where X and Y be nonempty sets. When A and ¢ be nonempty index sets, the
A, :a € Xand Bg: 8 € ( represent input fuzzy set of X and output fuzzy sets of Y
respectively. An additive fuzzy system stores m number of above fuzzy rules. These

rules describe fuzzy subsets or fuzzy patches in the Cartesian product space X xY as
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If Ao then BO

IfAl then B1

X —+A —p

.
a8

If 4, then B,

b Bm

Centroidal | 5, = Fix)
Defuzzifier

Figure 4-2: General framework of additive fuzzy system

shown in the Fig.4-1. Hence an additive fuzzy system (collection of IF-THEN rules)

approximates a function F': X — Y.

The general framework for a feed forward additive fuzzy system is shown in Fig.

4-2. The each input z fires the if-part of all m rules to some degree in parallel. Then

the system weights (using rule weight wy,) the then-part to give the new fuzzy sets

By and then sums these to form the output sets B as,
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B = Z wgBg (). (4.1)
A=1

The weights w; is used to reflect rule credibility or frequency and then it gives an
extra term for a learning system to tune. In practice the rule weights are assumed to
be equal to unity: w; = ... w, = 1 The SAM is a special case of the additive
model framework.

The inference of the SAM algorithm is as follows,

1. The fired then-part set Bj is the fit product ag(z)Bs. Where the fit value
ag(z) (ag is called membership function) express the degree to which the input

z belongs to the if-part fuzzy set A,. Then the output set can be expressed as,

B = Z wpag(x)Ba(r). (4.2)
=1

2. The system output F(z) computes as centroid of output set B(z) when it

defuzzifies B(x) to scalar or vector.

F(z) = Centroid (Zwﬁalg(m)Bﬂ(m)) (4.3)

=1

The centroid gives the structure of a conditional expectation to the fuzzy system F

and it acts as an optimal nonlinear approximator in the mean-squared sense.
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4.3.2 SAM Theorem

Suppose the fuzzy system F' : R® — RP is a standard additive model as 4.3. Then

F(z) is a convex sum of the m then-part set centroids:

> iy wpags(z)VCp

Fz) = =
> 5—1 wpap(x) Vs
= > ps(a)Cs . (4.4)
p=1
The convex coeflicients or discrete probability weights p1(z),..., pm(z) depends on
the input z through the ratios
wpas(2)Vs
x) = . 4.5
pﬂ( ) Z’Il:l:1 wk;ak;(x)Vk ( )
Vs is the finite positive volume ( or area if p = 1 in the range space RP) and Cj is
the centroid of then-part set Bg:
Vo= [balunsoupldyy > 0 (4.6)
Rp
J ybs(yr,- -5 yp)dys - - dyy
Cp=" . 4.7
A S ba(yr, .. Yp)dys . . dyy (47)
RP
The popular scalar case of p = 1 reduces (4.6) and (4.7) to
<
Vg = / ba(y)dy (4.8)
—00
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[e0]

J vbs(y)dy
—00
Cp=2—. (4.9)
J bs(y)dy
—o0
Then SAM theorem allows us to calculate these volumes and centroids (or local
conditional means) in advance. They change only when the system learns or tunes
its rules or when a user varies them in the system. Each input z requres to compute
only the mg fit values, ag(x), and then update the ratio in (4.4). The consequent
fuzzy sets B can take the form of triangular or trapezoidal or bell type curves where
area and centroids of those shapes can easily be computed. The SAM structure (4.4)
lets us replace all then-part fuzzy sets (consequent) Bg with rectangle or non fuzzy
sets 23 that have the same volume V3 and centroid cs without rather changing the

output value F'(z).

4.3.3 Design of SAM; Identification of High-Level Tuning
Variables

Consider two control regions in the controller output space. The first region is when
the normalized error variables are —1 < é; < 0. The local control in this region
affects steady state, load disturbance and overshoot properties. The second region
is when 0 < é; < 1. The control in this region affects the speed of response during
the transient, undershoot and steady state properties. The aim is now to realize
independent adjustment of FLC parameters in the view of changing ANG terms at
the chosen control points. The membership functions (a;) for the if-part fuzzy in
SAM is defined as triangle functions as shown in the Fig. 4-4. The slope angle @ for
type II (see figure 4-3(b)) can be described by,
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Figure 4-3: Nonlinear tuning variables measured at local control points of SAM
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( Voi (263 Voi Coi —2C0; Vi€ —Coi V1 +V1,;CLi)
arctan ( (6:Voi—8:Vi;—Vi)2

for —1 S éz <0
0 = { (4.10)

Vi V1i(—Cai+Chs)
arCtan( (Vii6i—Vii—Vai:)?

\ for 0<é; <1

In this analysis, the then-part centroids C,,; are selected as,

Coz' = —1, Cli = ( and CQ,' = 1. (4.11)

The overall gain of the system can also be changed by ANG. Therefore, in order to
maintain stability the maximum and minimum ANG terms are evaluated and they
should be controlled while follow the stability theory. In the SAM this occurs at

é = —1, ¢, = 0 and &, = 1. Thus, the slope angle at selected four points (see

figure4-3) are,

(0o)wi = arctan(Vi;/Ve;) (4.12)
(ao)s = arctan(Vei/Vii) (4.13)
(01)wi = arctan(Vi;/Va:) (4.14)
(a1)ws = arctan(V/Vi) (4.15)

It is clear, the pairs {(6g)ws, (¢t0)wi } and {(61)wi, (01)w:} form right angle. i.e There are
two independent angle over the control surface of SAM corresponding to two regions
—1<é <0and 0<é <1. (6p)u: and (61); are selected as two independent slope
angles which can be controlled within the range of [0 — 90°].

In order to find two independent angles, the then-part volume for second membership

52



function is selected as unity:Vy; = 1.

Then,

6y = arctan(1/V;) (4.16)

6, = arctan(l/V3) (4.17)

Hence the terms V; and V; are the nonlinear tuning variable for the SAM.

4.4 Nonlinearity Analysis of Fuzzy SAM output

The superiority of fuzzy control over linear control is mainly due to the nonlinear
mapping in the inference system. This will permit the system to change the con-
troller gains adaptively with the change of error. In a properly designed fuzzy con-
troller the high-level tuning generally provides the improved control performance.
In fact there are many other fuzzy systems available, such as Zadeh-Mamdani’s
“max-min-gravity” (MMG), Mizumoto’s “product-sum-gravity” (PSG) and “Takagi-
Sugeno-Kang” (TSK) schemes to achieve the same nonlinear mapping. However, the
properly designed fuzzy system should allow the controller to have a greater degree of
nonlinearity variation to accommodate better control. The work shown in [80] com-
pares different fuzzy systems against nonlinearity. The nonlinearity measures identify
admissible area drawn in a nonlinearity variation diagram.

The study of nonlinearity variations is quite novel at present. As described be-
low two quantitative indices [81], [82], [80] which demonstrate how to implement a
systematic design for nonlinearity variation is considered.

1) Nonlinearity Variation Index (NVI):
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Suppose any design parameters related to fuzzy structures are called nonlinear
tuning parameters. By increasing the number of these parameters will increase the
nonlinearity variations, but this will make the nonlinearity evaluation difficult. For
simplicity and without losing generality, it is considered the simplest rules (say, two
or three in this work) and two nonlinear tuning parameters for the comparative study.
Since a one-input fuzzy controller only involves a control curve design, the nonlinearity
analysis will be based on a two-dimensional space. The §; and 6; are the angles in
radians corresponding to the curve slops (%‘%) at é=-1 and é=1 respectively.

To examine the nonlinearity variations approximately, the admissible area (or
curve) of the nonlinearity diagram on the 6y and 6, plane is drawn. The 6, and 6, are
called nonlinearity examination parameters. A point within the admissible area (or
on the admissible curve) means that the control curve corresponding to the chosen
point and can be produced by the controller. The larger the admissible area, the
greater the flexibility of the system in generating the nonlinear functions. The NVI

is defined in a dimensionless form as,

admissible region in N, dimensional space

NVI(N,, N, N.) = (4.18)

whole region in N, dimentional space

where N,, N; and N, are the total number of input variable, non linear tuning
parameters and non liner examination parameters, respectively.

2) Linearity Approximation Index (LAI):

A conservative design strategy for a FPID controller is proposed [82]: A FPID
controller should be able to perform a linear, or approximately linear, PID function
such that the system performance is no worse than its conventional counterpart.
If the controller is able to generate a perfect linear function,it is a guaranteed-PID-

performance (GPP) system. Along the line of this strategy, a safe performance bound
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Figure 4-5: Admissible area (grey) of nonlinearity diagram for SAM controller

is produced for the FPID system from the performance analysis of its counterpart
that has the same PID connective structure. For examining the system on this aspect,

an LAI is given by,

max | 4y(&) — az(é) |

BT O

(4.19)

where 7z (€) is a linear function which is imposed to pass through the origin point,
@s(é)(é = —1) and the ending point @;(é)(é = 1) . This index, representing the most
linearity approximation that can be produced by the controller, is normalized within
arange of [0,1] . When LAI=1, it corresponds to a perfect linear PID controller. The
larger the value of LAI, the higher degree of linear approximation the FPID controller
produces. This index is a quantitative measure of confidence in using a GPP bound
calculated from the linear PID controller.

Fig. 4-5 shows the nonlinearity variation diagram for SAM which is designed

in previous section. Since the angle 6y and #; can independently changed it has

full contour of admissible area. The point C, corresponding to the linear function
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Fuzzy system NVI(1,2,2) LAI

MMG 0.755 0.974
PSG Admissible line 1
TSK 0.695 1
SAM 1 1

Table 4.1: Nonlinearity variation indices for different fuzzy systems

approximation of SAM and it is located at y = 6; = 7/4. The table 4.1 summarize
the nonlinearity evaluation indices for different fuzzy systems (most popular) along
with SAM. As it can be seen in the table 4.1, the SAM scheme produces the highest

score in terms of nonlinearity variations.

4.5 Stability Analysis

4.5.1 Maximum values of PID parameters

In order to grantee the stability we can specify the predefined gain margin o} and
phase margin ¢} of MIMO process so that it satisfy (3.24) and (3.25). The Limits of
PID parameters can then be calculated for i** loop. Following four equations can be

used to calculate the four unknowns, wy;, wyi, Kp; and Ky; in ¢** loop.

1
%= | gis(Jwpi)ci(Jwps) | (4.20)
arggu(Jwpi)ci(Jwp)] = —7 (4.21)
¢ = T+ arg[gii(ngi)ci(ngi)] (4.22)
| gis(Jwgi)ci(jwgi) | = 1 (4.23)
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Substituting from (3.26) and (3.27) in (4.20)-(4.23),

fi = a|aGwp) | {] galiwp) |+ ) | gi(wp) |} =1=0 (4.24)
LiZ]
foi = arg[gu(jwpi)ci(jwps)] + 7 =0 (4.25)
> iz | 9i7(Jwei) |>
2| gi(Jwgi) |
— 0 (4.26)

f3)i = 7T+ arg[gii(ngi)ci(ngi)] — (15: — 2 aresin <

fui = | gu(jwg)ei(jwg) P ~1=0 (4.27)

Then it can be defined
KPimax and Klimax (428)

as maximum values of PI parameters at a given ¢, and ¢o}. From (3.13),

K3,
2 max
Kpimax = ik, (4.29)
Iimax
The Newton-Raphson methods can be used to solve (4.24)-(4.27)as follows,
0f1 Of1: 0f1,i Of1,i _ -
OK,; 0Ky, Qwp; | (r) Owy; ) r r
pi Kl(ori) Ii K;:) D W;i g wfﬁ (551) l(,i)
0fa; Ofa2; Bfa, Ofa,i 5(1“) ()
OKp; 9Ky, Owp; Owgi | (m) ; ;
pi Kg‘i) Ii K}:) pi wg‘i) g1 wg: 2 _ f2,z (430)
0fa,i 3f3,i 8fs,i 3fs,i 5(7.") f("_)
OKp; KI(’Ti) O0Kp; K}f) Owpi wgi) Ouwg; wfﬁ) 31 3
Ofa Of4, Ofa,i 3f4,_i 54(1:) ‘Yl)
i Ky Kg)ri) 0Kr; K;:) Owpi wgi) Owyi wé:) ] - ...
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For each iteration,Kp;, Kr;, wp; and wy; are updated as follows,

v ][] [

K(;“H) K(’f) 5(;‘)
! = N R (4.31)
! oy 557

R/ R I B

Since PID gains are proportional to the slopes of the control surface shown in Fig.
4-3, we can find maximum values of slopes angle corresponding to Kp;max, K7imax
and K p; max.

For instance, let the proportional SAM based fuzzy controller for i has high-level

tuning parameters:Vy and V,. From (4.16):(4.17) following expression can be derived

‘/Omin:‘/Zmin - KPi/KPimax

Vomax = Vomax = KPima,x/KPi (4.32)

Then limiting angles for 6y, oy, 6; and a; can expressed as,

OOmax = Ogmax = 01 max — Olmax = a'rCtan(I<Pimax/I(Pi) and (433)

HOmin = QQmin = 01 min = X1min — a*rCtan(I(Pi/f{Pimax) (434)

If {Kpimax/Kp; > 1.571}, the fuzzy controller has independent variations of 6,
and #; within the range [0 90°]. Otherwise, it has feasible stability region as shown

in Fig. 4-6.
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Figure 4-6: Stability region for 8y and «g. It is same for 8; and oy

4.6 Control Simulation

Here, two examples which are previously simulated in the last chapter are re-simulated

with FPID controllers.

4.6.1 Example 1

The dynamics of transfer function between heat input (W) and temperature output

(°C) is described by;

0.0288¢—0-6s 0.0119e¢~12s 0.00028e—3-6s
6.6055245.14s+1  97.0252+19.7s+1  23.5252+9.7s+1

0.0141¢= 128 0.0295¢~0-6¢ 0.0035¢—1-8¢ , (4.35)
10.115216.365+1  5.5235244.7s+1  23.5252-490.7s+1

0.0015¢—3-6s 0.0143e~1:8s 0.0282¢0.6s

17.565%2+8.385+1  6.605s%+5.145+1 7.2952+5.45+1
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The equivalent first-order model from plant reaction curve is given by;

0.0288¢ 1853 0.0119e~9¢ 0.00028¢—5-95s

4.355+1 16.055+1 8.1s+1

0.0141¢=28%  0.0205¢71:8%  0.0035¢=%205 | (4.36)
6.6s+1 3.9s+1 7.955+1

0.0015¢~5-65s (. 0143¢83-05s 0.0282¢—1:95
6.65+1 4.2s+1 4.554+1

The set points were increased by 50°C, 55°C and 60°C at the beginning of the sim-
ulation. Once the outputs reached the initial set points, all variables were changed
to 100°C at 70 minute. In order to measure load disturbance rejection capability,
a step load disturbance was given to the third input (y;) of the process. Fig. 4-7
shows responses of this system to step input(reference) and step load disturbance.
The system with FPID type II controller has less over shoot and better load distur-
bance rejection. Tables 4.2 and 4.3 show the comparisons of performance indices.

The controller tuning parameters for individual loop are shown in table 4.4.

4.6.2 Example 2

In this example a new transfer function is derived by increasing the time delay two

times of each subsystem. The dynamics of this process is described by;

0.0288¢~1:2s 0.0119e~24s 0.00028¢—7-2
6.6055%+5.14s+1  97.02s+19.7s+1  23.52524+9.7s+1

0.0141e~24s 0.0295¢ 123 0.0035¢—3-8¢ . (4.37)
10.11s24+6.36s+1  5.523s2+4.7s+1  23.5252+9.7s+1

0.0015e~7-2s 0.0143¢~3-9¢ 0.0282¢—1-2¢

17.56524-8.385+1  6.60552+5.14s+1  7.2952+4+5.45+1
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The equivalent first-order model obtained from plant reaction curve is given by;

0.0288¢~245s  0.0119¢=745s  (,00028e—9-7s

4.355+1 16.055+1 8.1s5+1

0.0015¢7%52  0.0295¢=24s  0.0035¢=6-9%s | (4.38)
6.65+1 3.9s5+1 7.95s+1

0.0015¢9-58 0.0143e~4-9s 0.0282¢~2-5s
6.65+1 4.25+1 4.55+1

The set points were increased by 40°C’, 50°C and 40°C at the beginning of the simu-
lation. Once the outputs reached the initial set points, all variables were changed to
100°C at 80. In order to measure load disturbance rejection capability, a step load
disturbance was given to the first input (y;) of the process. Fig. 4-8 shows responses
of this system to step input(reference) and step load disturbance. The system with
FPID type II controller has less over shoot though it show bit slow response compared
to linear PID system. However, all the systems show same capability of load distur-
bance rejection. Tables 4.5 and 4.6 shows the comparisons of performance indices.

The controller tuning parameters for individual loop are shown in table 4.7.
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Output Set Point Tracking
Rise Time (minute) Overshoot % Setting Time (minute)
PID | FPID1 | FPID2 | PID | FPID1 | FPID2 | PID | FPID1 | FPID2
Y1 ) 11 ) 19 11 17 15 26 11
Yo ) 11 ) 25 6 16 14 20 9
Y3 ) 11 6 33 8 25 19 14 20

Table 4.2: Performance characteristic indices of proposed FPID methods and PID

method for set point tracking in example 1
Load Disturbance

Output
Overshoot % Setting Time (minute)
PID | FPID1 | FPID2 | PID | FPID1 | FPID2
v | 26| 36 | 16 | 0 0 0
Yo 5 5 1 0 0 0
vs | 28 | 32 75 | 10 | 13 7

Table 4.3: Performance characteristic indices of proposed FPID methods and PID

method for load disturbance in example 1
Loop No PID FPID1 FPID2
P I D

P I D (3] Vs U1 (% M Vs (1 Vs
1.811.1

(1) [ 261|061]279[07]09|22[13[23]15
2) |203]0571.82|09|1.1[40|1.4|35[16/(3.8]1.4
(3) 1.7 | 052]1.40]09|1.0{20|06|1.8]08|23]|1.3

Table 4.4: Tuning parameters of example 1 for FPID controllers

64



Output Set Point Tracking
Rise Time (minute) Overshoot % Setting Time (minute)
PID | FPID1 | FPID2 | PID | FPID1 | FPID2 | PID | FPID1 | FPID2
Y1 10 17 15 37 10 7 30 30 35
Yo 9 20 11 8 0 6 22 23 22
vs 5 15 6 20 0 6 6 22 7

Table 4.5: Performance characteristic indices of proposed FPID methods and PID
method for set point tracking in example 2

Output Load Disturbance
Overshoot % Setting Time (minute)
PID | FPID1 | FPID2 | PID | FPID1 | FPID2
Y1 34 38 17 14 16 23
v | 12| 19 16 | 13| 20 10
Ys 1 2 3 0 0 0

Table 4.6: Performance characteristic indices of proposed FPID methods and PID

method for load disturbance in example 2

Loop No PID FPID1 FPID2
P I D

P I D (4 Vs (5 Vs (5 Vs (%1 Vs

(1) 056 {025/032{11/08|55/035(420535]0.2
(2) 1451023 {229(08(10(11(080|13}09|11]1.8
(3) 2341039354109 12|151050]1.8[02/090.6

Table 4.7: Tuning parameters of example 2 for FPID controllers
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Chapter 5

Real-Time Experiments

5.1 Introduction

This chapter describes real time experiments of temperature control of a soil-cell. The
objective of experiments is to control temperatures at three different locations of soil-
cell using three different heaters. The system identification is performed for soil-cell
via classical step response method. Openloop tests (step response) are carried out for
the soil- cell process and transfer function matrix is developed using plant reaction
curve method [74]. Different type of control algorithm are executed for temperature
control in the soil-cell in order to maintain desired temperatures in three different
locations.

This chapter is organized as follows. First, overview of system modeling and in-
demnification is presented. The soil-cell is modeled with first-order dead time models
and identified using conventional step response method. The plant reaction curve
methods is used to identified the openloop transfer functions of soil-cell using open

loop tests data.
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5.2 System Modeling and Identification

The system modeling and identification play one of major roles in control engineering.
The identified model can be used for output prediction, system design and control
in diverse engineering applications [83]. In order to successfully model and identify a

system, Ljung [84] pointed out three major procedures;
1. Model structure selection.
2. Model order estimation.
3. Parameterizations.

In this chapter, the selection of model structure and the order is discussed under
the modeling of the system and parameterizations is discussed under the system
identification.

There are two basic types of modeling problems. They are dynamic modeling of
measured input/output and stochastic modeling problems. In each of these cases, a
modeling consists basically of mathematical equations which can be used to under-
stand the behavior of the system. The first type of modeling is the model estimation
process of capturing system dynamics using measured data (inputs and outputs) [84],
[85]. The relationship between outputs and the inputs can be formulated through
a set of mathematical equations. In general, there are two ways to determine these
equations. By writing set of equilibrium equations based on mass and energy bal-
ance and other physical laws, the relationship between outputs and inputs can be
determined for given a system. A more common method is to use an empirical model
approach (black box method). The empirical modeling is more common in engineer-
ing practice than its counterpart due to easiness of formulate the relationship between

outputs and inputs.
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The stochastic modeling arises when there is uncertainty about system inputs
which causes the system outputs. For example, in large number of problems concerned
with environmental, social and engineering systems, although the outputs are easily
observed, it not possible to observe or measure the causes or the inputs. In this
chapter, the dynamics modeling of measure input/output is described relating to

soil-cell since outputs and inputs of the soil-cell are already identified.

5.2.1 Dynamic Modeling : Soil-cell

Although, in practice, most industrial processes are nonlinear (like soil-cell), linear
models for such processes are often used due to their simplicity [40]. In this case, a
high order process can be considered as a linear process for small changes when it is
operated around its steady states [74].

In literature, [86] and [87] indicate that first-order models of process dynamics
may frequently be sufficient for multivariable process control applications. And this
assumption is well observed in classical control. The reason for first-order model
selection is that most industrial processes are composed of many dynamics elements,
usually first-order [40]. Hence the overall process would be of an order equal to number
of elements and this high order process would be difficult to use for design and tuning
of a controller. However, it is possible to approximate the process dynamics of such
higher order process by a model with one time constant and a dead time as shown in
(88].

Consider a process having N (positive integer) first-order elements in series. This

type of process can be represented by,

1

G(S) = m’ﬁ (51)
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Figure 5-1; First-order dead time model approximation for a higher order process

Where § is the time constant. When the N changes from 1 to oo the step response
shifts from exact first-order to dead plus first-order as shown in Fig.5-1. In this case
lower thme constants contribute to the process desd time while larger time constants
offect dynamics of the process. Hence it is possible to approximate a higher order
process (baving monotonically increasing response) to o simiplified first-order with
dend model and this smplified mode] then can be ussd to design and tuning of the
contraller.

By considering above facts, the soilcell is modeled with first order processes and
dead time elements. The dynamics of transfer function between heat input (W) and
tempernture cutput ("C) of soil-cell then reprisented Ly,

guts) mals) mals)
Gls)= | guls) pals) suls) |- (5.2)
guls) gnls) guls)
The open-loop SISO transfer function between i temperature output and power
input of j* heater when all other heaters are switchod off is denoted by g;; where
t,4 = 1,23 and g is modelad by,



K 3
9 = oy P (5.3)

1+ 748)
Where 7;; is time constant and (74);; is dead time of the process. The off-diagonal
transfer functions of soil-cell model represent the interaction among output temper-
atures caused by different heaters (power output) while diagonal transfer functions
represent the direct effect of heaters (power output) to the corresponding temperature

outputs

5.2.2 Identification : Soil-cell

The parameterizations is next step to perform once the correct model is defined for
the soil-cell. i.e. choosing the correct values for K, 7 and 74 of each transfer function
in (5.3). In general, parameterizations can be divided in to two categories. They are
"on-line” and ” off-line” system identifications.

The on-line system identification is common in especially adaptive control and it
is necessary to identify the system in a fairly short time. Then the data are processed
to estimate the parameters of the model while maintaining cost function. The best
example of on-line system identification method is recursive least-square technique
[89], [90].

The off-line identification requires a collections of data (inputs and outputs) for
long period of time. Then, in off-line identification, there is a greater flexibility choos-
ing a technique without any restriction on computing time. This may enhance the
accuracy of the estimated model. There are well-known off-line classical techniques
as step response, impulse response and frequency response. As their name imply
these techniques use different kind of input to system and examined the outputs of

the system. Among them the simplest input which can be applied to the process is a
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Figure 5-2: Determination of first-order dead time model using process reaction curve
method

step input. In practice this may be one the scenarios of sudden switching on (or off)
of input voltage or current, sudden opening (or closing) of input valve, so on.

In this research the step response technique is utilized to identify the first-order
dead-time model (K, 7 and 74) of the soil-cell since it can be done easily with sud-
den switching on of the heaters one by one at a time and measuring corresponding
temperatures. These real time openloop experiments are well described in section 5.3

As described in [74], the plant reaction curve method is used to determine the
process parameters. Fig. 5-2 shows the step response or reaction curve for a higher
order process (monotonically increasing). At a steady state of the process out yq, the
step input of Aw is applied to manipulated input of the process. The process response
is then observed and recorded until it reaches a new steady state y;. By measuring
the times to reach 28.3 per cent(t;) and 63.2 per cent(ty) of its steady state value
Ay(= yo—y1) the process parameters can be obtained. Then the following expressions
are used to calculate the parameters of first-order dead time model.

Ay
Au
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Figure 5-3: First-order dead time model approximation for a higher order process

T = 15(t2—t1)

ta

5.3 Openloop Test

The hardware setup which is used to implement real time experiments is shown in Fig.
5-3. The Thermofoil type heaters (each 7.12/10V DC) from Minco Products, Inc. are
used in the soil-cell. The heaters are placed at three different levels (equiv distance)
on two sides (opposite to each other) of the soil-cell. At each level two heaters are
connected in parallel and therefore maximum power available (14W) is two times of
a single heater coil. Three RDT (Resistance Temperature Detector)(each 100 €, -200
to 600°C) from Omega Engineering are used to measure the output temperatures at

three different levels of the soil-cell. The tip of each RTD is placed at the center of each
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level so that they measure the center (point) temperature. The outputs of the RTD
are fed to the signal conditioner. The RTD and signal conditioner is set up to convert
0-200°C to 0-10V. The dSAPCE controller (DS1103) is configured directly to read
this voltage out from the signal conditioner. Using three separate analog to digital
converter (ADC) channels (1Hz sampling) on DS1103 PPC controller board of the
dSPACE controller, this voltage output is read. The important fact about dSAPCE
controller is, the MATLAB and SIMULINK program can directly be downloaded to
realtime processor (rtil103). Finally this voltage output is directly read and stored as
temperature of the soil-cell with ControlDesk interface on personal computer (PC).

The controller algorithm, written in rtil103 processor calculate the duty cycle
for each solid state relay and send to each relay circuit via three separate digital to
analog converter (DAC) channels on dSPACE controller board. The switching period
is set to 5 minutes. Thus the power at each heater sets can be varied from 0 to 14W
depending on duty cycle which is calculated by control algorithm.

In the first part of real time experiments three openloop tests were carried out
to determine the parameters of the first-order dead time models described in (5.3).
The step input was applied to the soil-cell, i.e. sudden switched on a particular
heater set up and the rest of heater setup were kept switched off for entire period of
openloop test. Once the temperatures at three locations arrived new steady states,
the heater setup was switched off. This procedure was repeated with for other two
openloop tests and step input was applied to another heater setup alternatively. The
temperature responses are plotted with respect to room temperature. The first-order
dead time models are found using plant reaction curve method as described in previous
section. Fig. 5-4:5-6 show temperature responses and its corresponding models for
the openloop tests.

Then the dynamics of open transfer function between full duty (= 14W) of each
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input and temperature output (°C) of the soil-cell is described by,

911(8) 912(8) 913(8)
G(s) = g21(8)  g22(s) gas(s)

931(5) 932(8) g33(s)

where

o) = 13.42¢54s
U= 68s + 1
56—4873
92(s) = Fge—g
g13(s) = 0
o) = 3.019¢~184s
I = Tongs+ 1
o) = 19,8995
922\5) = Y625+ 1
4.16—2715
93(5) = F3Eoq
gi(s) = 0
o) = 9.25¢-553s
9325) = 3EgBs+1
12.5¢55-5s
05(5) = TREsTI (5:5)

5.4 Implementation of Control Algorithms

Three different type of control algorithms; PID, FPID type I and FPID type II are
implemented for soil-cell. The room temperature was around 22°C for all experiments.

The initial set point temperature for loop 1 and 3 was 28°C and for loop 2 was 32°C.
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Output Set Point Tracking
Rise Time (minute) Overshoot % Setting Time (minute)
PID | FPID1 | FPID2 | PID | FPID1 | FPID2 | PID | FPID1 | FPID2
Y1 740 | 1700 445 16.7 | 10.0 11.7 | 2300 | 3670 1000
Y2 730 | 1080 260 10.0 9.0 3.0 3750 | 2500 960
Y3 700 | 1590 425 [ 17.7 | 117 15.8 | 2050 | 3550 1000

Table 5.1: Performance characteristic indices of proposed FPID methods and PID
method for set point tracking

Loop No PID FPID1 FPID2
P I D
P [IxX10°|Dx10%| vy | vs | v1 | vs | vi | vs | vy | vs
(1) 0.16 2.5 9.5 05108 (181512511821 |1.3
(2) 0.18 1.4 8.4 09(10(31/11(26(11]3.9]09
(3) 0.15 2.4 9.5 061101230919 (12118|12

Table 5.2: Tuning parameters of FPID and PID controllers for real time experiments

loop No | Gain Margin | Phase Margin
1 2.4 40°
2 3.6 35°
3 5.5 45°

Table 5.3: Gain and Phase Margins of each loop of the soil-cell

After the all outputs reached their set point values, the set point temperatures were

changed 34°C for loop 1 and 3, and 42°C for loop 3 at 4000 min respectively. The

Fig. 5-7show responses of each system.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

The main objective of this thesis was to develop technique for the design and tuning
of FPID controller for multivariable process system. This research attempt to ad-
dress main problem of interactions among different loops which commonly appears
in multivariable process systems in industry. Two types of FPID configurations were
considered for designing FPID controllers. The type I was a conventional Mamdani’s
type and it used rule-coupled inference to produce an incremental FPID signal. The
type II used rule decouple inference to provide independent tuning for the three ac-
tions in the PID signal. The tuning of both FPID configurations was achieved while
using the two-level tuning principle which was presented in chapter 2. The low-level
tuning dealt with linear gains whereas the high-level tuning adjusted the fuzzy rule
base parameters. The low-level tuning method adopted a novel linear tuning scheme
for general decoupled PID controllers and the high-level tuning adopted a heuristic
method to change the nonlinearity in the fuzzy output.

In chapter 3, formulation of low-level tuning strategy was presented. For low-level
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tuning a novel PID tuning technique for MIMO process had been developed. The
proposed method was based on an interaction index. The proposed method can be
used for any n x n dimensional MIMO process systems and guarantees closed loop
stability. The decoupling was performed while using a static decoupler, which has
the effect of reducing interactions within individual loops. The linear PID parameters
were calculated for each loop by using interaction index, pole placement and ZN tun-
ing rules. The superiority of proposed low-level tuning technique was evaluated using
control simulations and compared against well known multivariable tuning technique,
BLT.

In chapter 4, formulation of high-level tuning strategy was presented. Through
nonlinearity analysis via NVI and LAI parameters of different fuzzy systems, SAM
was selected to design high-level FPID controller. Two points of out of SAM fuzzy
inference were selected to change the nonlinearity out of fuzzy system. However,
change of nonlinearity at more than two points could have been done with cost of
higher parameters complexity. For both configurations, FPID type I and FPID type
II, high-level tuning parameters; V4 and V) were identified. Tuning of those parame-
ters have been performed using two heuristics; increase of V) decreases the undershoot
of response and increase of V] increases the overshoot of the response. Stability analy-
sis of overall system was performed through gain margin and phase margin of MIMO
system. The superiority of proposed FPID techniques were evaluated using control
simulations and compared against its linear counterpart.

In order to prove validity of proposed control algorithm real time experiments
have been conducted. A prototype of three input three output soil heating cell was
constructed for experiments. The objective of the experiments was to control temper-
atures at three different locations of soil-cell using three different heaters. The main

challenging task of this experiment was the presence of interactions among three loops
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in the soil-cell. Due to the interaction, the heat input of particular heater affected
not only corresponding output but other output as well. This was clearly seen in
openloop tests which were conducted to identify the soil-cell. Since the proposed
algorithm is based on interaction index, which is a measure of maximum interaction
given by a particular loop to other loops, the issue of loop interactions was well han-
dled in the realtime experiments and could be able to have different temperatures at
different level as desired. Due to the long time constant of soil-cell, the experiments
had been conducted for long period of time. During this period of experiments, the
system has undergone different temperature variations of the environment. This was
another challenging task for experiments to provide better performance. However, the
proposed algorithm was more robust to those external disturbances and has shown
better performance. Based on the analysis of simulation and realtime experiments
results it can be concluded that the proposed multivariable FPID type 2 scheme has
better capability to exhibit satisfactory performances against its counterparts.

Followings are the summary of outcomes in this research.

1. Extension of two-level tuning method for MIMO systems. The two-level tuning
proposed in (Mann,99) is extended for a MIMO system. This is a novel attempt

in multivariable control.

2. Development of novel linear PID tuning technique for MIMO systems. The
linear tuning can be applied for any n x n process systems whereas other general

methods have limitation to the 2 x 2 systems.

3. Investigation of Standard additive model (SAM) based fuzzy inference for MIMO
systems. SAM based fuzzy inference allows better nonlinear control against
other inference. Application of SAM based fuzzy inference to multivariable

systems is novel.
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4. Development of generalized tuning technique for n x n multivariable FPID sys-

tems.

6.2 Future Work

Followings summarize the future research work:

e In formulation of decoupled PID controller technique, the overall compensated
(static decoupler and process model) was modeled using first-order system at
low frequency. Alternatively, the compensated system can be modeled using

higher-order model in order to deal with any frequency.

e In this thesis tuning of high-level parameters for SAM was performed using
heuristics. However, it is good to study the systematic tuning of those parame-

ters considering performance indices of multivariable system.

e Moreover, online adaptation of those high-level tuning parameters has to be

performed in order to cope with the discrepancy of model/process mismatch.
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Figure A.1: SIMULINK implementation of Pulse Width Modulator (PWM) of power
suppliers for real-time experimentations
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