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ABSTRACT

A model of a system is important for applications such as simulation, prediction and control.
Closed-loop identification (CLID) is a means of identifying a process model while the process
is still under feedback control. The motivation of this project is to find a way to do closed-loop

identification while causing minimum disruption to the controlled process.

There are two main categories of closed loop identification. One is closed-loop identification
with external excitation (Ljung 1987, System Identification: theory for the user, Englewood
Cliffs, NJ: Prentice-Hall). Another is relay identification (Astrom and Higglund 1984a, Auto-
matic Tuning of Simple Regulators with Specifications on Phase and Amplitude Margins,
Automatica, Vol.20, No.5, pp645-651). The first achievement of this thesis is the establishment
of a connection between previously unrelated facts by comparing the two main categories of
closed loop identification methods. Their advantages and disadvantages were highlighted

through case studies.

The second, and the main achievement of this thesis is to propose a new closed-loop identifica-
tion scheme for a single-input-single-output (SISO) control loop. It is based on a quantizer in-
serted into the feedback path. The novel contribution of this thesis is to bring the closed-loop
identification with external excitation method and the relay identification method into a unified
framework for the first time. It gives recommendations about the appropriate method to use for
a given quantizer interval. When the quantization interval is small, the quantization error is per-
sistently exciting, equivalent to an external excitation. The two-stage (step) method can be ap-
plied. When the quantization interval is large, the relay method can be applied instead. Nonlin-
earity caused by the quantizer is analyzed, which indicates that nonlinearity increases with the
quantization interval. Simulations and experiments showed that the proposed closed-loop iden-

tification scheme based on quantization is successful.

The third achievement of this thesis is the implementation, testing and extension of a quantized
regression (QR) algorithm that retrieves the underlying information from quantized signals
such as those from the analogue to digital converter of a plant instrument. The algorithm is a
combination of the ‘Gaussian Fit’ scheme with expectation-maximization (EM) algorithm. The
new QR algorithm can optimally estimate the model parameters and recover the underlying

signal at the same time for an arbitrary number of quantizer levels.
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Nomenclature

The nomenclature follows Soderstrom & Stoica (1989) and/or Ljung (1987)

§: an estimate

6, : the true value

EG : E is the expectation operation

N: the number of data points used in the estimate
Z": the data set

M: Model Structure

G : an estimate of the true process G,

G, : the true process

C: the controller

d : the relay amplitude in the context of relay-based identification

d(t): the external excitation in the context of closed loop identification with external excita-

tion.

a: the amplitude of the oscillation in the process output (limit cycle) in the context of relay-
based identification

a(t): the noise in the context of closed loop identification with external excitation

K: the process steady-state gain

L: the dead time

T: the time constant

s: Laplace variable

qi: quantization interval

ql: quantization level

h : quantizer output amplitude

€: hysteresis width

u : process input

y: the process output

ysp: the setpoint
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CHAPTER 1 INTRODUCTION

CHAPTER 1

INTRODUCTION

This chapter begins by presenting an overview, followed by the important definitions and
concepts in system identification and closed-loop system identification. The objective and the
motivation of this thesis and the key issues to be addressed are described. The last sections

give the outline of the approaches used throughout this thesis and the organization of the thesis.

1.1 Overview

1.1.1 An example

The closed loop control system is common in everyday life, for example a hot water tank in a
domestic house. In this example, the hot water tank is the controlled system because it is
desired to maintain the hot water at a desired temperature by means of a heating element. The
tank and the heater comprise a closed loop. There are generally two ways to find the model of a
system. One way is through application of the laws of physics. The other way is by system
identification. For the hot tank example, the first possible approach is to calculate the model
after knowing the size of the tank, the heat transfer rates and so on. Another is to infer the
model from measurements of the heat input and temperature over a period of time. Closed-loop
identification uses the latter method. Closed-loop identification is a challenge because the aim
of the control system is to keep the temperature constant, yet identification requires the

temperature to change in order to give some information about the tank.

1.1.2 Motivation

This thesis aims to find novel ways to meet the challenges involved in closed-loop
identification. For the hot tank example, on the one hand, the system must be disturbed, for
instance, by switching the heater on and off. On the other hand, the disturbance must be
minimized in order to maintain the temperature at the correct value. Therefore the motivation of

the work is to find a means of supplying sufficient information with a minimum of disturbance.

Quantization caused by analogue to digital (A/D) conversion and/or digital to analogue (D/A)

conversion provides a possibility since the quantization error is a signal that can be used to

18



CHAPTER 1 INTRODUCTION

excite the identified process. Therefore, the aim of this thesis is to find the dynamics of a

controlled system from closed-loop quantized data.

1.2 Definitions and concepts

This section will first give some basic definitions on system identification. Closed-loop
identification will then be discussed. Emphasis will be given to two specific closed-loop
identification methods — closed-loop identification with external excitation and relay-based

identification.

1.2.1 Basic definitions

The focus of the work is the determination of the behavior of controlled system, while it
remains under closed loop control. The Instrument Society of America gives the following

definitions.

Controlled system: The collective functions performed in and by the
equipment in which the variable(s) is (are) to be controlled.
(ANSVISA-S51.1-1979:29)

Closed loop: A signal path, which includes a forward path, a feedback

path and a summing point, and forms a closed circuit.
(ANSIISA-S51.1-1979:8)

Feedback control: Control in which a measured variable is compared to
its desired value to produce an actuating error signal which is acted

upon in such a way as to reduce the magnitude of the error.
(ANSV/ISA-S51.1-1979:11)

For the hot tank example, the hot water tank is a controlled system because it is desired to
maintain the hot water at a desired temperature by means of a heating element. The tank and

the heater comprise a closed loop.

1.2.2 System identification definitions

When a new system is encountered, some concept of how its variables relate to each other is
needed. With a broad definition, such an assumed relationship among observed signals is a

model of the system. There are many different kinds of models; for example, linear systems can
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CHAPTER 1 INTRODUCTION

be described by their impulse or step responses. These are graphical models. In more advanced
applications, it may be necessary to use models that describe the relationships among the
system variables in terms of mathematical expressions like difference or differential equations.
These are mathematical (or analytical) models. Mathematical models may be further classified
into different types, such as continuous time or discrete time, lumped or distributed, linear or
nonlinear. Throughout this thesis, only mathematical models of linear lumped systems will be

discussed.

This subsection now introduces some basic concepts that will be valuable when describing and

analyzing identification methods (see, for example, Ljung, 1987; Soderstrom and Stoica, 1989).

Process and system:

The physical reality that provides the experimental data will be
generally referred to as the process. ... The word system denotes a
mathematical description of the true process.

(Soderstrom and Stoica, 1989:9)

In Figure 1-1, the true process is G, . For instance, if expressed as continuous linear system, it

may take the form of

Ke™™
Ts+1

G(s)= (1.1)

where G(s) is the transfer function, K is the process steady-state gain, L is the dead time, T is

the time constant and s is Laplace variable.

System identification:

System identification is the field of modeling dynamic systems from

experimental data.
(Soderstrom and Stoica, 1989:1)

In Figure 1-1, a batch of data may be collected.
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CHAPTER 1 INTRODUCTION

Z" =[y(),u(l),...., y(N),u(N)] (1.2)

Where u is the input and y is the output. The task of system identification is to determine an

A

estimate G of the true process G, from the data set Z" . Still for the hot water tank in a

domestic house, the behavior to be identified is the relationship between tank temperature and
heater input, e.g. how much heat is needed to raise the temperature by 1°C (the gain) and how
long it takes for the tank to attain some fraction of the desired temperature (63% is commonly

used).

Figure 1-1 Open-loop system in which G, is the true process and H is the noise

model; a is white noise and v is the noise applied on the process.

Nonparametric methods: A model that is described by a curve, function or table is called a
nonparametric model. A step response, an impulse response and a frequency diagram such as
Bode and Nyquist plots are examples of nonparametric models. Methods that aim at
determining nonparametric models by direct techniques without first selecting a confined set of
possible models, are often called nonparametric methods since they do not (explicitly) employ

a finite-dimensional parameter vector in the search for a best description.

In system identification, commonly used nonparametric methods include, for example, the

correlation analysis method and the spectral analysis method (Ljung, 1987).

Model Structure M:

In many cases, it is relevant to deal with parametric models. Such a

model is characterized by parameter vector &. The corresponding

21



CHAPTER 1 INTRODUCTION

model will be denoted M(¢). When @ is varied over some set of
feasible values, we obtain a model set (a set of models) or a model

structure M.

(Soderstrom and Stoica, 1989:9)

A general parametric model structure (Ljung, 1991) is

A(q)y(r)=?u(r—nk>+£@e<z> 13)

(@) D(q)

where A,B,C,D and F are polynomials in the delay operator g™':

Alg) =1+ a,q'l o +an’lq'"“ (1.4)
B(g)=bg™ +-- +b, g™ (1.5)
C(@)=1l+c g™+ +cn‘_q'"" (1.6)
D(@)=1+d, g+ +d, g™ (1.7)
F(@)=1+fig" +-+f, ¢ (1.8)

in which, n,, n,.n ,n,and n are the orders of the polynomials A,B,C,D and F, k is the

number of delays from input to output.

Other linear parametric models are special cases of the above general parametric model

structure. For example, the general parametric model structure becomes an ARMAX model

when both 7, and 7, equal to zero.

A(@)y(1) = B(q)u(t —nk) + C(q)e(?) (1.9)
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CHAPTER | INTRODUCTION

The general parametric model structure becomes Box-Jenkins (BJ) model when n,equals to

Z€ro.

y(8) =%u(l —nk)+~@e(t) (1.10)

D(q)

ARX model is another special case of the general parametric model structure when n,,n, and

n, all equal to zero.
A(q)y(t) = B(q)u(t — nk) + e(t) (1.11)

In the special case of ARX model where n,= 0, ARX model becomes FIR (finite impulse

response) model.
y(t) = B(q)u(t — nk)+e(t) (1.12)

Parameter estimation methods: When a set of candidate models has been selected and it is

parametrized as a model structure using a parameter vector &, the search for the best model

within the set then becomes a problem of determining or estimating @ . If the data set Z" has

been collected, then the definition is as follows:

The problem we are faced with is to decide upon how to use the

information contained in Z" to select a proper value 0, of the
parameter vector, and hence a proper member M (6, ) in the set M *.

Formally speaking, we have to determine a mapping from the data Z "

to the set D (set of values over which & ranges in a model structure

z" -6,eD (1.13)

Such a mapping is parameter estimation method.
(Ljung, 1987:170)
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CHAPTER 1 INTRODUCTION

In system identification, commonly used parametric methods include, for example, the least-
squares (LS) method and the maximum likelibood (ML) method.

Bias: When the expected value of an estimate 6 deviates from the true value 6,.ie. E 6= 6y,
where E is the expectation operation, the estimate @ is biased. The difference E&- 6, is called

the bias. Otherwise, if E 6 =6,, @ is said to be unbiased. (Soderstrom and Stoica, 1989:18)

Consistency: An estimate @ is consistent if 6 — €,as N—oo, where N is the number of data

points used in the estimate. A reasonable alternative is ‘limit with probability one’ (Soderstrom

and Stoica, 1989:19).

Identifiability: This is a concept that is central in identification problems. Loosely speaking,
identifiability is whether the identification procedure will yield a unique value of the parameter
€ and whether the resulting model is equal to the true system. The issue involves aspects on

whether the data set Z" is informative enough to distinguish between different models as well
as whether different values of @ can give equal models (Ljung, 1987:99). Generally, the term

system identifiability refers to the joint identifiability of the process G,and the
disturbance/noise model H ,(as shown in Figure 1-1). However, throughout this thesis, only

the identifiability of the process G, is concerned because only the true process is of interest.
Persistent exciting: This is an important concept which will be used repeatedly in this thesis.

A quasi-stationary signal {u(t)} with spectrum @, (@) is said to be
persistently exciting if
¢, (@)>0, Vo (1.14)
(Ljung, 1987:364)

1.2.3 Closed-loop identification (CLID)

Performing identification experiments in closed loop may be necessary due to safety or

economic reasons or because of inherent feedback (Ljung, 1987).
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Closed-loop Identification is the procedure of collecting experimental

data from a process while it is operating under feedback control and

then using those data to develop a dynamical model for the system.
(MacGregor and Fogal, 1995:163)

A large number of academic papers on the topic of closed-loop identification (CLID) have been

published. There are three main categories of closed-loop identification.

o The first category is the general identification technique for stochastic processes. The
process input is usually an independent, persistently exciting signal (i.e. a broad-band
excitation signal that excites the process at many frequencies). The identification result is

usually a discrete-time model, for example (Ljung, 1987)

. B
G@)=q —f% (1.14)

where G(q) is pulse transfer function, B and A are polynomials, g is forward shift operator,
correspondingly ¢ is backward shift operator and k is the number of delays from input to

output.

This identification result can then be used for model-based control design. The typical

overview papers on this topic are Gustavsson et al. (1977) and Forssell and Ljung (1999).

o The second category occurs in the context of auto-tuning. It is an alternative to the Ziegler-
Nichols frequency response method. A nonlinear relay is connected to replace the available
controller. No input signal is used in this method. The final identification result is usually a

continuous model, or transfer function, for example (Astrom and Hagglund, 1995)

Ke™
Ts+1

G(s)= (1.15)

where G(s) is the transfer function, K is process steady-state gain, L is the dead time, T is

the time constant and s is Laplace variable.
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This continuous model is then used for Proportional-Integral-Derivative (PID) controller
tuning. The well-known work is Astrom and Higglund (1984a). This is called Relay-based

identification.

e In the third category, a step or pulse is used as process input signal. The end product is also
a continuous model, which is consequently used for PID controller tuning. For example,
Yuwana and Seborg (1982) proposed the estimation of the critical point of the process (i.e.
where its frequency response has a phase shift of 180°) based on a first-order plus dead-
time (FOPDT) model identified from a step set-point response of the proportional control
system. This is called a proportional (P) controller method.

In the literature, when closed-loop identification is referred to, it always means the first
category by default. For easy notation so as to avoid confusion, the first category is called
closed-loop identification with external excitation in this thesis since an independent
persistently exciting signal (i.e. a broad-band excitation signal that excites the process at many
frequencies) is used to guarantee closed-loop identifiability in all the methods of this category.
The second category is called relay-based identification. In this thesis, only the first two
categories will be studied in detail since they will be further developed to formulate a new

closed-loop identification scheme.

1.2.4 Closed-loop identification with external excitation

External excitation is a dither signal injected into the original closed-loop system to excite the
process for the purpose of system identification. A single-input single-output (SISO) closed-
loop system (adopted from MacGregor and Fogal, 1995) illustrated the material to be presented
in this subsection. It provides a general structure for CLID with external excitation. The

excitation is a dither signal introduced at d.

In Figure 1-2, G,(q) represents the true process, and the disturbance v(t) = H,(g)a(z)
represents the effect of all unmeasured process disturbances on the measured output y(t), g is
the forward shift operator. C(q) is the feedback controller, and the set-point y , (¢)and the

‘dither’ signal d(z) are input signals that may be injected to aid in the identification. In this

thesis, only y,, (¢) = 0 is considered, that is to say, only d(t)} is used as an external input signal.

26



CHAPTER 1 INTRODUCTION

The identification task is to use y(t) and d(t) to identify the process. This can be done in a

number of ways, for example, Huang and Shah (1997), Van den Hof and Schrama (1993).

<y

d Ho

Ysp u y

Figure 1-2 Closed-loop system

1.2.5 Relay-based identification

In normal condition, the process works under the control of a controller (Figure 1-3). The idea
was to introduce a nonlinear feedback of the ideal relay in order to generate a sustained
oscillation during the identification. The system then starts to oscillate. The period and the
amplitude of the oscillation are determined when steady-state oscillation is obtained (Astrom
and Hagglund, 1995). The measured oscillation information can be used in two ways, either to
estimate the critical point of the process, that is where its frequency response has a phase shift

of 180° and thus may be regarded as an automated Ziegler-Nichols test.

Ysp

=i

Figure 1-3 Standard relay feedback system
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1.3 Problem analysis and key issues

1.3.1 Problem analysis

At this moment, a natural question raised often is that: With so many choices for closed-loop

identification methods, why are new schemes for closed-loop identification still needed?

Within the first category, CLID methods rely on external perturbations to excite the process.
These perturbations, such as adding a dithering signal to the control loop, are not a part of the
closed-loop and are external to the process under feedback control. The role of these signals is
to excite the process for the purpose of identifying the true dynamics of the process while the
process is operating under feedback control. This excitation has the unfortunate effect of
degrading the control performance because it is an external disruption to the process. It cannot

be avoided, but should be minimized.

On the other hand, as described in subsection 1.2.5, information on the critical point can be
identified from relay feedback tests. These parameters allow PID tuning settings to be
calculated, for instance from Ziegler-Nichols rules or other standard tuning methods. Relay
tuning has been successful. For example, the Alfa Laval Automation ECA400 controller that is
commercially available is based on relay identification (Astrom and Higglund, 1995).
However, the problem is that replacement of the PID controller by the relay disrupts the

operation of the control loop.

Achieving identification during normal operations without external excitation or disruption is
an ideal target. But theoretical analysis and simulation studies for closed-loop identifiability in
section 3.1 will show that it is impossible. So the best solution should identify the process

dynamics with as small disruption to the controlled process as possible.

The observation that quantization caused by analogue to digital (A/D) conversion and/or digital
to analogue (D/A) conversion in the process instruments injects an excitation into a single-
input-single-output (SISO) loop even during normal process operations should be inspiring

(EPSRC Grant Proposal GR/R06687 by Thornhill et al. 2000).

It is assumed that the data are measured with a precision of 10 bits (which is quite reasonable
for typical A/D converters). Figure 1-4 shows a SISO control loop with 10-bit A/D converter.

The quantization error (the quantized observation minus the unquantized underlying signal, i.e.
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y—y, in Figure 1-4) acts as the excitation. The 10-bit A/D converter for measurement

purpose is not very flexible. Therefore, the last scheme should be like that displayed in Figure
1-5 with another A/D converter inserted in the feedback path. The excitation can be adjusted in
two ways, either by increasing the quantization interval of the additional A/D converter, or by

altering the quantization sampling rate (i.e. the times at which the quantized samples are taken)

of the additional A/D converter. The quantization error (y, — ¥ in Figure 1-5) will be used as

the excitation required by closed loop identification.

, Y.
s
P y

— | C » Go _» A/D >

Figure 1-4 Closed-loop system with 10-bit A/D converter

Ysp
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—> C ol Go —— | AD >
Yq
A/D

Figure 1-5 Closed-loop identification using quantized data

It is the aim of this thesis to find novel ways to meet the challenge of achieving identification
during normal operations with minimum disturbance. Quantizer signal processing seems to be a
potential solution. Therefore, the motivation of the work is to find how to use the quantizer to

excite sufficient information for system identification while minimizing the disturbance.
1.3.2 Key issues

The aim of this thesis is the identification of the dynamics of a

controlled system from closed-loop data while causing minimum
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disruption to the controlled process. The key idea is to exploit
measurement quantization errors caused by analogue to digital

conversion as an excitation signal.

To achieve the target described above, the following key issues need to be addressed.

To explore the different ways that can meet closed-loop identifiability. This will provide
theoretical fundamentals why closed-loop identification can be achieved based on
quantization.

To compare the advantages and disadvantages of the CLID with external excitation method
and the relay-based identification.

To recover an underlying signal from quantized measurements. The quantization error is
the quantized observation minus the unquantized/underlying signal. After the quantized
data has been obtained, the key issue is to implement an algorithm to recover the
underlying signal.

To explore the relationship between quantization interval and the information content of
quantization error. This information content includes power and bandwidth.

To select the optimum quantization interval or range for different closed-loop
identification methods.

To formulate new CLID scheme for controlled system identification using quantized data.
To demonstrate accurate system identification using quantized plant data with pilot plant

experimentation

1.4 Outline of approaches

1.4.1 Case study

Case studies will be extensively used to validate theory and to gain insights for different closed-

loop identification methods. In section 3.1, case studies will be used to validate the theory on

closed-loop identifiability. Then in section 3.2, case studies will be used to duplicate the two-
stage method (Van den Hof and Schrama, 1993) and the two-step method (Huang and Shah,
1997). In the same way, the relay identification methods (Li. ef al, 1991; Wang, QG et al.,

1997a and Wang, QG et al., 1997b) have been duplicated in section 3.3. The noise influence in

the relay-based identification has been explored in section 3.3. The two categories of closed-

loop identification methods will also be compared by case study in section 3.4.
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1.4.2 Simulation

Simulation is widely used to test the theory and the algorithms. In Chapter 3, all case studies
will be implemented through simulation. In Chapter 5 and Chapter 6, transfer function model
simulation and pilot-plant model simulation will be used to demonstrate the closed-loop
identification scheme based on quantization. In Chapter 7, simulation will be used to
demonstrate the superiority of Quantized Regression (QR) algorithm over other methods (e.g.

the Linear Least Square (LLS) method) in reconstructing from quantized measurements.

All the simulation analyses were performed using MATLAB version 6.0 together with
Simulink version 4.0 and System Identification Toolbox version 5.0 (The MathWorks;
Natwick, MA).

1.4.3 Experimentation

Experimentation is a convincing way to test the theory and the algorithms. In Chapter 5 and
Chapter 6, experimentation with a pilot plant in the Computer Process Control group in the
University of Alberta will be used to demonstrate the closed-loop identification scheme based
on quantization. In Chapter 7, experimentation data of the pH control in a buffered fed-batch
yeast fermentation process will be used to demonstrate the superiority of quantized regression
(QR) algorithm over other methods (for example, the linear least square (LLS) method) in

recovering the underlying signal from quantized measurements.

1.5 Qutline of the thesis

In this thesis, the general objective is described in Chapter 1 on the basis of introducing the
important definitions and concepts as well as two main categories of closed-loop identification
methods: closed-loop identification with external excitation and relay-based identification.
Emphases are put on the problem analysis and key issue to be addressed. Chapter 2 is a
literature review in which the developments of the two categories of identification methods and
the relevant closed-loop identification based on quantization are evaluated. The topic of closed-
loop performance assessment (CLPA) is also reviewed since the concept and method will be

further used in Chapter 5 and Chapter 6.

The closed-loop identifiability theory is analyzed in Chapter 3 together with a case study.

Advantages and disadvantages of the two methods can be inferred from the case studies
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presented in Chapter 3. The main advantage for relay-based identification is that the sustained
oscillation can be implemented automatically. The main disadvantage for relay-based
identification is that the controller must be replaced by an ideal relay, which means disruption
to the control system. The main advantage for closed-loop identification with external
excitation is that over a range of frequencies information of the process can be identified and
the identified model is of higher accuracy. The main disadvantage for closed-loop identification
with external excitation is that a priori information on the critical frequency of the identified
system is needed for the design of the persistently exciting signal. These case studies will also

provide a benchmark for further work of assessing the new closed-loop identification schemes.

Chapter 4 starts with the definition of quantizers. The relationship between quantization
interval and the information content (power and bandwidth) of the quantization error is then
presented. A new closed-loop identification scheme is proposed — when quantization interval
ranges from small to large, the closed-loop identification with external excitation method and
the relay-based identification method can be applied correspondingly. The stability influence of
the newly inserted quantizer to the closed-loop system is also analyzed in Chapter 4. Chapter 5
introduces the computation methods such as a nonlinear test method, model accuracy measure,
the simulation method and the experimentation method. All the results and discussions are

written in detail in Chapter 6.

Chapter 7 is a self-contained chapter, which presents the Quantized Regression (QR) algorithm
used to recover the underlying signal from quantized measurements. The QR algorithm was
implemented successfully but was not in the end used in the closed-loop identification

procedure because its large computation makes it difficult to use on-line.

The main novel contributions of this thesis are summed up in Chapter 8. In the same chapter,

further suggestions on the future research along this method are also presented.
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CHAPTER 2

LITERATURE REVIEW

This chapter focuses on closed-loop identification with external excitation (Ljung, 1987) and
relay-based identification (Astrom and Higglund, 1984a and 1984b). It also includes some
previous research on closed-loop identification with a quantizer. The relevant topic of closed-
loop performance assessment (Harris, 1989) is also discussed since it will be used later in

Chapter 4, Chapter 5 and Chapter 6 of this thesis.

2.1 Closed-loop identification with external excitation

In this section, a general structure for closed-loop identification with external excitation will be
described first. The efforts will then be directed to classification and development of the CLID
approaches and methods. The recent development of closed-loop identification without external
excitation is also discussed. The conclusion is given in the end that some kind of external

excitation is necessary for closed-loop identification.

2.1.1 Introduction
The single-input single-output (SISO) closed-loop system (adapted from Ljung, 1987)
illustrates the material to be presented in this section. It provides a general structure for CLID

with external excitation. The excitation is a dither signal introduced at d.

@y

d Ho
\
Ysp u Yy
— C Go ;\]T >
Figure 2-1 Closed-loop system
The true system is assumed to be
y(®) =G, (@u(t) + H(q)a(?) 2.1
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where G, (q) represents the true process, and the disturbance v(¢) = H,(g)a(t) represents

the effect of all unmeasured process disturbances on the measured output y(t), g is the forward

shift operator. The feedback loop is
u(t) = C(g)(y,, (1) = y(1)) +d() 22)

where C(q) is the feedback controller, and the set-point y, (t) and the ‘dither’ signal d(z) are

input signals that may be injected to aid in the identification. As stated in subsection 1.2.4, only

Ve (t) = 0 is considered in this thesis. Thus, the task of identification is how to use the

available information (such as d(z), u(t) and y(t) ) to get an estimate G of the true process G, .

2.1.2 Motivation
Closed-loop identification (CLID) identifies a process model while the process is operating

under feedback control. Closed-loop identification might be necessary because the system is

unstable in open loop or the system contains inherent feedback mechanisms (Ljung, 1987).

Gustavsson et al. (1977) gave an overview of CLID mainly on closed loop identifiability and
accuracy. Their conclusions are that prediction error methods can be applied to identify linear
model using data collected in a closed-loop and identification is possible in some cases, for
example, external excitation, setpoint change, time-varying controller or nonlinear controller.
Forssell and Ljung (1999) revisited CLID under the prediction error framework. Van den Hof
and Schrama (1995) systematically reviewed the problem of control-relevant CLID. Their main
conclusion is that iterative closed-loop identification and control design can improve

performance.

2.1.3 Framework of approaches and methods

Different assumptions of feedback configurations lead to a classification of CLID approaches

(Gustavsson et al., 1977; Forssell and Ljung, 1999):

(1) The Direct Approach: the feedback is ignored and the controlled system is identified using

measurements of the input (t) and the output y(z) (see Figure 2-1).
(2) The Indirect Approach: the closed-loop transfer function Y(s)/D(s) is identified at first and

the open-loop parameters are then determined using the knowledge of the controller C(g).
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(3) The Joint Input-output Approach: the input u(z) and the output y(t) are jointly viewed as the

output from a system driven by the external excitation signal d(t) and noise a(t). Some
method is used to determine the open-loop parameters from an estimate of this augmented
system. It is not required to know the controller C(g), but the controller must be known to
have a certain structure. In detail, three branches exist inside Joint Input-Output Approach
(Gustavsson et al., 1977; Forssell and Ljung, 1999). They are: the Coprime Factor method,
the Two-stage (step) method, and the Projection method.

Thus, the framework for CLID with External Excitation is:

Direct approach
Indirect approach
Joint input-output approach
o Coprime factor method
Coprime factors means having no common factors (Schrama, 1991).
e Two-stage (step) method
There are two stages or steps; the first stage/step is to identify sensitivity
function and the second stage/step is to identify the process model (Van
den Hof and Schrama, 1993; Huang and Shah, 1997).
¢ Projection method
This method is similar to two-stage/step method, the difference is a non-
causal FIR filter used in the first sage/step; the first step in the method can
be viewed a least squares projection of the process input u(z) onto external
excitation d(z) — hence it is called projection method (Forssell and Ljung,

1998; Forssell and Ljung, 1999).

On the other hand, in the context of open-loop system identification, the textbook of Ljung

(1987) classifies open-loop system identification into

Parametric method
With this method, a model structure (finite dimensional parametric vector) has to be chosen
at first, followed by parameter estimate and model validation.
o Prediction Error family
Prediction error means the measurements minus the corresponding one-step-ahead
predictions derived from the model; a general term prediction error identification

methods is also used to represent this family of methods (Ljung, 1987, pp170-171).
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e Least square method, in which the estimate is obtained by choosing the
criterion as minimizing the sum of the squared one-step-ahead prediction
errors, it is also called linear regressions in the literature; it is a special case of
prediction error identification methods (Ljung, 1987: 175-176).

e Instrumental Variable method: the key difference between IV methods and LS
methods is that LS methods can only be used when the measurements are
contaminated by white noise and IV methods can be used under coloured noise
for consistent estimation (Soderstrom and Stoica, 1989, pp187, pp261; Ljung,
1987, pp192-193).

¢  Subspace family
Subspace methods estimate a state space model of a multivariable process directly
from input/output data. The main part of a subspace method consists of matrix
singular value decomposition (SVD) and linear least-squares estimation which are
numerically simple and reliable (Zhu and Butoyi, 2002).

e Non-parametric method
A model is described by a curve (for example, impulse response, step response), a function
or a table; a finite-dimensional parameter vector is not explicitly employed in the search for
a best description (Ljung, 1987, ppl41).

e Correlation method in which the input is white (if it is not white, a whitening filter
can be used to make it white), the impulse response can be calculated through
correlation analysis (i.e. the cross covariance function between the input and the
output) (Ljung, 1991, ppl-17).

e Spectral analysis method in which the frequency response is obtained by dividing
the cross spectrum of the output and the input with the spectrum of the input

(Ljung, 1991, ppl-18).

The above two classifications complement each other. Within each of these approaches (direct,
indirect, joint input-output approach), different methods (such as: prediction error, subspace)
can be used. It should be noted that the Direct approach is only applicable with the prediction
error method and some of the subspace methods. The reason for this is the unavoidable
correlation between the unmeasurable noise and the input. With the indirect and joint input-
output approaches, the closed-loop problem is converted into an open-loop one since the
external input signal is uncorrelated with the noise. Thus all open loop methods can be used

within the indirect and joint input-output approaches.
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2.1.4 Specific approaches and methods

In this subsection, different methods will be placed in the context of the approach used. The
aim is to make the classification in section 2.1.3 more concrete to present the methods that have

potential use in the thesis later.

Direct approach
The direct approach can only be used with the prediction error method and some of the

subspace methods. The reason for this is the unavoidable correlation between the unmeasurable

noise and the input.

Indirect approach
Theoretical analysis reveals that application of the conventional least-squares (LS) method in

indirect identification can always result in inconsistent parameter estimates of the closed-loop
system as well as of the open-loop process in the presence of coloured noise. Zheng and Feng
(1995) presented an LS type method to cope with the bias problem in indirect identification of
closed-loop systems subjected to coloured disturbances. The proposed method is based on the
bias-correction principle. The suggested method can yield consistent parameter estimates.

Generally, this kind of method is referred to as bias-free least squares (BFLS).

The instrumental variable (IV) methods form a different class of identification methods that is
related, but not equivalent, to the least square (LS) methods inside the prediction error
framework. The key differences between IV methods and LS methods are that LS methods can
only be used when the measurements are contaminated by white noise and IV methods can be
used under coloured noise for consistent estimation (Soderstrtom and Stoica, 1989, ppl87,
pp261). The closed-loop IV methods have been studied by Soderstrom er al. (1987). Under
weak assumptions, the estimates are consistent and asymptotically Gaussian distributed. To
guarantee the identifiability of the closed-loop, a measurable external signal such as a reference

or a setpoint is needed.

Zhang et al. (1997) studied the connection between the Bias-free Least Squares (BFLS) method
and the Instrumental Variable (IV) family and showed that the BFLS method is a kind of
weighted instrumental variable method whose results do not depend on the order of the

controller.
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Joint input-output approach

Schrama (1991) proposed a framework for open-loop identification of the coprime factors of
the unknown plant in dealing with the approximate closed-loop identification problem. This
framework allows the feedback-controlled plant to be identified by the application of any open-

loop identification method.

Van den Hof and Schrama (1993) introduced a two-stage method. The transfer function of a
linear plant can be consistently estimated on the basis of data collected from closed loop
experiments, even in the situation where the model of the noise disturbance is not accurate.
Huang and Shah (1997) modified the two-stage method described above and demonstrated
better accuracy. Both researches require that a persistently exciting external signal (i.e. a
broad-band excitation signal that excites the process at many frequencies). Esmaili et al. (2000)
discussed the asymptotic and finite data behaviour of some closed-loop identification methods

including the two-step method (Huang and Shah, 1997).
Forssell and Ljung (1998) initiated a projection method, which comprises the same two steps as
the two-stage or two-step method. The only difference is that in the first step one should use a

non-causal FIR model instead of a causal high-order FIR or ARX model.

ARX model is a commonly used parametric model, for example

=q7* Bl) . H(g)=—— (2.3)

G ;
@ A(q) A(g)

where B and A are polynomials in the delay operator q':

A(q) =1+ alq—l 4o +anaq_"" (2.4)

B(g)=1+bg™ +- +b, g (2.5)

in which, n, and n, are the orders of the polynomials A and B, k is the number of delays from
input to output. In the special case where n,= 0, the ARX model becomes an FIR (finite

impulse response) model. Non-causal FIR model means that
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M2
u(®) = 8(q, B)d@) +e(t) = Y s,d(t—k)+e(t) (2.6)

k=-M1

where M1 and M 2 are positive integers and d is the input. The main feature is that the sum

contains both the positive items and the negative items - which means past and future.

2.1.5 Closed-loop identifiability, accuracy and efficiency

The issues of identifiability, accuracy and efficiency were important topics in the early stages
of closed-loop identification in 1960s and 1970s. They remain under investigation in the

literature.

Closed-loop identifiability

Gustavsson et al. (1977) is the most widely referred paper on closed-loop identifiability.
MacGregor and Fogal (1995) discussed the closed-loop identifiability with simulation
examples. They showed that the nonparametric methods yield no information on the true
system if data from purely feedback operation is used. Under the same condition, the
parametric methods can identify the true system only when the fairly strict necessary and
sufficient conditions on the true process and controller orders are satisfied (i.e. order of the
controller should be greater than, at least equal to, the order of the process). In Gustavsson et al.

(1977), this is called system identifiability (SI).

It is apparent that for closed-loop identification something must be done to break the
dependency between the input signal and the process disturbance. This can be accomplished in
either of the two ways (MacGregor and Fogal, 1995; Bartee and McFarlane, 1998).

(1) By injecting an independent, persistently exciting signal into the feedback loop.

(2) By switching between two or more feedback controllers.

Either of these will guarantee that necessary and sufficient conditions for identifiability be

satisfied. This is known as strong system identifiabilty (SSI) (Gustavsson et al., 1977).

The third way to break the dependency between the input signal and the process disturbance is
to insert nonlinearity (page 366 of Ljung, 1987). For instance, switching between two or more

feedback controllers is one way to implement nonlinearity.

SSI infers the following properties (Gustavsson et al., 1977):

(1)Closed-loop data can be used as though it were open-loop data for model identification.
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(2)All statistical estimation methods (non-parametric method and parametric method) and
validation techniques are valid.
(3)Descriptive transfer function models can be identified, even when they are over-

parameterized.

Therefore injecting external excitation into a system makes it to be SSI. The injection of an
independent signal into the loop provides the user with a greater flexibility for designing the
identification experiment to achieve the desired objectives. That is why this category is called

closed-loop identification with external excitation.

Accuracy
The problem of assessing the quality of the estimated model, i.e. the accuracy, is an important

issue in system identification (Gustavsson et al., 1977). Model-plant error consists of two parts.
One component is due to the fact that the true system is not within the model structure that has
been chosen (e.g. under-modeling), and this is called the bias error. The second component of
the total error is due to noise corruption of the observed data (disturbance effects or the random

error). This is termed variance error.

The direct approach in which the feedback is ignored typically gives better accuracy than the
indirect approach and joint input-output approach where the closed-loop problem is converted
into an open-loop one. Ljung and Forssell (1997) derived variance results for a number of
closed-loop identification methods using standard prediction emror theory. By studying the
asymptotic variance for the parameter vector estimates, they showed that indirect methods fail
to give better accuracy than the direct method. So the direct approach should be regarded as the
first choice of methods for closed-loop identification whenever possible. Gevers et al (2001)
derived the asymptotic variance expressions for models that are identified on the basis of
closed-loop data. The CLID methods considered include the direct method, as well as indirect
methods such as coprime factorization method, dual Youla/Kucera parameterizations and the
two-stage method by Van den Hof and Schrama (1993). They showed that different methods

(direct method and indirect method) lead to the same asymptotic variance.

Even so, under the prediction error framework, using the direct approach, the consistency (no
bias) of the model estimate essentially relies on the correct modeling of the system disturbance
dynamics (Forssell and Chou, 1998). MacGregor and Fogal(1995) have shown the same result

with simulation examples. However, in the indirect approach and joint input-output approach,
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the consistency of the resulting model can be achieved without putting too much attention on
the system disturbance model. For example, with the two-stage method proposed by Van den
Hof and Schrama (1993), the transfer function of a linear plant can be consistently estimated

even when the model of the noise disturbance is not accurate.

Ljung and Forssell (1999) studied the same problem i.e., direct identification of systems
operating in closed-loop gives biased results whenever the true noise characteristics are not
correctly modeled. When signal-to-noise ratio is large, the bias error will be small. But the only

way to completely remove the bias is to use the indirect method.

Under certain circumstances, the instrumental variable (IV) method can give the same level of
accuracy as the direct PE method. In general, though, the accuracy will be sub-optimal (Forssell
and Chou, 1998). With optimally chosen instruments, the accuracy of IV method coincides
with that of the direct method. However, this requires exact knowledge of the noise model and

therefore cannot be achieved in practice.

Bias-free least squares (BFLS) method proposed by Zheng and Feng (1995) to cope with the
bias problem in indirect identification of closed-loop systems subjected to coloured
disturbances is based on the bias-correction principle. This might be useful in designing new

closed-loop identification scheme with quantization signal processing.

Efficiency
An unbiased estimate is said to be efficient if its covariance equals the

Cramer-Rao bound.
(Norton, 1986:117)

Efficiency is defined to be Cramer-Rao bound divided by the estimation variance. The main
practical significance of efficiency lies in determining whether further efforts needed to
improve the estimate. Forssell and Chou (1998) studied the efficiency of a number of closed-
loop identification methods, mainly prediction error (PE) methods and instrumental variable
(IV) methods. The reason why direct applied prediction error method gives better accuracy is
that in direct approach all the input signal power is utilized in reducing the variance. In other
approaches, only certain part of the input spectrum (i.e. the noise-free part) is used, the signal-

to-noise ratio is reduced and the variance is increased.
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2.1.6 Joint identification and control

From the 1990's, control relevant identification (or joint identification and control) has attracted
much attention. The goal is to construct models that are suitable for control design. The key
idea in the joint identification and control strategy is to identify and control with the objective
of minimizing a joint global control performance criterion. Van den Hof and Schrama (1995)
reviewed the problem of joint identification and control. They discussed attempts to provide a
separate analysis of both steps (approximate identification and model-based control design),
and to accomplish a joint (robust) performance criterion of both parts. The conclusion is that

the latter can have better performance.

The study of control-relevant identification by Hjalmarsson er al, 1996 showed that the best
identification strategy is to identify the process under feedback with the intended controller in
use. Callafon (1998) studied the integration of closed loop identification with robust control

design and the application of this method to manufacturing of a wafer stage.

To perform dual roles of identification and control simultaneously within a constrained Model
Predictive Control (MPC) framework is termed MPCI. Nikolaou and Eker (1998) introduced a
new MPCI variant. Process inputs are constrainted to excite the process as much as possible for
the generation of maximum parameter information. Gopaluni et al. (2002a and 2002b) also
studied closed-loop identification with MPC controller as the intended controller. The
conclusion is that it is important to minimize multi-step-ahead predictions, as opposed to one-
step-ahead prediction errors, if MPC Controller is used. Zhu and Butoyi (2002) studied
multivariable and closed-loop identification of industrial processes for use in MPC. Twu case

studies were used to demonstrate the advantages of closed-loop identification.

2.1.7 The problem of CLID without excternal excitation

As described above, the paper of Gustavsson et al. (1977) showed that the injection of an
independent signal into the loop guarantees the closed-loop identifiability. Generally, CLID

methods rely on external perturbations to excite the process.

As analyzed in subsection 1.3.1, on the one hand, excitation signal has to be injected to excite
the process for the purpose of identifying the true dynamics of the process while the process is
operating under feedback control. On the other hand, the exciting signal is not a part of the

closed-loop and is considered external to the process under feedback control. Therefore, this
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excitation has the unfortunate effect of degrading the control performance and should be

minimized in some way.

Due to the above reason, researchers have been motivated by the desire to use only routine
closed-loop operating data (i.e. without external excitation) for model identification. Sun et al.
(2001) proposed a new identification algorithm for a linear discrete-time closed-loop system.
Identifiability condition was not satisfied because neither an external excitation was injected
nor the controller was switched. The algorithm is based on output over-sampling scheme (i.e.
output sampling interval is much smaller than input sampling interval). The over-sampled
output data contain more information about the system structure. The restriction of the
proposed method is that the model structure (including the order and delay time) of the plant is
assumed to be known. Bartee and McFarlane (1998) studied the identification of process
models using routine operating data (or archived data) with simulation examples in a fluid
catalytic cracking unit. They showed that with routine data (from systems satisfying SI), only
when the true system structure is known, can an adequate model be identified. These
publications showed that routine or archived data have limited practical use in closed-loop

system identification. Therefore, there is a need for some kind of external excitation.

2.1.8 Conclusions

From the discussions in this section, the conclusions are:

o Closed-loop identifiability (MacGregor and Fogal, 1995) is an important topic.

e Van den Hof and Schrama (1993) and Huang and Shah (1997) are all two-stage (step)
methods of joint input-output approach, in which a persistently exciting external signal is
needed. For the proposed project, the error between quantized measurements and
unquantized measurements is equivalent to the external excitation. Thus the same
procedures as in Van den Hof and Schrama (1993) and Huang and Shah (1997) can be
used.

¢ Bartee and McFarlane (1998) discussed the use of routine operating data without external
excitation for closed-loop identification with simulation examples. The conclusion is that
archived data has limited use in closed-loop identification. Therefore, there is a need for
some kind of external excitation.

e Sun er al. (2001) proposed a new identification algorithm based on output over-sampling
for linear discrete-time closed-loop system. This publication suggests that changing
sampling rate for quantized signal processing may be a useful choice besides A/D converter

of a different quantization interval.
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2.2 Relay-based identification

In this section, the relay-based identification will be presented first, followed by the motivation.
The emphasis will be placed on the development of relay-based identification schemes. The
identifiability of the relay-based identification method, the noise issue and load disturbance

impact, and the commercial products will also be briefly discussed.

2.2.1 Introduction

—p| C

Ysp

[

Figure 2-2 Relay feedback system

0 10 20
timefs

Figure 2-3 Limit cycle from relay feedback, ‘input u’ means the process input; ‘output

Yy’ means the process output.as shown in Figure 2-2.
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The relay-based identification method of Astrom and Higglund (1984a and 1984b) led to a new
generation of process controllers having an auto-tuning facility. The idea was to introduce a
nonlinear feedback of the ideal relay in order to generate a limit cycle oscillation (Figure 2-2).
The system then starts to oscillate. The period and the amplitude of the oscillation are
determined when steady-state oscillation is obtained (Figure 2-3). This gives the critical period

and the critical gain (Astrom and Higglund, 1995).

2.2.2 Motivation

In frequency response methods, the process transfer function can be determined by measuring
the steady-state responses to sinusoidal inputs. The result is a graphical model. When the

frequency w goes from O to oo, the endpoint of the vector G(jw) describes a curve in the

complex plane, which is called the frequency curve or the Nyquist curve. The Nyquist curve
gives a complete description of the system. Not every point in the Nyquist curve is so useful.
For controller tuning, there are some parts that are of particular interest. For instance, the
lowest frequency where the phase is -180° is called the critical frequency. The corresponding
point on the Nyquist curve is called the critical point (Fig. 2-4). A difficulty with the traditional

frequency response is that appropriate frequency of the input signal must be chosen a priori.

0 05 1
Re G(w)

Figure 2-4 Critical point (*) in the Nyquist curve of a first-order plus dead time

process
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Ziegler and Nichols have provided a method for determining the critical point on the Nyquist
curve experimentally. A system can be made unstable under proportional feedback by
increasing the gain high enough. Thus there must be a gain that makes the system oscillate all
the time. The gain is called the critical gain. This method is generally referred to as Ziegler-
Nichols frequency response method, which can be interpreted as a method where one point
(critical point) of the Nyquist curve is positioned. The advantage of the method is that the
process itself is used to find the critical frequency. However, it is difficult to implement in

practice since operating the process near instability is dangerous (Astrom and Higglund, 1995).

Auto-tuning (or automatic tuning) is a method where the controller is tuned automatically on
demand from the user (Astrom and Higglund, 1995). Relay-based identification method was
initiated in Astrom and Higglund (1984a) when they tried to find an easy and reliable auto-
tuning facility for PID controllers. The idea was to replace the available controller with a
nonlinear relay in order to generate limit cycle oscillations. The period and the amplitude of the
oscillations can be determined when steady-state oscillation is obtained. This gives the critical
period and the critical gain. These results can be used for automatic tuning with standard tuning
tools, for example, Ziegler Nichols rules. Hang er al. (2002) gives a review on recent

developments of relay identification and auto-tuning.

2.2.3 Framework of methods

In relay-based identification, the key points are

o The limit cycle generation mechanism, i.e. how to use the relay to generate limit cycle?
e The limit cycle analysis method (for example, the describing function analysis)

¢ The information obtained (for example, the point information in Nyquist plot)

Therefore, different methods can be classified according to the above criteria.

In more detail, the limit cycle generation mechanism can be

e Standard relay

e Amplitude biased relay in which the switch-on value and the switch-off value are not
symmetric (Wang et al., 1997a or Figure 3-12 and 3-13 of this thesis)

o Saturation relay in which the relay output is proportional to the input when the input to the
relay is less than a specified value and the relay output is the relay amplitude when the

input to the relay is greater than a specified value (Shen et al. 1996a)
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e Set-point relay in which the relay is placed in the outer loop while the inner loop is the
former loop (including both the controller and the process) (Luo et al., 1998 and Schei,
1992).

The limit cycle analysis method can be one of the following

o Describing function analysis in which only the fundamental harmonic is considered and the
higher-frequency harmonics can all be neglected (Atherton, 1975 or Section 3.3.1 of this
thesis).

¢ Time-domain dynamic analysis solution in which the accurate transient behaviour (in time
domain) of the process output corresponding to the relay output (as process input) is
analyzed in detail (Wang et al., 1997a).

o Fourier Transform (FFT) in which an exponential decay is introduced for both the input
and the output at first, the process can then be obtained by dividing the Fourier transform of

the output and the Fourier transform of the input (Wang et al., 1997b).

The information obtained
¢ Frequency-domain one-point identification
¢ Frequency-domain two-point identification

e Frequency-domain multi-point identification

As an example to explain the above framework, the original relay-based identification method
by Astrém and Higglund (1984a and 1984b) used a standard relay to generate limit cycle and
the describing function analysis method to analyze the limit cycle. One-point information in

frequency-domain was obtained for subsequent PID tuning.

The describing function analysis method will be described in detail in subsection 3.3.1 of this
thesis. It will be briefly introduced here to provide some background material for further
discussion in this chapter. In order to analyze the system represented in Figure 2-3, which
includes an ideal relay — a nonlinear component, the concept of describing function analysis is

used (see, for example, Atherton, 1975). By the describing function analysis method, the

critical gain for the system G(jw) represented in Figure 2-3 is

K, =— 2.7
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where d is the relay amplitude and a is the amplitude of the oscillation in the process output.

The critical frequency @, can be determined from the limit cycle by

w, =— (2.8)

where P, is the period of limit cycles.

2.2.4 Specific methods

This subsection concentrates on various methods to improve the original relay identification by
Astrom and Higglund (1984a and 1984b). Different methods are arranged according to the
information identified, for example, one point, two points, even multiple points in the Nyquist
curve. Fig. 2-5 gives a graphical demonstration of the identified information by all the methods

reviewed.

Frequency-domain one-point identification
Luyben (1987) used the relay-based method in conjunction with steady-state gain obtained

independently, to find the best transfer function model for the processes. This is the first time

researchers tried to identify transfer function model using relay-based method. A standard relay
was used to generate the limit cycle and the describing function analysis method was employed
to analyze the limit cycle. The limitation of Luyben (1987) is that the steady-state gain must be

known ahead of the relay identification test.

Chang et al. (1992) modified Luyben (1987) to improve the accuracy of the model parameters.

They proposed new accurate analytical expressions to calculate model parameters with the
period of oscillation P, and amplitude a observed from the limit cycle. The formula (2.7) and
(2.8) derived from the describing function analysis method, which were used in Luyben (1987),
are approximate because only the first harmonic is considered. Shen et al. (1996a) used
saturation relay instead of the conventional ideal relay to improve the identification accuracy of

the critical data.
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Sung et al. (1995) used a six-step signal instead of the two-step signal (from an ideal relay) to
reduce the harmonic terms when the signal is represented by the Fourier series. The proposed
test signal looks similar as being quantized. More accurate critical data can be obtained from

the test.

Ot 4
z-02}
=
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Re G(jw)

Figure 2-5 Information identified by different relay-based identification methods (All
frequency one-point identification methods identified the critical point (*). For
frequency two-point identification methods, Li et al. (1991) identified the critical
frequency (*) and one point in the third quadrant (X), Shen et al. (1996b) and Wang et
al. (1997a) identified the critical frequency (*) and the zero frequency (V). For
frequency multiple-point identification, Wang et al. (1997b}) and Bi et al. (1997)

identified all the points in this figure including the points (+).

Friman and Waller (1997) used two relays in the closed-loop, one acts on the error and the
other acts on the integral of the error, to identify a point in the third quadrant of the Nyquist
curve for better controller tuning. Besancon-Voda and Roux-Buisson (1997) proposed a
different method for the identification of a point of prescribed phase lag on the process Nyquist
curve by using an adjustable time delay instead of an adjustable relay hysteresis. A global
optimization approach (such as: multi-pass Luus Jaakola method, modified Simplex method
and a quasi-Newton method) for identifying a second-order-plus-dead-time (SOPDT) model
from relay feedback is proposed by Kumar and Rangaiah (1999).
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Frequency-domain two-point identification

Li et al. (1991) improved from Luyben (1987). They proposed a modified procedure that does
not require knowledge of the steady-state gain. The method uses two tests. The first is a normal
one with an ideal relay; the second is run with an ideal relay plus an additional known dead
time so that the phase angle is shifted about 45° and a smaller critical frequency is obtained.
From formula (2.7) and (2.8) - the result of the describing function analysis method, there are
two equations from each test. From the four equations, a least-square method is then used to

determine the unknown parameters: time constant(s) and the steady-state gain.

Based on the concept of dual-input describing function, Shen er al. (1996b) suggested only one
test with a biased relay in order to obtain process information at two frequencies (the critical
frequency and the zero frequency). The steady-state gain can be found from integrating system
input-output response. Wang et al. (1997a) suggested an amplitude biased relay which needs
only one test, but based on time-domain analysis (not describing function), to obtain the
accurate (not approximate) first-order plus dead-time (FOPDT) model. The information
identified is also two points of the Nyquist curve (the critical frequency and the zero

frequency).

Frequency-domain multiple-point identification

Wang er al. (1997b) introduced an exponential decay into the standard relay output and the
process output. With one relay test, multiple points of the frequency response can be obtained
by Fourier transform. Bi et al. (1997) proposed another scheme for identifying multiple points
of the frequency response. Wang et al.(1997b) still used the ideal relay, while a parasitic relay
is superimposed to the standard relay in Bi et al. (1997) and the parasitic relay on-off period is

twice as large as that of the standard relay.

Setpoint relay
Luo et al. (1998) introduced the set-point relay to extract relevant information about the process

dynamics. There is no need to switch off the existing controller, which is a benefit because this
means less disruption to the process. A similar scheme based on setpoint relay is Schei (1992).
The model identification and control design are performed via on-line iteration. A shortcoming
of Schei (1992) is that the on-line experiment time is very long due to iteration Luo et al

(1998).
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Phase locked loop

Crowe and Johnson (2000) proposed a phase-locked loop framework as an alternative to the

relay method for extracting frequency response. The main components are:

e A feedback structure with a phase or gain reference as an input comparator.

» A digital oscillator to generate a process sinusoidal extraction path and a sinusoidal
reference path.

o A digital signal processing unit to extract the measured system phase or gain for use as
another input to the comparator.

¢ A digital integrator unit to guarantee the identifier unit converge to the given phase or gain
reference

Automated accurate frequency response can be achteved with this method. The drawback of the

method is the long estimation times needed for some tests.

2.2.5 Identifiability, noise issue and load disturbance

Identifiability
The key to relay-based identification is generation of the stable limit cycles. Astrom and

Higglund (1984a) showed that stable periodic solutions will not be obtained for all systems.
The necessary condition for local stability of limit cycle in Astrom and Higglund (1984b) give
some guidance when there will be limit cycle oscillations and when the limit cycle oscillations

are stable, but the general conditions are still unknown.

Noise issue

For practical use, the measurement noise influence is inevitable in relay-based identification
because the process variables obtained from the sensors generally include measurement noise.
To avoid the measurement noise influence, Astrém and Higglund (1984a) suggested two
measures. A hysteresis in the relay is a simple way to reduce the influence of measurement
noise. The width of hysteresis should be bigger than the noise band and is usually chosen as 2
times larger than the noise band (Astrém and Higglund, 1995). Filtering is another way. The
measurement noise is usually of high frequency, while the process frequency response of
interest is usually in low frequency. A Butterworth lowpass filter was used in Wang ez al.

(1997a) and Wang et al. (1997b) respectively to prevent noise influence.
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Load disturbance

Load disturbances are the disturbances that enter the control loop

somewhere in the process and drive the system away from its desired
operating point.
(Astrom and Higglund, 1995, 54)

Load disturbances can be modeled as step function added to the control signal at the process
input because they are typically low-frequency disturbances, for example, it means d is a step in
Figure 2-1. Load disturbances during the relay experiment introduce errors in the estimates of
the critical gain and critical period. Hang et al. (1993) proposed the use of an automatically
biased (displaced) relay feedback test to overcome static input-side load disturbance. This
method needs prior appropriate information on the static gain of the process. To overcome this
problem, Park et al. (1997) suggested a new relay feedback method, which shifts the relay
output automatically to guarantee the symmetric process output. Leonard and Oubrahim (1998)
improved Hang ez al. (1993) by proposing a two-step relay test. They consist of centering the
relay directly on the average output of a PID controller already in the loop for symmetric
oscillation cycles in the presence of the input-side load disturbance. Shen et al. (1996¢) used an

output-biased relay to identify the process in the presence of an output-side load disturbance.

2.2.6 Products

From Astrtom et al. (1993) and Astrom and Higglund (1995), the Afa Laval Automation
ECAA400 controller that is commercially available is based on relay identification. Wang et al.
(1999) reported the laboratory implementation of Wang et al. (1997b) using a personal
computer. Report on commercial product from Wang et al. (1997b) has not been found yet.

2.2.7 Conclusions

From the discussions in this section, the following conclusions can be reached:

e The relay-based identification indicates the trend of identifying information in the
frequency-domain from one-point to two-point and multi-point.

o Wang et al. (1997b) is a mature method. It can obtain multiple-point information in the
Nyquist plot with an ideal relay to generate a limit cycle. An exponential is then applied to
the process input and output respectively. Fourier transform is subsequently used to obtain

the process response in the frequency domain.
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TLuo et al. (1998) proposed the set-point relay, in which during the identification
experiment there is no need to switch off the existing controller. The combination of Wang
et al. (1997b) and Luo et al. (1998) provide some possibility of a new relay identification
scheme using quantization signal.

The measurement noise is common in industrial practice. It is necessary to see noise

influence for a specific relay-based identification method.

53



CHAPTER 2 LITERATURE REVIEW

2.3 Other relevant CLID methods

The following publications are important for this study, but cannot be categorized into the

above branches.

2.3.1 CLID based on quantization

Welsh and Goodwin (1999) proposed a novel autotuning method based on quantization. In
essence, this is the use of a quantizer at the controller output, instead of a relay, for
identification. The main advantage over relay-based identification is that the controller is kept
in the control loop during the identification phase since compared to other methods where the
replacement of the PID controller by the relay disrupts the operation of the control loop.
Goodwin and Welsh (1999) extended Welsh and Goodwin (1999) into multivariable
autotuning. These two publications are helpful in defining the targets of this research (closed

loop identification with a quantizer).

2.3.2 CLID based on multi-harmonic perturbation exciting
Fox and Godfrey (1998) proposed a nonparametric closed-loop identification method with

multi-harmonic perturbation exciting (reference signal). The exciting signal must be carefully
designed to excite the system response around the system critical frequency. This kind of
perturbation is between the classical step input and the persistently exciting signal used in
general identification. This is useful in quantization signal processing since in relay-based
identification describing function analysis disintegrate the signal as combination as multi-

harmonic signals.

2.3.3 Conclusion

¢ Welsh and Goodwin (1999) is relevant to the content of this thesis since a quantizer is
used for closed-loop identification. It is important to avoid the disadvantage of

replacing the controller with a relay.
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2.4 Closed-loop performance assessment

In this section, the relevance of closed-loop performance assessment (CLPA) to closed-loop
identification is first stated. Then, the development of closed-loop performance assessment will

be reviewed.

2.4.1 Why closed-loop performance assessment is relevant to this thesis

The result of CLID is a dynamic model of the controlled process. The model is subsequently
used for control design in most cases. The accuracy of the model is important. However, more
important is the performance of the whole loop. Therefore, CLPA is a quite relevant topic with
CLID. It is useful to review CLPA in the context of CLID. Moreover, the CLPA theory will be
used for the new theory of CLID based on the quantization in Chapter 5 and Chapter 6.

2.4.2 Traditional performance assessment
According to Stephanopoulos (1984), when the input to the system is a set-point step
disturbance or load upset variable, the performance criteria were clarified as steady-state
performance criteria and dynamic response performance criteria. Furthermore, Dynamic
response Performance Criteria were divided into simple performance criteria (such as
overshoot, rise time, settling time, decay ratio) and time-integral performance criteria (e.g.
integral of the square error (ISE), integral of the absolute value of the error (IAE), integral of
the time weighted absolute error (ITAE)). The simple performance criteria uses only isolated
characteristics of the dynamic response. The time-integral performance criteria are based on the
entire response of the process. That is

o Steady-state performance criteria

e Dynamic response performance criteria

¢ Simple performance criteria

¢ Time-integral performance criteria

2.4.3 Modern performance assessment overview

The performance of an existing control loop is often measured against some kind of

benchmark. There are many different measures of control performance. Harris et al. (1999)
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gave an overview on performance monitoring and assessment techniques. Qin (1998) reviewed
the current status of control performance monitoring using Minimum Variance Control (MVC).
Tradeoffs between performance and robustness, stochastic and deterministic performance
objectives are also discussed. For instance, it is common practice to design an internal model
control (IMC) filter to make the controller robust. The larger the time constant for the filter, the
more robust the controller, the IMC-achievable variance will dramatically increase. This is the

tradeoff between performance and robustness.

2.4.4 Closed-loop performance assessment index and its calculation

Harris (1989) developed an efficient technique for control performance assessment using only
routine closed-loop operating data. Minimum variance control is used as the benchmark
standard against which to assess current control loop performance. Many authors regarded this
paper as a milestone. The advantage of Harris (1989) is that it is not necessary to perturb the

process to obtain the necessary information for amalysis. Desborough and Harris (1992)
implemented the idea described above. A normalized performance index 77(b) (b is how far
ahead to do the forward prediction) was introduced to characterize the performance of feedback

control schemes. The normalized performance index 77(b) can be estimated by linear

regression methods.

According to Harris (1989) and Desborough and Harris (1992), in Figure 2-6, the controller

error e can be expressed as
e=étr 2.9)
where ¢ is forward prediction of the controller error and r is the residual.

The closed-loop performance assessment (CLPA) index was defined as:

2
nb)=1- JM,V (2.10)
p

[4
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where b is the forward prediction (b is time delay if it is known, otherwise b is an estimate
of the time delay), o is the variance of the controller error and G, is the variance of (zero

mean) residuals (i.e. the minimum variance achievable).

The qualitative relation is that the smaller the predictable component €, the better the

controller, where 77(b) tends to zero.

Ysp e u y

Figure 2-6 Closed-loop system

2.4.5 Modern performance assessment development

Development of performance index proposed by Harris
Stanfelj et al. (1993) extended this technique to feedforward/feedback loops. They developed a

cross-correlation test to determine when a feedforward control loop is performing optimally in
the mean square sense. At the same time, they developed a cross-correlation analysis technique
to identify whether the feedforward or the feedback component of the control loop was
responsible for sub-optimal performance. Both of the tests use routine operating data. Thornhill
et al. (1999) discussed the application of the above method to a refinery. Practical experiences

with the use of the techniques were reported.

Lynch and Dumont (1996) have also reported the use of minimum variance control as a
benchmark, but they used a modeling method known as Laguerre networks in modeling the
controller output, instead of an ARMA model by Harris (1989), to determine the minimum

variance of output error.

The normalized performance index may be estimated online using recursive least squares,

enabling the use of control charts to monitor performance changes online (Desborough and
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Harris, 1992). Joftiet et al. (1996) fulfilled on-line performance assessment for an individual
control loop using an expert system. The expert system implemented in Gensym's G2, still uses

the normalized variance-based performance index proposed by Harris in 1992.

Even though these 'minimum variance' methods may provide useful information about
achievable limits without perturbing the process externally, they have several shortcomings as
tools for evaluating deteriorating control (Bezergianni and Georgakis, 2000). First, achieving
this theoretical limit may require a controller with high bandwidth or excessive control action
and many loops do not operate at minimum variance. Second, a shift in the ratio of actual
variance to minimum variance may be due to either changes in the controller, changes in the
plant, or changes in the disturbance spectrum. Whereas changes in the controller or the plant

may merit re-tuning, changes in the disturbance spectrum may not.

Performance assessment and system identification

Closed loop performance assessment techniques as discussed above do not require an explicit
process model when minimum variance control is used as a benchmark. However, Huang
(1997) pointed out that a prerequisite for closed loop performance assessment at a higher level
is generally a model of the process. Performance assessment with a benchmark other than
minimum variance control (MVC) usually requires an identification effort. In fact, apart from
variance-based criteria, other criteria for assessing and diagnosing controller performance have

been studied, for example, LQG benchmark, user-defined benchmark.

Bezergianni and Georgakis (2000) defined a new performance index called relative variance
index (RVI) after they analyzed the limitations of the minimum variance control (MVC)
methodology. The proposed new index compared the current output variance under closed loop
conditions with the variance under the best’ (i.e. MVC) and under the 'worst' (i.e. open loop)
possible control action. A variable regression estimation (VRE) technique was utilized for the
evaluation of the number of process unit delays. Structured target factor analysis (STFA) and
subspace identification were used for the identification of the controller model and process
model from operating data. The RVI estimation from closed loop operating data is more
accurate when the identified models are closer to the actual system models. The method needs

at least a set-point change.

Kendra and Cinar (1997) proposed a system identification based method for assessing the

performance of closed-loop system, utilizing measures which coincide naturally with classical
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and modern frequency domain design specifications, such as the bandwidth, peak magnitude of
the sensitivity and complementary sensitivity function. Estimates of these transfer functions can
be obtained by exciting the reference input with a zero mean PRBS (Pseudo Random Binary
Signal), observing the process output and error response, and developing a closed-loop model.
Performance assessment is based on the comparison between the observed frequency response

characteristics and the design specifications.

Until now, there is no report on closed loop performance assessment with closed loop

identification using operating data without external excitation.

2.4.6 Performance assessment for PID controller

Some other progress in closed loop performance assessment includes researchers' efforts
specifically for PID controllers. This does not mean the performance measures discussed above
are not suitable for PID controller. In fact, they are suitable. But the performance measures

discussed here are only suitable for control loops with PID controllers.

Astrom (1991) studied qualitative and quantitative assessment of the performance that can be
achieved with a simple feedback loop from the viewpoint of expert control. The qualitative
measures (such as: stable/unstable, monotone/oscillatory) and quantitative measures (such as:
bandwidth, peak error, maximum time, integral gain) can be assessed from a step test or from
an experiment with relay feedback. A more accurate assessment of the control performance can

be made if the transfer function of the process is known.

For simple feedback loops with PID controllers that are tuned using Ziegler-Nichols formula, if
the step response is monotone or essentially monotone, achieved performance can be
characterized with dimensionless numbers such as normalized deadtime, normalized process
gain, peak load error and normalized closed-loop rise time (Astrém et al. 1992). The last two
quantities can be assessed online. Ko and Edgar (1998) proposed the specific procedures in
estimating the achievable PI control performance when the process was affected by stochastic

load disturbances.
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2.4.7 Conclusions

The measure defined by Harris (1989) is viewed as a milestone for control performance
assessment. Minimum variance control is used as the benchmark. The advantage of Harris
(1989) is that it is not necessary to perturb the process to obtain the necessary information
for analysis .

Desborough and Harris (1992) used routine closed-loop process data to estimate the
normalized performance index with least square method.

Ko and Edgar (1998) proposed the specific procedures in estimating the achievable PI
control performance when the process was affected by stochastic load disturbances. This is
the application of the performance index proposed by Harris (1989) in PI control. This
publication will be useful since PID controller is selected for the proposed project and there

is a need to demonstrate better performance achieved than before by experimentation.
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2.5 Conclusions

In this chapter, the closed-loop identification with external excitation method and the relay-

based identification method have been reviewed in detail. Other CLID methods such as CLID

based on quantization have been involved. The relevant topic of closed-loop performance

assessment has also been discussed.

Closed-loop identifiability (Gustavsson et al., 1977; MacGregor and Fogal, 1995 and
Bartee and McFarlane, 1998) needs to be studied theoretically and by simulation example
since the insight into closed-loop identifiabilty is important in further work on this thesis.
With regard to closed-loop identification with external excitation method, the two-stage
method (Van den Hof and Schrama, 1993) and two-step method (Huang and Shah, 1997)
are practical methods that change the closed-loop identification problem into two open-
loop identification problems.

For relay-based identification, the trend of identifying frequency-domain information from
one-point (Astrom and Higglund, 1984a and 1984b) to two-point (Li et al., 1991; Wang et
al., 1997a) to multi-point (Wang et al., 1997b) has been pointed out.

Closed-loop identification based on quantization (Goodwin and Welsh, 1999 and Welsh
and Goodwin, 1999) is relevant to this thesis.

Control performance assessment (CLPA) defined by Harris (1989) is a milestone.
Desborough and Harris (1992) used routine closed-loop process data to estimate the

normalized CLPA index with least square method.
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CHAPTER 3

CASE STUDIES

This chapter describes work on a series of case studies. The motivation for conducting these
studies was to maximize personal understanding of closed loop identification and prepare

closed loop identification schemes for further use.

The studies include:
e Closed loop identifiability
e MacGregor and Fogal (1995), Closed-loop identification: the role of noise model and
prefilters
e Closed loop identification with external excitation
e Van den Hof and Scharama (1993), An indirect method for transfer function estimation
from closed loop data
¢ Huang and Shah (1997), Closed-loop identification: a two step approach
¢ Relay-based identification
e Li, etal (1991), An improved autotune identification method
e Wang et al. (1997a), Low-order modeling from relay feedback

e Wang et al. (1997b), Process frequency response estimation from relay feedback

This chapter is laid out as follows. Closed loop identifiability and noise model influence are
first examined. Then two specific methods of closed loop identification with external excitation
and three specific methods of relay-based identification are introduced and duplicated. The two
main categories are subsequently compared. This is the attempt to make a connection of

previously unrelated facts. The conclusion is given at the end.

3.1 Closed-loop identifiability and influence of the noise model

In this section, the theory on closed-loop identifiability will be presented first. Simulation

examples will follow. The conclusion will be given based on the results and discussions.
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3.1.1 Theory

In this subsection, the theory on closed-loop identification using nonparametric methods,
closed-loop identification using parametric methods and the influence of noise model will first
be discussed. Then the asymptotic theory for closed-loop identification will be derived to

explain the conclusions above.

As shown in subsection 1.2.4, the SISO closed-loop system (adapted from MacGregor and
Fogal, 1995) is presented in Figure 3-1, which is the same as Figure 1-2. It provides a general
structure for CLID with external excitation. External excitation is a dither signal injected into

the original closed-loop system to excite the process for system identification (d is Figure 3-1).

Ysp u y

Figure 3-1 Closed-loop system

The true system is assumed to be
y(#) = Go(qu(t) + Hy(q)a(?) 3.1

where G,(q) represents the true process, and the disturbance v(¢)= H,(q)a(t) gives the

effect of all unmeasured process disturbances on the measured output y(z), g is the forward shift

operator.
u(t) = C(q)(y,, (1) = y(©) +d () (3.2)

The feedback loop is given in (3.2) in which C(q) is the feedback controller. The set-point
¥, (t)and the ‘dither’ signal d(r) are the possible input signals that will be injected for
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identification. Only y,, (#)= 0 is considered in this thesis, that is to say, only use d(z) as an
input signal because the system considered is assumed to be a linear system, the output of the
system is the superposition of the response to y,, (t) and response to d(z) if Y (t) and d(t) are

applied simultaneously. Thus the feedback equation (3.2) becomes

u(®) =-C(q)y(®) +d() (33)
Throughout this thesis, assume that the system model is given by

y(8) = G(q, p)u(t) + H(q,m)a(t) (3.4)
where 0 and 77are vectors of parameters and a(¢) represents the innovation sequence.

For the system described above, the challenge is to identify the process while the process is

under feedback control and is excited by an external excitation d{(z).

Closed-loop identifiability using non-parametric methods

As mentioned earlier, system identifiability refers to the identifiability of both the process

Go(¢9)and the disturbance/noise model H,(gq). However, throughout this thesis, only the

identifiability of the process G,(q) is concerned because only the true process is of interest.

For the closed-loop system described by equation (3.1) and equation (3.3), using non-
parametric methods on closed-loop data (for example, the spectral analysis method), the

frequency response function can be given by (MacGregor and Fogal, 1995)

4, (@) Gye’)p,(@)-Cle’|H, (™) 0.}

_ 4 Al (3.5)
0@ g, @)+C)[H ) 0,7

G(w) =

where ¢uy and @, are the cross-spectrum u(z) and y(z) and the spectrum of u(t) respectively,

@, is the spectrum of d(t) and 0'a2 is the variance of white noise a(?). Several important results

can be derived from (3.5).
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» If no external excitation is injected (i.e. ¢, = 0), equation (3.5) becomes

G(w) =~ , 3.6)

This expression shows that when the process is operating under pure feedback (i.e. no
external excitation), the non-parametric method identifies only the inverse of the
feedback controller, and gives no information on the real process. Therefore, it is

impossible to do CLID without external excitation using nonparametric methods.
e If an external dither signal is injected (i.e. @, # 0), according to (3.5), the estimates

give a weighted average of the real process frequency response and the frequency

response of the inverse of the feedback controller. The weighting factor depends upon

. 2
the signal to noise ratio (S'N), i.e. 02 /0? =0} /]H0 (e’ )l o’

Closed-loop identifiability using parametric methods

Under pure feedback:

When parametric methods are used to deal with data collected from the system operating under
pure feedback, MacGregor and Fogal (1995) indicated that parametric models can only be
identified if fairly restrictive necessary and sufficient conditions on the real process and

controller orders are satisfied under pure feedback conditions.

For areal process G, (q) represented by an ARMAX model:

A(g™)y() = ¢*B(g™") u@®)+C(qg ") a(r) (3.7)

With feedback controller C(g™):

F(q " u(t)=G(q " )y(1) (3.8)

The necessary and sufficient condition for asymptotic identifiability (see MacGregor and

Fogal, 1995) is that:
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max [nf -n, ,k+ng -n,-1]2 n 3.9

P

where n,, n,and k are the orders of the polynomials in the real process G,(q”) , n s and

n, are the orders of the controller polynomials C( qg'), n , 18 the order of the common factor in

the polynomials C(g™")and A(¢™" )F(q™" )-q™*B(q™" )G(q™").

This condition could be satisfied when there are sufficiently large delay (k) in the process
and/or when the controller used is of sufficiently high order. Otherwise, if this condition is not
satisfied, then no model of any structure that adequately describes the real process can be

identified under pure feedback conditions.

With external excitation

As discussed in Subsection 2.1.5, something must be done to break the dependency between the
input signal and the process disturbance for closed-loop identification (MacGregor and Fogal,
1995; Bartee and McFarlane, 1998).

(1) By injecting an independent, persistently exciting signal into the feedback loop.

(2) By switching between two or more feedback controllers.

Either of these will guarantee that necessary and sufficient conditions for identifiability be

satisfied.

Noise model influence in closed-loop identification

For open-loop identification, Ljung (1987) concluded that even if the noise model H(q) (as

expressed in equation 3.1 and in Figure 3-1) is incorrect, as long as it is stationary, the true
process can be asymptotically identified using a sufficiently rich process model (i.e. the
assumed model structure can contain the true process). However, this is not true for closed-loop

identification.

MacGregor and Fogal (1995) studied this theoretically and by simulations. The main points are:
In closed-loop identification (using direct method), the correct process model can only be
identified if one also identifies the correct noise model. If a pre-filter is used to filter the input-
output data, then the pre-filter should be exactly the inverse of the true process noise model so

that an accurate process model can be obtained.
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Asymptotic theory for closed-loop identification

The system in Figure 3-1 is considered and the system model given in (3.4) is assumed, the

model residuals or prediction errors can be derived as:

e(t, p,m) = H ™ (q,my®) - G(gq, p)u(®)] (3.10)

From the system described by (3.1) and (3.3), the sensitivity function of the real closed-loop

system can be obtained.
So(@) = [1+ Gy ()C(T™ (3.11)
Using (3.11), (3.1) and (3.3), the system can be expressed as the following:

(@) =Gy (@)So(@)d(t) + Sy (q)v(r) (3.12)
u(t) = So(@)ld (1) — C(gv(@)] (3.13)

Therefore, the spectrum of the prediction errors is given by (MacGregor and Fogal, 1995):

oce™f

0.@,p.1) =[Gy (&™)~ G(e™, p) 8, (@) + |1+ G, P)C(™)] 8, (@) -—
|H (e, )|

(3.14)

In (3.14), the sensitivity function of the estimated closed-loop system can be written as:
S(e™, p)=[1+G(e™, p)C(e™)]™ (3.15)

If the criterion of minimizing the sum of squares of the prediction errors is chosen for the

estimation of parameters 0 and 77, then the objective function is given by

1 .
Vio,n)=—1[,0.(w,p.mdw (3.16)
27
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: o @)

1 T jw jw
=5 1[G (e) = Gle™. p) P

L [Se@) o) 0,
N .

T 3 —— (3.17)
2277 s, o) |He™.m)

From (3.17), the asymptotic prediction error variance consists of two terms:

The first term —the bias term: a term relevant to the bias in the process model

. . 2
G,(e’)—G(e’, p)| weighted by a frequency term dependent on the ratio of the

: 2
spectrum of the external signal to that of the noise model ¢, (w)/|H (e’*,n)| .
d

The second term —the sensitivity ratio term: a term relevant to the ratio of the real and
the estimated closed-loop sensitivity functions, weighted by the ratio of the real noise

spectrum to the spectrum of the estimated noise.

The expression (3.17) is one of the most important expressions in closed-loop identification. It

can be used to illustrate the topics discussed above: Closed-loop identifiability using non-

parametric methods and closed-loop identifiability using parametric methods. It will also be

used to predict the noise model influence in closed-loop identification. Several phenomena

discussed earlier can be explained:

Nonparametric methods under pure feedback:

Under pure feedback (i.e. ¢,=0), the bias term (i.e. the first term) in (3.17) is zero no

matter what the bias |G,(e’”) — G(e’”, p)| is. Then the identification depends upon
0

the minimization of the second term. The second term in (3.17) is minimized to be zero
only when 1+ G(e’”, p)C(e’®) =0. This will result in the same answer as (3.6). That

is why under pure feedback, a non-parametric method can only find the inverse of the

feedback controller instead of the real process.

Parametric methods under pure feedback:

Under pure feedback (i.e. ¢,=0), the bias term in (3.17) is still zero no matter what the

bias |G,(e’’) - G(e’”, ,O)I is. For parametric methods, the minimum of the second
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term is O'a2 when the necessary and sufficient condition for asymptotical identifiability
is satisfied. This minimum occurs on two occasions. One is the correct solution
G(e’, p)=G,(e’”)yand H(e’,n)=H,(e’”). Another one occurs for any other
combination of G(e’”, p)and H(e’”,7) which make the term in the integral equal

to unity. This is the reason why under pure feedback a model for the process can be

identified, but the identified model cannot be validated.

o ldentification with external excitation:

When an external input is injected (i.e. @,#0), both terms in (3.17) will not become

zero as before. If the noise model and the process model are rich enough (i.e. the

assumed model structure can contain the true process, then the minimum of the first

. .. . 2
term is zero and the minimum of the second term is &, . They both occur only when

G(e’, p) = Gy(e’)and H(e™, )= Hy(e™).

o Influence of the noise model

Otherwise, if the process noise model is not rich enough to capture the real process

noise characteristics (i.e. H(e™,m)=H (e /2y, then the second term cannot achieve
O'azwhen the process estimate is correct (i.e. G(e’”, p) = G,(e’)). Thus a bias of
the process estimate (i.e. G(e’”, 0) — G,(e’*)) must exist. Furthermore, the bias of
the process estimate (i.e. G(e’”, p) — G, (e 72 has a direct relation with the signal to

noise ratio. If the signal to noise ratio (/N = 0'3 / O'VZ) is large, the first term in (3.17)

will be dominant in the effort to minimize the sum of squares of the prediction errors.
The identification would be like an open-loop identification problem. The bias will be
relatively small. That is to say when the signal to noise ratio (S/N) is large enough, the
process model bias will disappear asymptotically. On the other hand, if the signal-to-

noise ratio (S/N) is small, the bias will be relatively large.

3.1.2 Simulation examples and cases

To demonstrate the theoretical analyses discussed above, a second order ARMAX model is

chosen. The transfer function given by Huang and Shah (1997) is used here.
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1-0.8¢7' +0.12¢
1-0.7859¢™" +0.3679g~

0.3403+0.2417g™"
1-0.7859¢™" +0.36794 >

u(t—-1)+

y(0) = -a(t) (3.18)
A unit feedback control law is implemented in this simulation, i.e. C =1 in Figure 3-1. The
white noise a (#) and the white noise dither signal d(¢)are independent with each other. The

number of data points used in the simulation is 5,000. The following cases were designed.

Case 1
The aim of this case is to demonstrate the theory closed-loop identifiability using non-
parametric method. The Correlation analysis method, one of the typical non-parametric

identification methods, was used in this case to find the step response. Different dither signals
were injected respectively, (07 =0, 07 =1and o = 9) while keeping 0> = 2.25. This led to
different signal to noise ratios (S/N = 0'; / O'v2 )- The identified step responses under different

signal to noise ratios will be compared to see whether the conclusion is in agreement with the

theory discussed.

Case 2
This case is aimed at demonstrating closed-loop identifiability using parametric method.

Prediction error method with a Box-Jenkins model (see Subsection 1.1.2), one of the typical

parametric identification methods, was used. Different dither signals (0 =0, o; = 1 and

0’3 = 9) while keeping the noise variance O': = 2.25 led to different signal to noise ratios. The

identified step responses and frequency responses (Nyquist plot) were compared to see whether

it agrees with the theoretical part.

Case 3

The aim of this case is to validate the theory on the influence of the noise model in closed-loop
identification using direct approach (see Subsection 2.1.3). Here, prediction error method with
a Box-Jenkins model was used. If a first-order noise model is presumed (i.e. the noise model is
different from the true noise model and the noise model is not rich enough to catch the true

noise characteristics), what will the result be and what is the relationship between accuracy and

the signal to noise ratio? In this case, two different dither signals were used respectively ( 0'3 =

1, o; =9) while keeping the noise variance o> = 2.25.
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3.1.3 Results and discussions

Case 1

This case is to validate the theory closed-loop identifiability using non-parametric method,
Under different conditions: pure feedback, small signal to noise ratio and large signal to noise
ratio (as defined in Table 3.1), the estimates (step responses) using correlation analysis method
are illustrated in Figure 3-2. Here only the step responses are illustrated because the output of

the correlation analysis method is impulse response instead of frequency response.

Test Condition Dither signal o2 Noise 52 SIN =02 /02
Pure feedback 0 225 0.000
Small signal to noise ratio 1 2.25 0.410
Large signal to noise ratio 9 225 3.685

Table 3.1 Different signal to noise ratio conditions

Identifiability(non-parametric)
L r\

—troeprocess — —— — —1

. Q
o o=

Step Response
=)

]
—

time/s

Figure 3-2 Closed-loop identifiability using non-parametric method

In Figure 3-2, the lower line was tested under pure feedback (i.e. /N = 0), the model identified
only reflected the inverse of the unit feedback controller. The upper line corresponds to large
signal to noise ratio (i.e. S/N = 3.685). For the middle line, the small signal to noise ratio (i.e.
S/N = 0.410) is between pure feedback and large signal to noise ratio, the estimated model is

also between these two occasions. The result will be explained in the next section.
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Closed-loop identifiability using non-parametric methods

The results in Figure 3-2 indicate the correctness of the theoretical analysis in section 3.1.1.
The theory said that when the process is operating under pure feedback (i.e. no external
excitation), the non-parametric method identifies only the inverse of the feedback controller,
and gives no information on the real process. The results in Figure 3-2 show the same thing.
From Figure 3-2, if no external excitation is injected (i.e. /N = 0), the identified model only
reflected the inverse of the feedback controller. The theory also said that when there is an
external injection, the estimate is a weighted average of the real process and the inverse of the
feedback controller. In Figure 3-2, the model identified with large signal to noise ratio (i.e. /N
= 3.685) reflected the real process basically. The model with moderate signal to noise ratio (i.e.

S/N = 0.410) reflected the true process more poorly than the large signal to noise occasion.

Case 2

The purpose of this case is to demonstrate the theory of closed-loop identifiability using
parametric method. The results shown in Figure 3-3 were identified using parametric methods
under different situations (pure feedback, small signal to noise ratio and large signal to noise

ratio as defined in Table 3.1).

Identifiability(parametric)

1} 7 — traeprocess— — — —
I 5/N=3.6B5

J q

S/N=0.410
-0.5{ f

-1 SIN=0

Step Response
)

—

0 20 40
time/s

Figure 3-3 Closed-loop identifiability using parametric method

In Figure 3-3, the lower line was tested under pure feedback (i.e. S/N = 0), the estimate is a
straight line, the identified model only reflected the inverse of the feedback controller.
Discussion will show that the reason is the necessary and sufficient condition for asymptotic

identifiability (3.9) cannot be satisfied under pure feedback. The upper line corresponds to large
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signal to noise ratio (i.e. S/N = 3.685), it roughly reflected the real process. For the middle line,
the signal to noise ratio (i.e. /N = 0.410) is between pure feedback and large signal to noise

ratio.

Compared with Figure 3-2, the step response values in Figure 3-3 are similar, but the step
response estimates are smoother. That is because Figure 3-2 is obtained form the estimated
results with correlation analysis method, one of the nonparametric methods and Figure 3-3 is
obtained form the estimated results with prediction error method using ARX model, one of the

parametric methods.

Closed-loop identifiability using parametric methods

For the process (described in equation 3.18) in subsection 3.1.2, there are two autoregressive

terms, two moving average terms and delay of 1 (n, =2, n, =2, k=1). Unit feedback law means

n,=n,= 0O (in equation 3.9), unit feedback also means n p= 0O (in equation 3.9). Thus

max[nf-nb,k-’-ng-nn—l]: -2<n, (3.19)

This means that the necessary and sufficient condition (equation 3.9) for closed-loop
identifiability using parametric methods cannot be satisfied at all. The theoretical analysis
indicates that no model of any structure representing the real process can be identified under

pure feedback.

In Figure 3-3, the lowest plot corresponds to S/N = 0, only a straight line was identified, which
reflected the inverse of the feedback controller. This is in accordance with the theoretical

analysis in section 3.1.1.

Case 3

This case is to validate the theory on the influence of the noise model in closed-loop
identification. In practice, no information on noise model is known a priori. A first-order noise
model is presumed here, which is different from the true noise model and is not rich enough to
catch the true noise characteristics. Through the direct approach (see subsection 2.1.3) and
prediction error method with a Box-Jenkins model, the frequency responses and step response
of the model identified under low signal to noise ratio (S/N = 0.410) and the real process are

shown in Figure 3-4. In the same way, the frequency responses and step response of the model
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identified under relative large signal to noise ratio (S/N = 3.685) and the real process are shown

in Figure 3-5.

Noise model influence

As known from the process description (equation 3.18), the noise model of the true process is
of second order. When a first-order noise model is assumed, the assumed noise model is quite
different from the real process model. According to the theoretical analysis in section 3.1.1,
there must be a bias in the identified process model. From Figure 3-4 and Figure 3-5, the bias
(which is the difference between the true process model and the identified model) can be
observed by comparing the solid line and the dashed line. If more carefully compared, the bias
in Figure 3-5 is not so severe as that in Figure 3-4. That is because the estimate in Figure 3-4 is
the result of small signal to noise ratio (/N = 0.410) while the estimate in Figure 3-5 is the
result of large signal to noise ratio (S/N = 3.685). The difference is due to different signal to
noise ratio. This can also be explained from the equation (3.17). While signal to noise ratio is
relatively large (S/NV = 3.685), the first term is dominant. The identification tends to be open-

loop identification. Thus the bias is relatively small.

0
S N\
e .05
5-20| £
CEG -1
-30
- -1 0 -1 0 1
Re G(jw)
3 3 1
o S 05
g-100 g 0
77! 2]
g 5
Q- -200 n 051, .
-2 -1 0 0 5 10 15
time/s

log,, ,(W/rad 5’1)

Figure 3-4 Noise model influence under S/N=0.410: real process (solid line), the

estimate (dashed line)
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1 0 1
Re G(jw)
0 5 10 15
time/s

Figure 3-5 Noise model influence under S/N = 3.685: real process (solid line), the

estimate (dashed line)

3.1.4 Conclusions

From the theory and simulation examples presented in this section, the conclusion is that:

e Under pure feedback, nonparametric methods can only identify the inverse of the feedback

controller. When an external dither signal is injected, the estimate gives a weighting

average of the real process frequency response and the frequency response of the inverse of

the feedback controller. The weighting factor depends upon the signal to noise ratio.

e Under pure feedback, parametric models can only be identified if fairly restrictive

necessary and sufficient conditions on the real process and controller orders are satisfied.

e Using direct approach, if the noise model is unknown and the assumed noise model is not

rich enough to contain the true noise model, the estimate of the process will inevitably have

a bias. When the signal to noise ratio is large, the bias will be small. Otherwise, when the

signal to noise ratio is small, the bias will be large.
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3.2 Closed-loop identification with external excitation

This section concentrates on analyses of the two-step method proposed by Huang and Shah
(1997) and the two-stage method proposed by Van den Hof and Schrama (1993). Both of them
are joint input-output approaches. The two methods will then be compared theoretically and by

simulation. Conclusions will be given at the end.

3.2.1 Theory

In this subsection, theory on the two specific methods of joint input-output identification
approach will be discussed in detail. Then the differences between Huang and Shah (1997) and
Van den Hof and Schrama (1993) will be considered.

The two-step method (Huang and Shah 1997)

The closed-loop system in Figure 3-6, which is same as Figure 3-1 in subsection 3.1.1, is

adapted.
“ v
d Ho
14
Ysp u Y
—p C Go >\l) >

Figure 3-6 Closed-loop system

The equations (3.12) and (3.13) were rewritten as follows:

u(t) =S,(q)d@)-C(q)S,(q)H ,(q)a(t) (3.20)
(@) =Gy (q)S,(q)d(t)+ S, (q)v(2) (3.21)

is defined in (3.11) that is the transfer function

where the sensitivity function S, =

1+G,C

from disturbance v to process output y . These two equations (3.20 and 3.21) are the initiatives
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of Huang and Shah (1997). Since d(t) and a(t) are uncorrelated signals, u(t) and d(t) are

measurable, according to open loop identification theory (Ljung 1987), the sensitivity function
S,(q) can be identified in an open loop way and can even be identified consistently. Once the

estimate of sensitivity function is available, the output data are filtered with the inverse of the

sensitivity function, equation (3.21) becomes

y(©)/84(q) =Gy (q)d(t)+ Hy(q)a?) (3.22)

Since d(t) and a(t) are uncorrelated, G (q) can be consistently identified in an open loop way.

The identification steps in the Huang and Shah (1997) procedure are:
(1) The sensitivity function of the closed-loop system is identified.
(2) The inverse of the estimated sensitivity function is used to filter the output data for an open

loop identification of the plant to be carried out.

The variance and bias considerations

Huang and Shah (1997) studied in detail the variance and bias of the closed loop identification
and compared them with the corresponding open loop occasion. The conclusion is that * the
presence of the sensitivity function is the key difference between open-loop and closed-loop

identification” (Huang and Shah, 1997).

The two-stage method (Van den Hof and Schrama, 1993)

For Figure 3-6, the equation (3.12) has been derived in subsection 3.1.1 and is rewritten here

for completeness

y(#) =Gy (q)So(q)d(t) + S, (9)H , (g)a(t) (3.23)

The equation (3.13) becomes

u(t) = Sy(q)d(t) - C(q)Sy(q9)H (q)a(?) (3.24)

The equations (3.23) and (3.24) are the initiatives of Van den Hof and Schrama (1993). In
(3.24), according to open loop identification theory (Ljung 1987), the sensitivity function
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S, (g) can be identified in an open loop way and can even be identified consistently since d(z)

and a(z) are uncorrelated.

From equation (3.24), it is assumed:
u’ (t)=S8,(q)d(t) (3.25)

Signal u?(¢)is a newly generated signal, which is a substitute of process input u(¢) to be used

in the second step.

Thus equation (3.23) becomes
¥(#) =Gy (Qu” (1) +So (@) H o (q)a(t) (3:26)

In (3.26), u“(t)and a(t) are uncorrelated, so if u“(¢)is measurable, G,(g)can also be

identified in an open loop way and can be identified consistently according to open loop

identification theory (Ljung 1987).

The identification steps in Van den Hof and Schrama (1993) are:
(1) The sensitivity function of the closed-loop system is identified using a high order FIR
(finite impulse response) model.

(2) The estimated sensitivity function is used to simulate a noise-free input signal «“(z) for an

open loop identification of the plant to be identified.

Differences between Huang and Shah (1997) and Van den Hof and Schrama (1993)

From the above description, both Huang and Shah (1997) and Van den Hof and Schrama
(1993) are joint input-output approaches. They all have two steps in the identification
procedures. The first step is the same, that is to identify the sensitivity function with process
input u(z) and dither signal dft). The difference lies in the second step. Van den Hof and
Schrama (1993) used the dither signal d(z) filtered by the sensitivity function to generate the
simulated signal «“(¢) . Huang and Shah (1997) filtered the output y(z) with the inverse of the
sensitivity function. These differences were out of different motivations. Huang and Shah

(1997) intended to get the same accuracy in bias and variance and explicit expressions for
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asymptotic variance and asymptotic bias. Van den Hof and Schrama (1993) aims at a consistent

estimate of the process and an asymptotic bias expression only. (Huang and Shah, 1997)

3.2.2 Simulation example and case
To demonstrate the theoretical analysis and the methods discussed above, the same second
order ARMAX model (as presented in subsection 3.1.2) is used (Huang and Shah, 1997). The

transfer function is given by

1-0.8¢7' +0.12¢72

q ~ q = a(t)
1-0.7859¢™ +0.3679¢

(3.27)

0.3403+0.2417q""
1-0.7859¢" +0.3679¢ >

u(t—1)+

y(@) =

As before, a unit feedback control law is implemented in this simulation, the disturbance

a (t) and the dither signal d(z)are white noises and independent with each other. The number

of data points is 5,000.

Case 4
The simulation is aimed at the comparison of the two methods of joint input-output approach

(Huang and Shah, 1997; Van den Hof and Schrama, 1993) and the direct approach. In this case,
the dither signal is kept 0'3 = 1 while the noise signal is kept 0': = 2.5 for all the three

methods. No model structure and/or model order information is assumed to be known a priori.

3.2.3 Results and discussions

Case 4

The purpose of this case is to compare the two methods of joint input-output approach (Huang
and Shah, 1997; Van den Hof and Schrama, 1993) and the direct approach. The condition for
the following results is that assuming no model structure and/or model order information
known a priori. Thus, whether model validation can pass or not becomes the sole proof for
accepting the process estimate or not. For Huang and Shah (1997) and Van den Hof and
Schrama (1993), the sensitivity function estimates were the intermediate results for the second
step. Figure 3-7 shows the Bode plots of the real sensitivity function and the sensitivity
function estimates. In Figure 3-8 and Figure 3-9, the real process and the estimates using the

two methods are compared with the estimated result using the direct method in different way
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(Bode plot, Nyquist plot and step response respectively). All the results were acquired with
small signal to noise ratio as defined in Table 3.1 (i.e. /N = 0.410).

From Figure 3-8 and Figure 3-9, the estimates using Huang and Shah (1997) and Van den Hof
and Schrama (1993) are more accurate than that using the direct method. From Figure 3-8 and
Figure 3-9 and Figure 3-7, the result from Huang and Shah (1997) is a bit better than that using
Van den Hof and Schrama (1993).
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Figure 3-7 Bode plots of the sensitivity functions: real sensitivity function (solid line),
the estimate using Huang and Shah (1997) (dotted line), the estimate using Van den
Hof and Schrama (1993) (dash dotted line)

Huang and Shah (1997) and Van den Hof and Schrama (1993) belong to the same approach—
joint input-output approach. Huang and Shah (1997) is a successful improvement of Van den
Hof and Schrama (1993). The efforts of Huang and Shah (1997) and Van den Hof and Schrama
(1993) represent a trend in closed-loop identification — using open-loop identification to solve
the closed-loop identification problem. By comparison, Huang and Shah (1997) pay more
attention to the comparison of the closed-loop identification with the open-loop identification.
Van den Hof and Schrama (1993) may be more suitable for joint identification and control, an

interesting topic in closed-loop identification.
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Figure 3-8 Bode plots of the real process and the estimates: real process (solid line),
the estimate using Huang and Shah (1997) (dotted line), the estimate using Van den
Hof and Schrama (1993) (dash dotted line), the estimate with direct approach (dashed

line)
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Figure 3-9 Nyquist plots and step responses of the real process and the estimates: real
process (solid line), the estimate using Huang and Shah (1997) (dotted line), the
estimate using Van den Hof and Schrama (1993) (dash dotted line), the estimate with

direct approach (dashed line)
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In both steps, Huang and Shah (1997) used BJ (Box-Jenkins) model structure, which includes
information not only on process but also on noise. Van den Hof and Schrama (1993) used FIR
model in the first step and OE model structure in the second step. Both FIR model and OE
model assume a unit noise model. This can partly explain why the result from Huang and Shah
(1997) is a bit better than that using Van den Hof and Schrama (1993). On the other hand, using
BJ model (refer to subsection 1.2.2 for the introduction of BJ model) in Huang and Shah (1997)

means more work in finding the suitable model order. This is a disadvantage.

3.2.5 Conclusions

Theoretical analysis and case study in this section leads to the following conclusion:
e Huang and Shah (1997) and Van den Hof and Schrama (1993) belong to joint input-output
approach. There are two steps for both methods. The difference lies in the second step.
e Van den Hof and Schrama (1993) used the dither signal d(?) filtered by the sensitivity
function to generate the simulated signal u“ ().
e Huang and Shah (1997) filtered the output y(z) with the inverse of the sensitivity

function.
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3.3 Relay-based identification

In this section, the basic theory of three relay-based identification methods is first introduced.
Then two cases are designed to duplicate these three methods and to study the noise influence.
Based on results from these cases, the advantages and disadvantages of these three methods are

discussed. Conclusions are given in the last subsection.

For easy notation and clear comparison among the three relay-based identification methods,
new names will be given to represent the above three methods in this section. It must be noted

that the new name is not used in the literature. It only reflects the author’s personal opinion.

¢ An Improved Autotune Identification Method: Li et al. (1991)
In this thesis, it will be called “Two-test describing function method” with the acronym DF2
since there are two relay tests in the procedure and describing function analysis method is

used in order to obtain a transfer function model.

e Low-order Modeling from Relay Feedback: Wang et al. (1997a)
In this thesis, it will be called “One-test time domain method” with the acronym TD1 since

there is one relay test and the derived waveform is analyzed with time-domain solution.

e Process Frequency Response Estimation from relay feedback: Wang et al. (1997b)
It will be called “One-test FFT method” with the acronym FFT1 since it needs one relay test

and FFT (Fast Fourier Transform) is used to analyze for results.

3.3.1 Theory

In this subsection, describing function analysis method will first be described in detail. Three
different relay-based identification methods shown above will be analyzed. The issue of noise

influence is then discussed because measurement noises are inevitable in industrial practice.

The idea of relay identification was to introduce a nonlinear feedback of the relay in order to
generate a limit cycle oscillation (Figure 3-10). The system then starts to oscillate. The period
and the amplitude of the oscillation are determined when steady-state oscillation is obtained

(Figure 3-11). This gives the critical period and the critical gain (Astrom and Hagglund, 1995).
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Yo ¢

(T

Figure 3-10 Relay feedback system

Describing function analysis

In order to analyze the system represented in Figure 3-10 which includes a relay, a nonlinear
component, the concept of describing function analysis is introduced (see, for example,

Atherton, 1975).

0 10 20
time/s

Figure 3-11 Limit cycle from relay feedback

A sinusoidal input e(¢), where a is the amplitude and @ s the frequency, is considered.
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e(t) = asin(ax) (3.28)
The relay output u(¢) in response to e(¢) would be a square wave as shown in Figure 3-11.

Using Fourier series expansion, it can be written as

4d = sin(2i — )ax
_ 4d 3 sin(2i - Dar

T =l 21—1

u(t) (3.29)

where d is the limit cycle amplitude, i is an integer.

If the process G behaves like a low pass filter and is responsive only to the fundamental Fourier

harmonic of u(z), i.e. the higher-frequency harmonics can all be neglected in the analysis, as
compared with the fundamental component, the describing function N (a) of the ideal relay is

defined as the ratio of u(¢) and e(z). That is

N(a)= 4d (3.30)
a

The introduction of the describing function of the relay makes it possible for the system with
non-linearity to be analysed as if it is a linear system. It should be noted that the describing
function analysis method is an approximate method. The important assumption is that only the
fundamental component of the relay output has been considered. This requires that the process

G behave like a low pass filter.

If the process in Figure 3-10 is G(jw), then for relay feedback system to oscillate

continuously, the system must satisfy:
G(jw,)N(a)+1=0 (3.31)

That is (Astrém and Hagglund, 1995)
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1 na
Gliw )= ———=-22 3.32
(jw,) NG 44 (3.32)

In the Ziegler-Nichols frequency response method, the critical gain K|, is defined as

K,G(jw,)=-1 (3.33)

So the critical gain for the system G(j@) represented in Figure 3-10 is

(3.34)

w == (3.35)

where P, is the period of limit cycles.

DF2: An improved autotune identification method (i et al., 1991)
As reviewed in subsection 2.2.4, Li et al. (1991) improved from Luyben (1987). A modified

procedure that does not require knowledge of the steady-state gain was proposed. The method
includes two tests. The first is a normal one with a relay; the second is run with a relay plus an
additional known dead time so that the phase angle is shifted about 45° and a smaller critical
frequency is obtained. From equations (3.34) and (3.35) — the results from the describing
function analysis method, there are two equations from each test. From the four equations, a
least-square method is then used to determine the unknown parameters: time constant(s) and

the steady-state gain.

The steps in the DF?2 are:

(1) Critical gains (K, and K_,) and critical frequencies (@, and @, ) are obtained from two

tests. The additional dead time L, for the second test was chosen to make the additional
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phase angle roughly 774. This is because the frequency range from phase angle -%ﬂ to -7

in Nyquist plot is of most interest.
(2) The unknown parameters for all three models are calculated from critical gains (K, and
K ,,) and critical frequencies (@, and @, ) together with the dead times. The problem can

be formulated as a linear least-squares problem.

(3) Comparing both the calculated parameters for each model and the residuals of the least-
squares solutions, the best model is chosen. For an open-loop stable process, the correct
model should have all positive parameters. If more than one model satisfies this condition,

the model with smaller residual will be selected.

Some details will be described as following:

Step 1: From the first test, the period of the limit cycle P,; and the amplitude of the limit cycle
a, can be read out. According to (3.34) and (3.35), the critical frequency @, and the critical
gain K, are obtained. The additional dead time L, for the second test can be calculated using

(3.36) (Li et al. 1991).

Sz
, =

= (3.36)
12w,

From the second test, the period of the limit cycle P,, and the amplitude of the limit cycle a,
can be read out. The critical frequency @, and the critical gain K, can be determined in the

same way.

Step 2: The Least Square Calculation
Using model 1 to fit the data, that is

Ke—Lv
Ts+1

G(s)= (3.37)

where K is the process steady-state gain, 7T is the time constant and L is the dead time (in this
method, L is assumed to be read from the first test). For this model, the following equations are

satisfied:
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(3.38)

i

1
X, = ——cos(-7) = -
x_ o)

ui ui

1
Y =—sin(-7)=0 3.39
- in(-7) (3.39)

ur

where K,; is the the critical gain of the i-th test (i = 1,2), thatis K,,and K, respectively.

z=[X, Y, X, 1,17 (3.40)
w,Y, cos(w,L)
-w, X, -sin(wL
U=l " (L) (3.41)
w,Y, cos(w,L)
-w,X, -sin(w,L)
Therefore, the unknown parameters can be obtained by
~ T —rrrTrri-tprT
a= K =[U'UI"U z (3.42)

Here U will always have full rank since in (3.41) @, represents the critical frequency and @,

represents the critical frequency when there is an additional delay. They are always slightly

different.

Using model 2 (second-order model) and model 3 (third-order model) respectively, the

parameters will be obtained in the same way (Li et al. 1991).

TD1: Low-order modeling from relay feedback (Wang et al., 1997a)

Wang et al. (1997a) proposed an amplitude-biased relay feedback test. If an amplitude-biased
relay (as shown in Figure 3-12) is introduced instead of an ideal relay in Figure 3-10, the
resulting oscillation waveform of the process is shown in Figure 3-13. In Figure 3-12, u is the
relay amplitude and £, is a bias in the relay, £ is hysteresis width of the relay. In Figure 3-13,
T,; is the time period when the relay output is positive, T, is the time period when the relay
output is negative, A, is the positive peak of the limit cycle, A, is the negative peak of the limit

cycle.
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4u

uo+u

o

Uog-U

Figure 3-12 The amplitude-biased relay

A first-order plus dead-time (FOPDT) process below is assumed:

Ke™&
Ts+1

G(s) = (3.43)

where K is process steady-state gain, 7 is the time constant and L is the dead time.

1.
S Tu;
20 T L T
-1
0 10 20

0 10 20
timefs

Figure 3-13 Oscillatory waveforms under an amplitude-biased relay feedback for an
FOPDT system
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After analyzing the limit cycle in time domain, Wang et al. (1997a) gave exact expressions of
the period and the amplitude of limit cycle oscillation for the FOPDT (first-order plus dead-

time) process (3.43). The process output y(z) converges to the stationary oscillation in one

period (7, + T, , ) and the oscillation is characterized by

A, =+ WKQ-e ")+ e (3.44)

Ay =(uy—wWKA-e""T)y-ge™ ' (3.45)

n2,uKe”T + UK~ K +¢

T, =Tl (3.46)
MK + u K —¢€
LIT _

T, =T 2K _—HK K +e (3.47)

UK + 1K — €

where 4 is the relay amplitude, £, is a bias in the relay and £ is hysteresis width of the relay

(Figure 3-12).

Exact expressions for the periods and amplitudes of limit cycles have been obtained (as shown
from 3.44 to 3.47). These four equations are sufficient to determine the three parameters of the
process, but it is tedious to solve these equations. On the other hand, frequency response

information contained in the asymmetric limit cycle of Figure 3-13 can be utilized. Since the

waveforms of the process input u(¢) and the output y(¢) are periodic with the period (7, +

T ,), they can be expanded into Fourier series. The average components of these periodic

waves can be extracted. Thus, the steady-state gain can be computed (Ramirez, 1985).

Tul+TuZ
[ y@yae

w1t T (3.48)
f u(t)dt

K=G(0)=
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With K known, the normalized dead time of the process & = L/T can be obtained from (3.44)

or (3.45) as

o (Mot K —€

(U + U)K - A,
or
0 =1In (,u—,uO)K—g
(1= pe)K + A,
From (3.46) or (3.47),
l9 —
T=T,(n 2uKe® + oK — uK + 8)_1
UK + 1 K — €
or
9 —_— —
T=T,(n 2uKe” — u, K —uK + €
MUK — K —¢
L=T86

(3.49)

(3.50)

(3.51)

(3.52)

(3.53)

Time-domain information is combined with frequency response point estimation so that a first-

order plus dead time (FOPDT) model can be identified with a relay test.

The steps in the TD1 method —the one-test time domain method (Wang et al., 1997a) are:

e The amplitude-biased relay experiment is performed. The process input u(¢) and output y(¢)

are recorded, and the periods (7,; and 7T,;) and the amplitudes (A, and A,) of the oscillation

are measured.

e Computation

Step 1: Compute K from (3.48).
Step 2: Compute € from (3.49) or (3.50).
Step 3: Compute T from (3.51) or (3.52).
Step 4: Compute L from (3.53).

FFT1: Process frequency response estimation from relay feedback (Wang et al., 1997b)
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FFT-based Analysis

The describing function analysis method is only one of the limit cycle analysis methods.
Another effective method is Fast Fourier Transform (FFT). If y(t) and u(¢) in Figure 3-11 can be
guaranteed to be absolutely integrable, then Y(jw ) and U(jw ) can be obtained from FFT of y(z)
and u(t). G(j w ) can be calculated from Y(jw )/U(jw ) (Ramirez, 1985).

From above, the prerequisite of using FFT to analyze the limit cycle is that y(z) and u(z) in
Figure 3-11 be guaranteed to be absolutely integrable. An exponential decay e “ (a>0) is
introduced by Wang et al. (1997b) to overcome this problem. So

y@)=y@®)e™ (3.54)

u(t)=u(t)e ™ (3.55)

¥(¢) and u (t) are integrable because they will tend to zero after a period of time. Applying

the Fourier Transform to (3.54) and (3.55) makes
Y(jw)=[TF(t)e™dt = [ y(t)e e ™dt =Y (jw+a) (3.56)
U(jw) = f a@)e ™ dr= f u@)e e dt=U(jw+a) (3.57)
Thus, the shifted process frequency response G ( j@, + &) can be calculated by

Y(jo, +a) _Y(jo)
UGjow, +a) U(jw,)

G(jw, +a)= (3.58)

To identify G(jw), one can first take the inverse FFT of G(jw, + &) as
gkT) = FFT '(G(jw, + @) = g(kT)e ™" (3.59)
Applying the FFT again to g(kT") would result in the process frequency response G(jw)
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G(jw,) = FFT (g(kT)) (3.60)

Noise issue
In industrial practice, there will be measurement noise. To demonstrate the relay-based
identification method practically, it is necessary to discuss how to prevent measurement noise

influence and to explore the actual noise influence.

A hysteresis in the relay is one way to reduce the measurement noise influence. The hysteresis
width should be larger than the noise band (Astrém and Higglund, 1995). Generally, hysteresis

width is chosen two times larger than the noise band (Wang e? al., 1997b).

Filtering is another way to prevent noise influence (Astrom and Haggliind, 1984a). A lowpass
analogue Butterworth filter is usually used because the measurement noise is of high frequency.
The cut-off frequency of the Butterworth filter can be determined with respect to the process
frequency region of interest and is usually chosen to be 3 to 5 times of the process critical

frequency (Wang et al., 1997b).

Ysp e u Ya

[

Filter |4

Figure 3-14 Relay feedback system with Butterworth filter (a is a time-continuous

white noise)

There are different ways to use the Butterworth filter for eliminating the noise influence. One
way is to put the filter after the sensor (in series in the main loop) as shown in Figure 3-14.
After the process (plus the filter) has been identified, the filter can be removed from the
estimated results. Another way is to use two Butterworth filters, one filter in the relay output
and one in the process output. Both filters are not in the main feedback loop. The filter will be

cancelled when the process is identified.
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With the first way (i.e. the filter after the sensor — in series in the main loop), the filter can
remove most of the noise. Therefore, the relay hesteresis width needed is very small. On the
contrary, with the second way, it is not necessary to remove the filter from the estimated result.
But, the relay hesteresis width needed will be much larger. In this thesis, the first way is

employed for further study.

For a good understanding of online analogue Butterworth filter design and implementation in
relay-based identification, more technical details on analogue Butterworth filter design will be
presented here. The frequency response of a typical Butterworth filter is shown in Figure 3-15
(Krauss et al., 1994).

Magnitude
1 A
10RP120
10-Rs/20
NS LN LN >
0 Wp Ws
Frequency (rad/sec)

Figure 3-15 Frequency response of a typical Butterworth filter (the solid line), the

dashed line shows the limits.

Some parameters have to be determined beforehand in order to design an analogue Butterworth
Filter. These parameters are:

w, : passband corner frequency or the cut-off frequency (in rad/sec)
w, : stopband corner frequency (in rad/sec)

R, : passband ripple (in decibels or dB)

R, : stopband attenuation (in decibels or dB)

w, - w, : frequency transition width (in rad/sec)

The physical meanings of these parameters are shown in Figure 3-15.
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3.3.2 Simulation Examples and Cases

The transfer function simulated was

e~2s

= 3.61
10s +1 .61)

0

This is the most commonly used example in relay-based identification literature (e.g., Li et al.,

1991, Wang et al., 1997b and Shen et al., 1996b) and therefore allows comparisons.

Case 5
The purpose of Case 5 is to duplicate the three methods discussed above. Simulations without

noise were done. For the DF2 method (Li ef al., 1991) and the FFT1 method (Wang et al.,
1997b), the height of the relay is set up to be 1 (Figure 3-10). No hysteresis was added to the
relay because no noise was applied. For the TD1 method (Wang et al., 1997a), the biased relay

shown in Figure 3-12 is: relay height 4 is 1 and the relay bias 4, is 0.3, hysteresis width € is

0.1.

Case 6
The purpose of Case 6 is to see the noise influence in relay-based identification when both

measures (relay hysteresis and filtering) in the end of Subsection 3.3.1 were taken. The FFT1

method (Wang et al., 1997b) was selected.

An online analogue Butterworth lowpass filter is used as well as the hysteresis (with hysteresis

width 0.1) (as shown in Figure 3-14). For the process (3.61) with time constant 10 seconds and

time delay 2 seconds, its critical frequency @, is about 0.8 red/sec. Therefore, the cut-off
frequency of the Butterworth filter @, is chosen to be 2.4 rad/sec (i.e. 3 times the process
critical frequency @, ) and the stopband corner frequency @, is chosen to be 4.0 rad/sec (i.e. 5

times the process critical frequency @,) because the Butterworth filter can not be very steep;
passband ripple R, is 3 dB and stopband attenuation R,is 15 dB (Figure 3-15). The

Butterworth filter obtained is a 4-order s function

46.2613
s* +6.8155° +23.2225% +46.35255 + 46.2613
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For the FFT method, relay height 4 used is 1 and hysteresis width £ is 0.1 (Figure 3-12). The
applied white noise (with variance 0.1) is injected with the Band-Limited white noise module
in Matlab/Simulink (The MathWorks; Natwick, MA). Two tests were designed with the same
noise. The only difference is relay height (either 1 or 1.5). For objective comparison, the same
online analogue Butterworth lowpass filter is used as well as the hysteresis (with hysteresis
width 0.1) for both tests.

3.3.3 Results

The results of the above simulation cases are presented in this subsection.
Case 5
This case is aimed at duplicating the three methods (DF2, TD1 and FFT1) introduced above

under the condition of no noise.

DF2: An Improved Autotune ldentification Method (Li et al., 1991)
After simulating with the first-order plus dead time (FOPDT) process (3.61), the process input

and output for two tests were plotted as shown in Figure 3-16.
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Figure 3-16 Time trends for the DF2 method, the first test (left); the second test (right)
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From the first test, the dead time L was read first; the period of limit cycle P, and the
amplitude a, of principal harmonic of the output were also read out, thus the critical frequency

@y, critical gain K, and additional dead time for the second test L, can be calculated

L=2000 P,=7335 a =0.181

From the second autotune test, the following results can be obtained.

P,=12282 a,=0.289

Using the DF2 method, the estimated model is

~25
G- 0.976e (3.62)

8.042s +1

The result published in Li et al. (1991) is

-2s
G= 0.988¢ (3.63)

8.020s +1

Table 3-2 described the results duplicated vs the results published in Li. ef al. (1991).

Parameters L, K, @, K,, w,
From Case Study | 1.530 7.023 0.857 4.407 0.512
Published 1.526 7.031 0.858 4.287 0.513

Table 3-2 Results duplicated vs results published in Li. et al. (1991)
The Nyquist plots of the real process and the model obtained by using the DF2 method are

given in Figure 3-17. The conclusion from the above resuits is that the method has been

implemented correctly.
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Step response

0 0.5 1 0 50
Re G(jw) time/s

Figure 3-17 Nyquist plots of the real process and the estimate obtained by using the
DF2 method (Li et al., 1991)

TDI: Low-order Modeling from Relay Feedback (Wang et al., 1997a)
Using the same process (3.61) and the biased relay (Figure 3-12), the time trends were logged

from the simulation as shown in Figure 3-18.

From Figure 3-18, the following measurements can be obtained.

A, =0317 A, =—0.208
T, =4291 T,=7278

Using the TD1 method, the estimated model is

19985
G 1.007e (3.64)

10.084s +1
The Nyquist plots of the real process and the model obtained by using the TD1 method are

given in Figure 3-19. The uncertatinty analysis of the estimated model is presented in Appendix

B.
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Figure 3-18 Time trends by using the TDI method

0 1
-
g-o.z 3
@ 205
E-04 o
2
v

1
o
o

o

50

o

0 0.5 1
Re G(jw) time/s

Figure 3-19 Nyquist plots of the real process and the estimate obtained by using the
TDI method (Wang et al., 1997a): real process (solid line), estimate (dot line)

Remark: Based on extensive simulations, a remarkable criterion to accept or reject the

identification result by using the TD1 method is to calculate & with formula (3.49) and (3.50)
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respectively. If the difference of the two values of @ is greater than 0.01, then reject the

result; if both @ have the same value, it is the best result!

FFTI: Process frequency response estimation from relay feedback (Wang et al., 1997b)
With the same process (3.61), the process output and input were logged from simulation as
shown in Figure 3-20. It should be noted that in the actual duplication, the sampling rate was

0.05 second, the decay exponential used was 0.01535 (i.e. e ™ with @ =0.01535) and the
total simulation time was 600 seconds. If this were used for Figure 3-20, then it would be too
dense to see anything meaningful. Here for effective presentation, the sampling rate was 0.1
second, the decay exponential used was 0.09 and the total simulation time was 100 seconds.

0 50 100
>~ 0.2 -
a
5 0
O

-0.2

0 50 100

timefs

Figure 3-20 Time trends by using the FFT1 method, real input u and output y (Solid
line); the corresponding waveform after the exponebtial decay was introduced (dotted

line)

Using the FFT1 method, the result obtained is a Nyquist plot instead of a transfer function
model. The Nyquist plots of the real process and the model obtained from the FFT1 method are

given in Figure 3-21.
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Remark: Result in Figure 3-21 indicates the FFT1 method has been duplicated successfully.
The only difference is sampling rate. In Wang et al. (1997b), the sampling rate reported is 0.12

second; while the sampling rate used for this case study is 0.05 second.
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£-02f
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Figure 3-21 Nyquist plots of the real process and the model obtained from the FFT1
method (Wang et al., 1997b): real process (solid line), estimate (dot line)

Comparison of Accuracy with the three methods discussed
The Nyquist plots of the estimates obtained by using the DF2 method, the TD1 method and the
FFT1 method respectively are compared in Figure 3-22. The accuracy of the three methods can

be seen qualitatively.

To see the accuracy quantitatively, the definition of Worst Case Error is first introduced (this
will also be introduce in Subsection 5.3.1 and widely used in Chapter 6). For continuous-time,

itis

ERR% = |GG@)-G(je)| x100% (3.65)
| Glwo) |

For discrete-time frequency response, the definition is

_|6Giw)-Gjw))|

ERR% = : x100% i=12,--M (3.66)
|  Glw) |
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where G(yA/.) and ua{jii)®)-dTQ the actual and the estimated process frequency response
respectively. Only the Nyquist curve from zero frequency to the crossover frequency
where the argument is -180° were considered since this part is the most important for

system identification and controller design.

0.6

0 0.5 1
Re G(jw)

Figure 3-22 Nyquist plots of the three estimates with the real process: real process
(solid line), the DF2 method (dot line), the TDImethod (dashed line), the FFTI method

(dash-dot line)

Identification error

0
log"Q(w/rad s"")

Figure 3-23 Identification errors of the three methods:the DF2 method (dotted line),

the TDI method (dashed line) ,the FFTI method (dash-dot line)
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For this EOPDT process (3.61), the critical frequency (D is between 0.8 rad/sec and 1 rad/sec.
Because of this, in identification error plot (Figure 3-23), only frequencies ranging from ii)=04

rad/sec to 00=5 rad/sec were discussed.

From Figure 3-23, in case of the accuracy, the TD1 method is the best, the DF2 method is the
worst while the FFT] method is slightly worse than the TD1 method, but much better the DF2

method.

Case 6

This case is to investigate noise influence in relay-based identification. The FFT] method was
chosen. The two different tests have the same noise (variance 0.1), but with different relay
height (either 1 or 0.5). The time trend from simulation with relay height 1 is shown in Figure

3-24.

150 200 250 300

0 50 100 150 200 250 300
time/s

Figure 3-24 Time trendsfor the test with white noise( variance 0.1) and relay height I
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From Figure 3-25, both of the tests have good identified results. By the comparison of the
lower two panels, the accuracy of the estimate with relay height 0.5 is not as good as that with

relay height 1.0.

In relay identification, low-pass filtering and relay with hysteresis are used to prevent noise
influence. The low-pass filter can deal with noise above the cutoff frequency (in the frequency
domain) effectively. For the noise beyond this region, it still relies on the exciting signal power
to prevent noise influence. The relay height is proportional to the signal energy injected into the
controlled loop. The higher the relay height, the more the signal power. With the same noise,

the case relay height 1.0 means higher signal-to-noise ratio than the case relay height 0.5.

0.2

frequency (rad/s) frequency (rad/s)
Figure 3-25 Measurement Noise Influence of the FFTI method (Wang et al. 1997b): real
process (solid line), estimate measurement noise (dotted line). The left two panels for relay

height 1, the right two panels for relay height 0.5.
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3.3.4 Discussions

In this subsection, the results identified by using the three relay-based identification methods
and the cost to obtain these models will first be discussed. Then the efforts will be directed to

find out the reasons. The methods and its acronyms will be rewritten here for clarity.
DF2: An Improved Autotune Identification Method (Li et al., 1991)
TD1: Low-order Modeling from Relay Feedback (Wang et al., 1997a)

FFT1: Process frequency response estimation from relay feedback (Wang et al., 1997b)

Identification Result

e Information contained in the model

From the frequency point of view, the DF2 method identifies the information at frequency

v/
points @ = @, and approximately ZG(jw) =—37. The TD1 method identifies the

information at frequency points @ =@, and @ =0. Thus the above two methods are
known as two-point methods. The FFT1 method identifies the information at multiple
frequency points (the number determined by researcher according to one’s purpose,

generally, the information lie in O ~@, ). This can be observed from Figure 3-26.

ot 4
T-02}
=2
Q)
g-04r
-0.6¢
0 05 1

Re G(jw)

Figure 3-26 Information identified by different methods. The DF2 method identifies the
critical frequency (*) and one point in the third quadrant (X). The TD1 method
identifies the critical frequency (*) and the zero frequency (V). TheFFTI identifies all

the points in this figure.
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Accuracy

For the first-order plus dead time (FOPDT) process (3.61), the TD1 method is the most
accurate, the DF2 method the least. The FFT1 method is slightly worse than the TD1
method, but much better than the DF2 method (Figure 3-23). The reasons behind the above
phenomena lie in: (1) the DF2 method is based on describing function analysis. When the
critical frequency and critical gain are computed from the limit cycles, only the primary
harmonic component is considered. In essence, this is an approximate analysis method. (2)
the TD1 method is based on exact analysis of the period and amplitude of limit cycle in the
time domain. No approximation is made in this derivation. Unfortunately, the time-domain
analysis was done by only assuming the process is FOPDT. For more complex process than
that in equation (3.61), the TD1 method has the possibility to degrade in accuracy because
the method is based on the assumption that the true process is FOPDT (first order plus dead
time). (3) the FFT1 method uses Fast Fourier Transform. No approximation is made and no

model information is needed a priori to obtain the process estimate.

Influence of the Measurement noise

With regard to the three relay-based identification methods discussed, if no further steps are
taken, they are prone to be influenced by measurement noise. Relay with hysteresis and
filtering are two ways to prevent noise influence. The low-pass filter can deal with noise
above the cutoff frequency (in the frequency domain) effectively. For the noise from zero to
the cutoff frequency (in the frequency domain), the exciting signal power is important in
preventing noise influence. The relay height is proportional to the signal energy injected

into the controlled loop. The higher the relay height, the more the signal power.

Cost

Here cost means what has to be done to let the method work and obtain the result.

Test number and relay type
The FFT1 method needs only one test. The TD1 method also needs one test. The DF2

method needs two tests and the set-up of the second test depends on the result of the first

one.

An ideal relay is used in the FFT1 method. The TD1 method requires the relay be an

amplitude-biased relay. The amplitude-biased relay influences the process more severely
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than a relay since it will cause the operating point to drift. A relay is used in each test in the

DF2 method and an additional time delay is needed.

Computation

In case of computation needed to get the model, the FFT1 method the costliest, the DF2
method the next, the TD1 method the least. The following facts help explain why the above
happen. (1) In the FFT1 method, the FFT transform has to done several times. For good
accuracy and appropriate frequency scale, the sampling interval must be small enough, the
sample numbers must be large enough. All these lead to much more computation. (2) the
DF2 method has to try different model structures and then to compare the coefficients (all
positive) and the residuals (the least) to find the model. (3) the TD1 method combines the
time-domain information with the frequency response point estimation. This greatly

simplifies the computation.

3.3.5 Conclusions

From the theoretical analysis and the cases studied in this section, the conclusions are:

The FFT'1 method and the TD1 method are much more accurate than the DF2 method since
the describing function analysis is used in the DF2 method. The TD1 method has the
potential to degrade in accuracy for processes that are more complex than FOPDT (first
order plus dead time).

The FFT1 method and the TD1 method need only one test. The DF2 method needs two
tests. The relay in the TD1 method has to be amplitude-biased which will cause the
operating point to drift.

Relay-based identification methods are prone to be influenced by measurement noise. Two
measures are effective in preventing noise influence, one is a relay with hysteresis; the

other is to insert on-line Butterworth filter in the main loop.
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3.4 Comparison of the two categories of CLID

In this section, the issues associated with the comparison of the two identification methods are

analyzed first. Then two simulation cases were designed for the comparison. The results of the

comparison between the closed-loop identification with external excitation (e.g. Huang and

Shah, 1997) and the relay-based identification (e.g. the FFT method by Wang et al. 1997b) are

subsequently presented. The conclusion is given at the end.

3.4.1 Issues for comparison and solutions

Issues

To compare the relay-based identification and identification with external excitation by

simulation, the following two issues have to be faced.

L]

Conversion between discrete-time description to continuous-time description
In relay-based identification, the real process is generally given in continuous-time form,
with measurement noise (often relatively small). However, in closed-loop identification
with external excitation, the real process is generally given in discrete-time form, with white
noise (often relatively large). On the other hand, relay-based identification generally collects
point information (such as peak values and zero-crossing points) from simulation to derive a
continuous-time transfer function, while identification with external excitation is often done
by applying time-series analysis to discrete-time transfer function models. The first problem
with the comparison is that there exists no undisputed algorithm for parameter translation
from discrete-time parameters to a continuous-time description and at which sampling
rate/time for parameter translation from discrete-time parameters to a continuous-time

description.

Definition of signal to noise ratio

In relay-based identification, the excitation is a relay. In closed-loop identification with
external excitation, the excitation is a persistently exciting signal (for example, a white
noise). The different excitations have different probability distributions (the former one is
Binomial distribution; the latter is Normal distribution as shown in Figure 3-27). How to
measure their power is an open question. More important are the different definitions of
signal to noise ratio in two identification categories. In relay-based identification, the signal

to noise ratio is defined as the power of the process output divided by the power of the
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noise. In closed-loop identification with external excitation, the signal to noise ratio is
defined as the power of the freshly injected signal divided by the power of the noise. The

difference lies in the interpretation of the signal.

0.5

500 0 0.05
time/s distribution density

Figure 3-27 Time trend and probability density function for the process inputs: the top two
panels for the relay-based identification; the bottom two panels for the closed-loop

identification with external excitation.

Solutions

e To avoid the conversion between discrete-time description to continuous-time description,
a continuous transfer function model can be used as the simulation process. For different
methods to work, different sampling rates could be used.

e For comparison of results, the Nyquist plots of the identified models can be used. This will
avoid the conversion of identified models from continuous to discrete or from discrete to
continuous time.

* For the excitation signal power, the Binomial distribution for the relay can be calculated
(Figure 3-10 in p84);

var = Efr - 1) (3.67)
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o, =|E(r-7)* (3.68)

where r is the relay signal. Generally, ¥ =0 since the relay output is symmetrical. If d is

used to express the relay amplitude, then 0, =d .

The Normal distribution of white noise can be calculated (Figure 3-6 in p76)

o, =/ var(d(®)) (3.69)

Therefore, the relay amplitude may be chosen so that 0, =0, .

e The definition of signal to noise ratio which will be used in the forthcoming simulation

examples is:
2

O-u
o2 (3.70)

a

SI/IN =

where 0'3 and O': are the variance of the process input © and the noise a respectively.

3.4.2 Simulation Examples and Cases

From the analysis of the issues for comparison, strictly speaking, they cannot be compared. But

for some qualitative comparison conclusions, the following simulation examples and cases

were designed.

The FOPDT model as shown in 3.61 is again chosen as the simulation process since this
process is commonly used as simulation example. Different sampling rates (0.05 second and 1
second respectively) were used for the relay-based identification (e.g. the FFT method by
Wang et al. 1997b) and the closed-loop identification with external excitation (e.g. Huang and
Shah, 1997) to work. Band-limited White Noise module in Matlab/Simulink is used as noise
source (with default seed, sample time 0.05, the noise power 0.005) for both methods. The

variance of the noise is 0.1003.

2
o2
= 3.61
° 10s+1 G.61
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Case 7
For relay-based identification with the FFT method (Wang et al. 1997b), the relay amplitude

aused is 1; the energy injected into the process is o> =1, noise signal o2 =0.1003. Therefore,
P u d

the signal to noise ratio is 9.970.

For closed-loop identification with external excitation (Huang and Shah, 1997) to identify the
process (3.61) under the same condition as in Wang et al. (1997b), a random number module in

Matlab simulink with variance 0.855 is employed which caused the process input variance

o} =1. Therfore, this simulation has nearly the same signal to noise ratio.

Case 8
The same band-limited white noise module in Matlab/Simulink is used as noise source with

noise variance 0.1003. In this case, the signal to noise ratio is greatly reduced.

For relay-based identification with the FFT method (Wang et al. 1997b), the relay amplitude
aused is 0.50; the energy injected into the process is 0': =0.25, noise signal 0'3 =0.1003.

Therefore, the signal noise ratio is 2.493.

For closed-loop identification with external excitation (Huang and Shah, 1997) to identify the
process (3.61) under the same condition as in Wang et al. (1997b), a random number module in

Matlab/Simulink with variance 0.143 is employed which caused the process input variance
O'u2 =0.25. Therefore, this simulation, closed-loop identification with external excitation

(Huang and Shah, 1997) has the same signal to noise ratio as relay-based identification (Wang
etal., 1997b).

3.4.3 Results

The real processes and the estimates are compared in Figure 3-28. The worst-case errors for the

estimates resulting from the different methods are also presented in the same figure.
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Figure 3-28 Comparison of identification results and the worst case error; the left two panels
for Case 7 where (j] =1; the right two panelsfor Case 8 where a] -0.25; in thefour panels,

solid line for true process, dotted line for relay-based identification result, dashdot line for

closed-loop identification with external excitation result.

3.4.4 Discussions
From the above simulation cases and identification results, the qualitative conclusions of the

comparison are as follows:

e A prioriinformation ofthe identified system
In the relay-based identification, the critical frequency of the identified system can be
automatically found without a priori information of the identified system. In closed-loop
identification with external excitation, a priori information on the critical frequency of the
identified system 1is needed for the design of the persistently exciting signal (signal
bandwidth). If this information is not available, an improper exciting signal could lead to a

very bad identified result.
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Accuracy and Noise Influence

From Figure 3-28, both categories of methods can achieve accurate result. Generally, the
relay-based identification (e.g. Wang et al. 1997a) needs higher signal to noise ratio. When
signal to noise ratio is reduced, the accuracy resulting from the relay-based identification

will decrease sharply.

The reason behind the phenomena is the different mechanisms used to deal with noise. The
relay-based identification deals with noise by low-pass filtering and hysteresis as detailed at
the end of subsection 3.3.1. The low-pass filter can prevent noise in the frequency range
above cutoff frequency effectively (for example, the cut-off frequency of the Butterworth

filter w, is chosen to be 3 times w, in subsection 3.3.2). In the frequency range from O to

the cut-off frequency, the accuracy depends on the signal to noise ratio. In closed-loop
identification with external excitation, the noise is dealt with by choosing an appropriate
noise model structure and noise model order. Whenever the noise model is correctly

estimated, the identified result can be accurate even for very low signal to noise ratios.

3.4.5 Conclusions

In this section, the two categories of CLID method have been compared with a typical method

in each category.

The conclusions are:

In the relay-based identification, the critical frequency of the identified system can be
automatically found. In closed-loop identification with external excitation, a priori
information on the critical frequency of the identified system is needed for the design of the
persistently exciting signal.

The relay-based identification method generally requires higher signal to noise ratio for
good accuracy. The closed-loop identification with external excitation method can give
accurate estimates even for small signal to noise ratio. This is due to the different

mechanisms in each method used to deal with noise.
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3.5 Conclusions

This section summarises the comparison of the relay-based identification and identification
with external excitation. The following conclusions can be drawn from the above four sections.
The comparison mainly involves the system components, the identifiability condition,
identification results and the identification costs. The main advantages and disadvantages are

given in the end.

Feedback system components:

e Excitation
In closed-loop identification with external excitation, a fresh injection (generally
persistently exciting) is often needed (d in Figure 3-6). In relay-based identification,
generally the excitation into the loop is an ideal relay or an amplitude-biased relay with or

without a hysteresis (Figure 3-10 and Figure 3-12).

* Disturbance/noise
In closed-loop identification with external excitation, the noise is often assumed to be white
noise. In relay-based identification, the measurement noise is often assumed to be white
noise and the load disturbance is often assumed to be step like even though load disturbance

is not discussed in this chapter.

e Process domain
In identification with external excitation, the process is always given in discrete-time form,
for example, the ARMAX process in equation 3.27. In relay-based identification, the
process is mostly represented in continuous-time form, for example, an FOPDT (first-order

plus dead time) process in equation 3.61.

Identifiability

o [dentifiability
In closed-loop identification with external excitation, a sufficient and necessary condition
(3.9) should be met for parametric methods under pure feedback. Otherwise, if there is an

external excitation signal, identifiability will not be a problem. In relay-based identification,
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the problem has seldom been discussed except by Astrom and Haggliind (1984b). The key

issue being the generation of stable limit cycles.

Results

Information obtained (frequency-domain)

In closed-loop identification with external excitation, information of the process over a
range of frequencies can be identified. In relay-based identification, generally only one
point (the critical point) can be identified even though there are methods for two or multiple

point identification.

Accuracy and noise influence
The relay-based identification method generally requires higher signal to noise ratio for
good accuracy. The closed-loop identification with external excitation method can obtain

accurate estimates even in small signal to noise ratio.

Cost

Cost is used to mean what is required for the method to work and for acceptable accuracy.

Information needed

In closed-loop identification with external excitation, it is necessary to know the critical
frequency approximately. Otherwise, the bandwidth of the exciting signal may not be
suitable for obtaining good estimate. In relay-based identification, almost no a priori
information is needed. The relay height and/or hysteresis width can be determined by

experiment.

Main advantages and disadvantages

Closed-loop identification with external excitation

The main advantage for closed-loop identification with external excitation is that
information of the process over a range of frequencies can be identified and that accurate
estimates can be obtained even for small signal to noise ratio. The main disadvantage for
closed-loop identification with external excitation is that a priori information on the critical
frequency of the identified system is needed for the design of the persistently exciting

signal.

Relay-based identification
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The main advantage for relay-based identification is that the sustained oscillation can be
implemented automatically. Therefore, no a priori information on the critical frequency of
the identified system is needed. The main disadvantage for relay-based identification is that
the controller must be replaced by an ideal relay, which means disruption to the control

system.
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CHAPTER 4

THEORY ON CLID WITH A QUANTIZER

This chapter aims to develop new closed-loop identification theory. It begins by presenting
the study of various quantizers because the quantizers play a key role in signal generating
for the new closed-loop identification scheme. Then in the second section, the
characteristics of quantization error (with the change of quantization interval) are analysed
in order to gain the insight and to provide basis for further discussion. Methods that can be
used corresponding to different ranges of quantization interval are subsequently presented.
Key issues that will be encountered in the CLID methods are analysed. Conclusions are

given at the end.

4.1 Study of the Quantizer

In this section, the difference between sampling and quantization are first clarified. The
special quantizers used by Goodwin and Welsh (1999) and Welsh and Goodwin (1999), as
well as the quantizer in Matlab Simulink (The MathWorks; Natwick, MA), are evaluated.

The quantizer used in this thesis is then described.

4.1.1 Quantization vs Sampling

Before discussion of the quantizer in more detail, it is necessary to point out the difference

between quantizing and sampling.

Quantizing is the process of mapping the samples into a sequence of binary digits that
represent the quantized amplitude of the signal (Proakis and Manolakis, 1988). The
function of quantizing is implemented by a quantizer. A quantizer is a non-linear

component that provides a many-to-one mapping.

In the context of control, sampling means replacing a continuous-time signal by a sequence
of numbers, which represents the values of the signal at certain times. The times when the
measured signals are converted to digital form are called the sampling instants. The time
between successive samplings is called the sampling period (Astrom and Wittenmark,

1997).
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Remark: One important difference is that sampling is the operation in the time axis while

quantization is the operation in the amplitude axis.

In most cases, sampling occurs together with quantization. For example, when a digital
control system is used, a process variable is sampled and then quantized since the process is

continuous-time, i.e. the A/D conversion process involves sampling and quantizing.

Figure 4-1 illustrates the above differences. A sine wave with period 4 seconds (top left
panel of Figure 4-1) is a continuous analogue signal. If the original signal is sampled with
sample rate 0.2 second, a sampled analogue signal is obtained (top right panel of Figure 4-
1). If the original signal is quantized with quantization interval 0.5, a continuous quantized
signal is obtained (bottom left panel of Figure 4-1). If the original signal is sampled with
sample rate 0.2 second and is then quantized with quantization interval 0.5, a sampled

quantized signal is obtained (bottom right panel of Figure 4-1).
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Figure 4-1 Continuous/sampled, analogue/quantized signals; the left two panels
are continuous signals, the right two panels are sampled signals; the top two

panels are analogue signals, the bottom two panels are quantized signals.
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4.1.2 Special Quantizers
Goodwin and Welsh (1999) and Welsh and Goodwin (1999) defined two special quantizers

called mid-rise quantizer and mid-step quantizer.

The mid-rise quantizer allows the loop critical frequency to be
determined essentially as in the relay experiments. The mid-step
quantizer modifies the controller to have nonlinear characteristics so
that small loop gains apply to small amplitude signals whilst normal
loop gains are retained for dealing with large disturbances.

(Goodwin and Welsh, 1999:3347)

The mid-rise quantizer

-3h/2 -2h

Figure 4-2 The mid-rise quantizer(left) and the mid-step quantizer(right)

The mid-rise quantizer is shown in Figure 4-2 (left panel). Parameters for the mid-rise
quantizer include quantization interval (gi), quantizer amplitude (%) and hysteresis width

(€).
Welsh and Goodwin (1999) studied the analogy between the relay and the mid-rise
quantizer and pointed out that the quantizer can be viewed as a set of relays operating at

different input levels with respect to their output level.

Remark: The mid-rise quantizer behaves like a relay with hysteresis. The difference is that

the mid-rise quantizer has multiple output levels while the relay has only two output levels.
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CHAPTER 4 THEORY ON CLID WITH A QUANTIZER

The mid-step quantizer

The mid-step quantizer is illustrated in Figure 4-2 (right panel). Parameters for the mid-step
quantizer also include quantization interval (gi), quantizer amplitude (h) and hysteresis

width (€).
Remark: The difference between the mid-step quantizer and the mid-rise quantizer is that
zero is a quantization level for the former and zero is always in the middle of two

quantization levels for the latter.

The quantizer in Matlab Simulink
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| 5

| |
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Figure 4-3 The quantizer in Matlab Simulink

The output-input relationship for the quantizer in Matlab Simulink (The MathWorks;
Natwick, MA) is shown in Figure 4-3. The quantizer in Matlab Simulink has only one
parameter - the quantization interval (gqi). The quantizer amplitude (&) is implicitly

assumed to be equal to the quantization interval (gi).

Remark: If there is no hysteresis and the quantization interval (gi) is equal to k, the mid-

step quantizer behaves the same as the quantizer in Matlab Simulink.

4.1.3 Quantizer used in this thesis

The three kinds of quantizers discussed above can be generated as special cases of a
quantizer with four parameters: quantization level (gl), quantization interval (gi), quantizer
amplitude (/) and hysteresis width ( €). Because it is common practice to assume that the
quantization interval (gi) is equal to the quantizer amplitude (&), the newly-defined
quantizer will be termed as a three-parameter quantizer, i.e. quantization level (ql),
quantization interval (gi) and hysteresis width (£ ). The quantizer implemented with three

parameters (as shown in Figure 4-4) is used in this thesis for further work.
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Output

; ‘ Input

Figure 4-4 The quantizer used in this thesis

For the three-parameter quantizer, the special cases are discussed below. If zero is a
quantization level (gl) and the hysteresis width (£ ) is not zero, then the quantizer is a mid-
step quantizer. If zero is a quantization level (g!) and the hysteresis width ( £) is zero, then,
the quantizer is the quantizer in Matlab Simulink. If zero is in the middle of two
quantization levels (gl) and the hysteresis width (&) is not zero, then, the quantizer is a

mid-rise quantizer.

The three-parameter implementation is practical and flexible for industry since the setpoint
of a control loop is somewhere between 4mA and 20mA instead of OmA in real practice.
This will be shown in Chapter 5 and Chapter 6 where the three-parameter quantizer will be

used repeatedly for simulation and experimentation.

4.2 Analysis of the quantization error

In this section, an example with a unit amplitude sine wave passed through the quantizer in
Matlab Simulink (The MathWorks; Natwick, MA) is presented first. Then the
characteristics of the quantization error for the two occasions are examined. The conclusion
on the relationship of information content changing with the quantization interval is given

at the end.
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CHAPTER 4 THEORY ON CLID WITH A QUANTIZER

4.2.1 An example to study the quantization error

—»  Quantizer —————»

Figure 4-5 the example for quantization error study

As shown in Figure 4-5, u is a unit amplitude sine wave; the quantizer used is the quantizer
in Matlab Simulink. The quantizer input u, quantizer output y and the quantization error (y-
u) were plotted in Figure 4-6. In the left panel, the quantization interval (gi) is 0.2 and in the

right panel, the quantization interval (gi) is 0.5.

time/fs time/s

Figure 4-6 The unquantized signal (top), quantized signal (middle) and the

quantization error (bottom)

4.2.2 Spectral characteristics of the quantization error

The information content of a signal includes power and bandwidth. In this subsection, the
relationship between the quantization interval and the information content of the
quantization error will be studied through the two cases described in subsection 4.2.1 (i.e. a

unit sine wave is quantized with ¢i = 0.2 and gi = 0.5 respectively).

The spectrum is the square of the magnitude of the Fourier transform. The spectrum can be

calculated with a finite transform known as discrete Fourier transform (DFT). The DFT is
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CHAPTER 4 THEORY ON CLID WITH A QUANTIZER

usually computed using the fast Fourier transform (FFT). For the quantization error signals
plotted in Figure 4-6, the corresponding spectral characteristics were plotted in Figure 4-7.

In the algorithm to plot the power spectrum, a Hanning window was used.
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Figure 4-7 Spectral characteristics corresponding to the quantization error plotted

in Figure 4-6; In the left panel, the quantization interval (qi) is 0.2 and in the right

panel, the quantization interval (qi) is 0.5.

From Figure 4-7, in the left panel, the quantization interval is 0.2, the bandwidth of the
quantization error is wide, that is to say, it has spectral features across the frequency range.
The power of the quantization error is small. However, in the right panel, the quantization
interval is 0.5, the bandwidth of the quantization error is not so wide because most of the
power is concentrated below about 12 Hz, but the power of the quantization error is much

higher by comparison.

Remark: When the quantization interval (gi) changes from small to large, the power of the
quantization error will vary from small to large, while the bandwidth of the quantization

error will vary from wide to narrow.

Therefore, from the study of the above two cases, a trade-off exists between these two
elements. The above conclusion is important because it provides a theoretical basis for

Section 4.3 below.

4.2.3 Nonlinearity of the quantization error

This section investigates the change of nonlinearity index for different quantiztion intervals.

A linear time series has a dynamic model such as the Box Jenkins model with constant
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coefficients driven by Gaussian white noise (Ljung 1987). In contrast, a nonlinear signal
cannot be expressed by any model with constant coefficients. The purpose of the
nonlinearity index test is to find why the quantization error signal can be used for closed

loop identification.

The principle for nonlinearity test is described in subsection 5.3.2. Table 4.1 is the

nonlinearity test result for the data sets discussed above (i.e. quantization interval 0.2 and

0.5 respectively).
unquantized Quantized
Quantization interval 0.2 1.15 1.25
Quantization interval 0.5 1.15 1.36

Table 4.1 Nonlinearity index for unquantized and quantized signals

Remark: When the quantization interval (qi) changes from small to large, the nonlinearity

of the quantization error will vary from small to large.

4.3 Theory on CLID based on quantization

In relay-based identification, the controller has to be switched out of the control loop to let
the relay in. This means a disruption to the control loop. In Welsh and Goodwin (1999) and
Goodwin and Welsh (1999), a special quantizer (mid-rise or mid-step) was placed at the

output of the controller removing the need to switch off the controller.

Welsh and Goodwin (1999) studied the analogy between the relay and the mid-rise
quantizer in the context of relay-based identification. The conclusion is that the mid-rise
quantizer can be viewed as a set of relays operating at different input levels with respect to
their output level. The mid-rise quantizer has advantages and disadvantages relative to the
relay. The principal advantage is that the mid-rise quantizer maintains control of the system
if a large disturbance occurs at the plant. The disadvantage of the mid-rise quantizer is
related to the open loop gain of the system, which may switch to a new level and a more
complex form of analysis will be required. The relay has only two states and cannot switch

to another level and therefore will not amplify the signal further.
In this section, new theory will be presented and different methods will be employed for

CLID based on quantization. A quantizer will be inserted in the feedback path as shown in

Figure 4-8. It will be shown in this section that different CLID methods can be used
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CHAPTER 4 THEORY ON CLID WITH A QUANTIZER

corresponding to different quantization interval. The main advantage of the proposed
scheme is that it does not require the injection of external excitation. The quantizer provides
excitations on both occasions. In contrast, Welsh and Goodwin (1999) requires excitation at

a specific frequency to be injected into the control loop to aid the identification.

Ysp

Quantizer

Figure 4-8 Quantizer inserted in the feedback path. G, is the true process, y is

the measurement, a is the measurement noise.

4.3.1 The quantization interval continuum from small to large

From the study of the characteristics of the quantization error in section 4.2, the following
observation can be made. When the quantization interval is small, there must be a range of
different quantization interval values that make the quantizer error excitation eqivalent to a
persistently exciting external signal; when the quantization interval is large, nonlinearity

will be dominant, the quantizer is equivalent to a relay. This is shown in Figure 4-9.

»

gi small gilarge
CLID with External Excitation Relay Identification
CLID

Figure 4-9 CLID methods suitable for different quantization interval (qi)

Small quantization interval

If the quantization interval is small, the quantizer in Matlab Simulink is sufficient since the
hysteresis will not make any difference in signal generation. On this occasion, the set-point
of the closed-loop must be one of the quantization levels (gl) and the hysteresis £ should be

equal to zero.
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For a given process, there are conflicts in choosing the quantization interval when the
quantization interval is small (i.e. for the left side of Figure 4-9). If the quantization interval
is small, the quantization error excitation will be white (therefore persistently exciting) and
uncorrelated with the process disturbance, but the signal-to-noise ratio is not large enough
to do CLID (just like the spectral power as indicated in Figure 4-7). Otherwise, if the
quantization interval becomes larger, the quantization error excitation will be large enough,
but the correlation between the quantization error excitation and the process disturbance
will be larger. This will also endanger the CLID. Therefore, it is a challenge to determine

the appropriate range of quantization intervals.

Large guantization interval

If quantization interval is large (i.e. for the right side of Figure 4-9), the main consideration
is to guarantee the quantizer behaves the same as a relay since one of the relay-based
identification methods will be used. On this occasion, none of the quantization levels (gl)
can be equal to the setpoint of the closed-loop since a mid-rise quantizer will be used. The
hysteresis is also necessary because it is the main means to prevent disturbance influence.
The hysteresis should be determined according to the size of the disturbance. This will be

discussed in more detail in subsection 4.3.3.

4.3.2 Closed-loop identifiability for different quantization intervals

The purpose of this subsection is to indicate that different part of quantization interval (as

shown in Figure 4-9) corresponds to different reasons for the ability to do CLID.

Closed-loop identifiability has been reviewed in Chapter 2. Cases relating to closed loop
identifiability have been studied in Chapter 3. A fundamental problem with closed-loop
data is the correlation between the unmeasurable noise and the process input. It is necessary
to break the dependency between the process input and the process noise. From the
discussions in Chapter 2, closed-loop identification can be accomplished in one of the
following three ways:

e By injecting an independent, persistently exciting signal into the feedback loop;

e By switching between two or more feedback controllers;

¢ By inserting nonlinearity.
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Small quantization interval

For the left part in Figure 4-9, when the quantization interval is small, the quantization error
is persistently exciting. Thus, inserting a quantizer will have the same effect as injecting an

independent, persistently exciting signal.

Large quantization interval

For the right part in Figure 4-9, when the quantization interval is large, the quantizer acts
like a relay. At this moment, the nonlinearity will be dominant. So, inserting a quantizer

will have the same effect as inserting a nonlinearity.

4.3.3 Key issues for CLID with a quantizer

Small quantization interval

As discussed in Subsection 4.3.1, when the quantization interval is small, CLID with
External Excitation will be used. There is a trade-off between the signal-to-noise ratio and
the correlation between the signal and noise in determining the appropriate range of
quantization intervals. Here, the signal refers to the quantization error and the noise refers
to the process disturbance. The task is to find a value or a range of the values for the
quantization interval (gi), which will make the quantization error good enough for CLID
with External Excitation (e.g. the two-step or two-stage method as discussed in Chapter 3)

to be used.

Simulation in Chapters 5 and 6 (Figure 4-10 is the same as Figure 6-2) shows a typical
relationship of the signal-to-noise ratio and the correlation as a function of the quantization

interval.

From the simulation result shown in Figure 4-10, the useful range of quantization interval

should be from o, to 20, approximately, in which o, denotes the standard deviation of

the process output. The simulation suggests that when the quantization interval is within

this range, the identified model accuracy can be guaranteed.
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Signal/Noise ratio
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Figure 4-10 The relationship of the signal-to-noise ratio with qi for a given process
and the relationship of the correlation of the quantizer error excitation and

disturbance with quantization interval (qi).

Figure 4-11 which is the same as 6-3 is generated from the simulation scheme in Figure 6-1
in which the disturbance is white noise with variance 1.00 and the quantization interval is

1.5 times the standard deviation of the process output (gi =1.5 o, ). Figure 4-11 is a typical

example of an unquantized signal, quantized signal and quantization error in the time
domain. In the same figure, the quantization error is expressed in the frequency domain.
From the left bottom panel of the figure, it can be seen that the quantization error is

random. From the right bottom panel, the quantization error is persistently exciting.
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Figure 4-11 Ungiiantized signal (left top panel), quantized sigal (middle top panel)
and quantization error (right top panel), all three panels in the top are in the time
domain; the power spectrum of the quantization error (left bottom panel),
autocorrelation ofthe quantization error (right bottom panel), all two panels are in

thefrequency domain.

Large quantization interval
The discussion followed in this section shows that filtering is preferable to hysteresis since
filtering reduces the requirement of the quantization interval for CLID when a measurement

noise exists.

As discussed in subsection 4.3.1, when the quantization interval (c¢p) is large, the quantizer
will act like a relay and the main consideration is to guarantee that the quantizer behaves

the same as a relay. Therefore, only two quantization levels can be used.

Noise is inevitable in a control loop. The general practice is to use hysteresis as the main
measure to prevent disturbance influence. The hysteresis width is usually chosen as two

times larger than the noise magnitude (Wang et al, 1997).

The analysis in Welsh and Goodwin (1999) based on Atherton (1975) is very helpful. They

show that adding hysteresis moves the describing function of the relay down the imaginary
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axis (the left panel of Figure 4-12). Therefore, the intersection of the describing function
and a plant transfer function will generally occur at a frequency less than the critical

frequency.

As discussed in subsection 3.3.1, the describing function N(a) of the ideal relay with relay

amplitude d and amplitude of limit cycle a is given by

N(a) = 4d @.1)
ja

If hysteresis is used with hysteresis width (&) for the ideal relay, the describing function

N (a)becomes (Atherton, 1975)

N(a)=4—a;(w/az—.€2 —jE) foraz e 4.2)
TIa
1 a E, .€
- == (1-()* +j= 43
N @) 4d( (a) +Ja) (4.3)

For the relay-based identification method to work, the system must satisfy

G(jw,)N(a)+1=0 4.4)

That is to say, the system frequency response G(jw) and minus the inverse of the
describing function —1/ N(a) should have an intersection. From Figure 4-12, the inverse

of the describing function —1/ N(a) is a locus in the Nyquist plane parallel to the negative

real axis. The position of the locus with respect to the imaginary axis is a function of the

hysteresis width and the amplitude of the limit cycle.

From the left panel of Figure 4-12, for a given relay amplitude, when the hysteresis width is
larger than a specific value, there is a possibility that no intersection exists between minus
the inverse of the describing function and the plant transfer function. This will make relay-
based identification impossible. The way to increase the likelihood of having intersection
between minus the inverse of the describing function and the plant transfer function is to

increase the relay amplitude as shown in the right panel of Figure 4-12. Therefore, relay
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amplitude and hesteresis width should maintain a minimum ratio for the relay-based

identification.
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Figure 4-12 Influence of the hysteresis width and relay amplitude in relay-based

identification. Left: the relay amplitude is fixed to be 1, the hysteresis width is
changed from 0.1 to 0.3, then to 0.5. Right: the hysteresis width is fixed to be 0.5,

the relay amplitude is changed from I to 3 and then to 5.

For a white measurement noise (for example, a in Figure 4-8) with standard deviation o,
according to the normal distribution theory shown in Figure 4-13 (Scheaffer and McClave,
1995), there is 99.7% chance for noise value to be within 3 & at each instant. Therefore,

6 o as the hysteresis width should be a reliable choice.

For the white measurement noise (a in Figure 4-8) with standard deviation o, if the
hysteresis width (6 0") is used, then the relay amplitude required will be at least 18 0 in
order to have an intersection between minus the inverse of the describing function and a

plant transfer function.
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Figure 4-13 Normal distribution theory; here a standard normal distribution with
standard deviation 0 =1 and the mean value u = 0; the area (i.e. the integrated

probability density) between [-1, 1] is 68%, [-2,2] is 95%, [-3,3] is 99.7%.

From Astrém and Haggliind (1984a), filtering is another means to prevent noise influence.
As discussed in subsection 3.3.3 of Chapter 3, with a lowpass Butterworth filter, most of
the noise will be filtered. The hysteresis will only be a secondary measure to prevent noise
influence and the hysteresis width required is much smaller. The new scheme with an
online filter is shown in Figure 4-14. The advantage of the lowpass Butterworth filter to
prevent measurement noise is that the hysteresis width will be smaller and the quantization
interval required could also be smaller since the analysis of Figure 4-12 indicated that the
relay amplitude and hesteresis width should maintain a minimum ratio for the relay-based

identification.

The low-pass filter can deal with noise above the cutoff frequency (in the frequency
domain) effectively. For noise beyond this region, it still relies on the exciting signal power
to reduce the noise influence. The relay height is proportional to the signal energy injected

into the controlled loop. The higher the relay height, the more the signal power.

When both of the factors have been considered, with this new scheme (Figure 4-14), it is

possible to say that any quantization interval above 40, can be used where o, means

standard deviation of the process output. The fundamental rules are that the noise power
above the filter cutoff frequency will be filtered and the noise power below the filter cutoff

frequency will be dealt with by the excitation from the relay (or the quantizer).
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Figure 4-14 Scheme of CLID with a quantizer

4.3.4 Nonlinearity

Simulation examples on quantized signals in subsection 4.2.3 indicate that the nonlinearity
index becomes larger with the increase of the quantization interval. Simulation examples
presented in subsection 6.2.3 below also support this conclusion. One way to break the
dependency between the input signal and the process disturbance in a closed loop is to
insert nonlinearity (Ljung, 1987). Therefore, nonlinearity caused by quantizer is helpful for

closed loop identification.

4.3.5 Further recommendations on quantization interval selection

The purpose of this subsection is to refine the range of the quantization interval when it is
small (i.e. for the left side of Figure 4-9). The suggestion in subsection 4.3.3 is that the

useful range of the quantization interval should be from o, to 20, where o, denotes the

standard deviation of the process output. Since the process noise, the noise model and the

controller all contribute to the process output, further recommendations in this section are
based on the observation that the minimum variance for the process output (0, ) is a

better reflection of the noise applied to the process than the standard deviation of the

process output o, . Therefore, the standard deviation of the minimum variance for the

process output (0,,, ) should be the target.

According to the closed-loop performance assessment theory presented in section 2.4 of
Chapter 2, 0,,, can be calculated with routine process data (i.e. without any excitation). In

the new procedure of CLID with a quantizer (as described in subsection 5.1.3), the first step
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is to find the standard deviation of the process output o, . Then the same data set is used to

calculate the standard deviation of the minimum variance for the process output (o, ).

The procedures of the proposed method are presented in subsection 5.1.3. The simulation

examples with three different controllers for the same process and the corresponding results
are presented in subsection 5.4.3 and subsection 6.1.2. These examples validated that &,,,

is a better reflection of the process than o,. The further recommendation is that the

quantization interval should be from 1.150,,, to 1.950,,, when the quantization interval

is small.

4.3.6 Selection of the identification methods

It is always useful to use the suggestions proposed in subsection 4.3.5. However, the
motivation of this thesis is to find a novel way to do CLID with as little disruption to the
process as possible. As presented in section 6.5, the insights from simulation examples and
experiment are that: In order to minimize the disruption to the process, when the noise is
small, relay-based identification is preferred; when the noise is large, closed-loop

identification with external excitation method is recommended.

In real practice, the noise itself cannot be measured or predicted. Its influence will be
reflected in the measurement of the process output. The way to judge small or large noise is

to see the variance of the process output. The criterion to judge small or large noise is to

compare the value of the variance of the process output being that small noise refers to o ;

less than 0.1 on the 4 — 20 mA scale and large noise refers to 0’3 greater than 0.1 on the 4 -

20 mA scale (y is the process output as shown in Figure 4-8 in p125).

4.3.7 Summary

The suggestion in subsection 4.3.3 for closed loop identification with external excitation
when the quantization interval is small is that the useful range of quantization interval

should be from o, to 20,. In subsection 4.3.5, the further suggestion for closed loop
identification with external excitation when that quantization interval is small is that the

useful range of quantization interval should be from 1.150,, to 1.950,, . The further

134



CHAPTER 4 THEORY ON CLID WITH A QUANTIZER

recommendation is based on the observation from the simulation examples that o, is a

better measure for specifying the quantization interval for CLID than & V-

-«
Less disturbance
>
Nonlinearity from small to large
>
More excitation

qi=0  gi=1.150,, qi=1.950 ,, qi=40
[ | ! i »

I l

gi small gilarge
CLID with External Excitation Relay ldentification
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Figure 4-15 CLID methods suitable for different quantization interval (qi)

The conclusion in subsection 4.3.3 for relay-based identification when the quantization

interval is large is that the useful range of quantization interval should be any value above

4o,.

4.4  Effect on Stability of the newly inserted quantizer
The purpose of this subsection is to analyze the effect on closed-loop system stability by the

newly inserted quantizer in the scheme for closed-loop identification with a quantizer as

shown in Figure 4-8.

0.1

-0.5

Re G(jw)
Figure 4-16 Stability analysis after inserting a relay with hysteresis. ‘B’ is the

point with a circle where the minus inverse of the describing function intersects with
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the process Nyquist plot; ‘A’ is the point with a x-mark; ‘C’ is the point with a

diamond.

When the quantization interval is small, the quantizer used is a mid-step quantizer, the

quantizer can be equivalent as a mechanism to generate the excitation signal.

When the quantization interval is large, the quantizer used is a mid-rise quantizer, the stable
state of the system is a limit cycle (Atherton, 1975) (point ‘B’ in Figure 4-16). If the closed-
loop system deviates from this state, for example, if the limit cycle amplitude becomes
smaller due to some disturbance, point ‘C’ in Figure 4-16, the closed-loop system will
become unstable. This will make the limit cycle amplitude larger. This means returning to
point ‘B’. On the other hand, if the closed-loop system deviates from this state, for example,
if the limit cycle amplitude becomes larger due to some disturbance (point ‘A’ in Figure 4-
16), the closed-loop system will become damped instead of oscillating. This will make the

limit cycle amplitude smaller. This means returning to point ‘B’.

4.5 Conclusions
Based on the study of the quantizers, the characteristics of the quantization error, a new

theory of closed-loop identification based on quantization is proposed. The conclusions are:

e When the quantization interval is small, the closed-loop identification with external
excitation can be used; when the quantization interval is large, the relay-based
identification can be used.

¢ In the context of closed-loop identifiability, when the quantization interval is small, the
quantization error is equivalent to a persistently exciting external signal; when the
quantization interval is large, nonlinearity is dominant in the quantization error.

e When the quantization interval varies from small to large, the power of the quantization
error will vary from small to large, while the bandwidth of the quantization error will
vary from wide to narrow.

e When the quantization interval varies from small to large, the nonlinearity of the

quantization will be from small to large.
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CHAPTER 5

METHODS

In this chapter, the two-stage method (Van den Hof and Schrama, 1993) and the two-step
method (Huang and Shah, 1997), which were presented in Section 3.2, are first adapted for
CLID with a quantizer. Then, one of the relay-based identification methods, which was
proposed by Wang et al. (1997b) as presented in Section 3.3, is also adapted for the new
identification purpose. Other methods, including model accuracy measure and nonlinearity
test, are discussed. Simulation methods include transfer function model simulation and pilot
plant model simulation, which will be detailed in Section 5.4, Section 5.5 and Section 5.6
respectively. Experimental validation with a pilot plant is presented in Section 5.7. A
summary is given at the end. This chapter presents the methods. All results will be

presented in Chapter 6.

5.1 Closed-loop identification with external excitation

5.1.1 Adaptation of the closed-loop identification with external excitation method

The two-stage method (Van den Hof and Schrama, 1993) and the two-step method (Huang
and Shah, 1997) were presented in Chapter 3. The dither signal is injected after the

controller and before the process (as shown in Figure 5-1).

<y

d Ho

~

Ysp u

Figure 5-1 Closed-loop system with excitation in the forthward path

The system with a dither signal in the feedback path as shown in Figure 5-2 is considered in
this chapter and the following chapter. Therefore the task is to adapt these two methods for

further study (i.e. a dither signal in the feedback path).
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Figure 5-2 Closed-loop system with excitation in the feedback path
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From (5.1) and (5.2)

u(t) = ~C(@)S, (Q)d(®) - C(@)Ss (@) H, ()alt) (5.3)
¥(t) = ~C(q)G (@S, (@)d(®) + Sy (@) H , ()a(?) (5.4)

where S is the true sensitivity function, which equals to

1+G,C’
Similar to the presentation in Section 3.2, the procedures of the two-stage method by Van

den Hof and Schrama (1993) are:

The product of the sensitivity function and the controller are obtained from the

excitation d and the process input u. Then, a noise-free process input u? is simulated

from excitation d and the product of the sensitivity function and the controller;

The estimate of the process G, is calculated from the noise-free process input u” and

the process output y:
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u(t) =[-C(q)S, () @) +[-C(q)S()1H , (q)a(t) (5.5)
u! (1) =[-C(q)S, (@))d () (5.6)
Y(t):Go(‘l)ud(t)'*'So(‘])Ho(Q)a(t) (5.7)

Also from Section 3.2, the procedures of the two-step method by Huang and Shah (1997)
are:

. The product of the sensitivity function and the controller are obtained from the
excitation d and the process input u ;

. The estimate of the process G, is calculated from the process input u and the process

output y filtered by the product of the sensitivity function and the controller.

u() = [-C(@)S, (IO +[-C(@)S, (@ H, (@at) 5:8)
y(2) H (q)a(?)

—_— =0 d(t) + ———— 5.9)

“Csi PO e (

Remark: When the dither signal position is in the feedback path, the two-step method and
the two-stage method have the same procedures, the only differences are that —C(q)S(q)
instead of S(q) is identified from u(z) and d(?) in the first step and that —C(q)S(q) instead of
S(q) is then used in the second step.

5.1.2 Closed-loop identification with external excitation using a quantizer

A quantizer is inserted in the feedback path (Figure 5-3) to generate the equivalent dither
signal whose characteristics were discussed in the theory section (subsection 4.3.3).
Therefore the adapted method, as shown in equations (5.5), (5.6) and (5.7) or equations
(5.8) and (5.9), can be used directly.

As shown in Figure 5-3, the dither signal d is generated by the quantizer. Therefore, the

dither signal d is quantization error excitation which is defined as follows:

d=y, —y (5.10)
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where y is the process output, which is the unquantized signal and y,_ is the quantized

signal.
« y
Ho
v
Ysp € u y
> C L 3 Go > >
d
Ya
0

Figure 5-3 The proposed CLID with a quantizer scheme

The procedures for the proposed CLID scheme (CLID with a quantizer at the feedback
path) were as follows:

e The process was run as normal (with quantization interval very small, for example
0.005, equivalent to 12 bit A/D). The standard deviation of process output O is
calculated.

* Aspecific quantization interval (in the range of 0, ~20 ) is chosen. The process is run

with this quantization interval. The quantizer error excitation d = y, - y can be
guaranteed to be sufficiently good to do identification, as shown in subsection 5.4.2 and
subsection 6.1.1 by simulation.

¢ The two-step or two-stage method can be used directly.

5.1.3 Further recommendations on quantization interval selection

As analysed in subsection 4.3.5, both the process noise (including the noise model) and the

controller contribute to the process output. After considering these two factors, the standard
deviation of the minimum variance for the process output (o, ) should be a useful
measure for specifying the quantization interval for CLID. The closed-loop performance

assessment (CLPA) theory can be used to calculate 0o, . Simulation examples in
subsection 5.4.3 and subsection 6.1.2 indicate that o,,, is a better measure for specifying

the quantization interval for CLID than o .
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According to Harris (1989) and Desborough and Harris (1992), in Figure 5-3, the controller

error e can be expressed as
e=é+r (5.1
where ¢ is forward prediction of controller error and r is the residual.

The closed-loop performance assessment (CLPA) was defined as:

0.2
nb)=1- G"‘z" (5.12)

(4

where b is the horizon (i.e. how far ahead to do the forward prediction; b is time delay if

it is known, otherwise b is an estimate of the time delay), 0': is the controller error

variance and 0',%”, is the minimum variance achievable.

The criterion to judge good or bad control effect is that o, should be close to 7,,, so that

n(b) tends to zero, which indicates good controller performance. Otherwise, 77(b) tends to

one, which means the poor controller performance.

The way to calculate the standard deviation of the minimum variance for the process output
(0, ) with closed-loop performance assessment (CLPA) theory is implemented by Matlab

codes (Thornhill et al.,, 1999 and Desborough and Harris, 1992). The relevant parameters
are as follows:

e Determination of prediction horizon b.

¢ Calculation of ¢, , the standard deviation of the minimum variance for the process

output, and the CLPA index 77(b) .

The CLID scheme is shown in the Figure 5-3. The procedures for the proposed CLID
scheme (CLID with a quantizer) are modified as follows:
e The process was run as normal (with quantization interval very small, for example

0.005mA, equivalent to 12 bit A/D on a 4 — 20 mA scale). The standard deviation of the

process output O, is calculated.
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¢ The standard deviation of the minimum variance for the process output (0,,, ) is
calculated with the closed-loop performance assessment (CLPA) theory.

e A mid-step quantizer is used and a specific quantization interval in the range of
1.150,,, ~1.950,,, (the illustration is given in subsection 5.4.3 and subsection 6.1.2
by simulation) is chosen. The process is run with this quantization interval. The
quantizer error excitation d = y, - y can be guaranteed to be sufficiently good enough to

do identification.

e The two-step or two-stage method can be used directly.

5.2 Relay-based identification method
The FFT-based relay identification method by Wang ez al. (1997b) is chosen here. The main

steps are briefly outlined as follows (For more details, refer to Section 3.3):

e Anexponential decay e * (a>0) is introduced. Applying the Fourier Transform gives

Y(jw) = fy(z)e‘“e’f“‘dz =Y(jw+a) (5.13)
U(jo) = [uee™di=U(jw+o) (5.14)

e The shifted process frequency response G (jw, + &) can be calculated by

Y(jo,+a) Y(jw,)

' = (5.15)
UGw,+a) U(jo,)

G(jw, +a) =

whose inverse FFT is g(kT)e " . Thus, the process frequency response G(j@) can be

calculated.

For the relay identification method by Wang et al. (1997b), there is one limitation — the
sampling rate has to be fast. The reason is that the samples in one period (or one limit cycle)
should be larger than a specific number for FFT-based method to work well. The period is
related to the process (for example, the dominant time constant, the time delay) itself. That
is why in the case study of Wang et al. (1997b) presented in section 3.3, a sampling rate of
0.05 second was used for the process with a dominant time constant of 10 seconds and a

time delay of 2 seconds.
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5.2.1 Adaptation of the relay-based identification method

In Wang et al. (1997b), the relay output is the process input because the controller is
switched off. The configuration in this work needs to be different. The relay is replaced by
a mid-rise quantizer. A lowpass Butterworth filter is inserted to reduce the influence of
measurement noise (more details in subsection 3.3.3 of Chapter 3). As indicated in
subsection 4.3.3.of Chapter 4, the advantage of using a lowpass Butterworth filter plus the
relay with hysteresis to reduce measurement noise over only the relay with hysteresis is that
the hysteresis width required could be smaller and the quantization interval required could

be smaller accordingly.

With this new scheme (as shown in Figure 5-4), the quantizer output is the controller input
and the controller output is the process input. Also, the process output includes
measurement noise. Only the filter output is useful. The solution to this relay-based

identification problem is to view the process, the controller and the filter as a whole new

process. In other words, y, is viewed as input and y . is viewed as output for relay-based

identification with Wang et al. (1997b). Therefore, it is necessary to separate the controller

dynamics and the filter dynamics from the result identified.

s € u a y
—p> C e Go >
Y, Yy
Quantizer |gq—— Filter |¢———

Figure 5-4 Scheme of relay-based identification with a quantizer

5.2.2 Relay-based identification with a quantizer

The procedure for the proposed CLID scheme based on Wang et al. (1997b) is as
following:

e The process was run as normal (with quantization interval very small, for example
0.005, equivalent to 12 bit A/D). The standard deviation of process output o is

calculated.

e A mid-rise quantizer is used and a specific quantization interval (in the range of greater

than 40" ) is chosen together with the hysteresis width and paramteters for the lowpass
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Butterworth filter. The process is run with this quantization interval. The quantizer
output and the filter output are logged.

e The relay-based identification method (Wang et al., 1997b) is used directly.

e The controller dynamics and the filter dynamics are separated (by complex dividing)

from the result identified from the third step in order to get the process estimate.

5.3 Computation methods

5.3.1 Model accuracy measure

For assessment of the accuracy of the estimate, the identification error in this thesis is

measured by the worst-case error.

srras —|GU@) - Glj®)
| G(w)

x100% i=12,--M (5.13)

In (5.13), G(jw,) and G( J@,) are the actual and the estimated process frequency response
respectively. Only the part of the Nyquist curve from zero frequency to the crossover

frequency @, where the argument is -180° was considered since this part is the most

important for system identification and controller design.

5.3.2 Nonlinearity test method

Principle for nonlinearity test

The principle of non-linearity test is based on the following three main elements: Null

hypothesis, surrogate data and nonlinear prediction (Kantz and Schreiber, 1995).

An appropriate null hypothesis for many nonlinear dynamics tests is that the time trend
arises from a linear dynamic system. In order to establish the significance of a test against

this null, one can generate many realizations of the Null, and estimate the significance.

The Null of ‘linear dynamic system’ is not specific. One way to make a specific Null is to
set the mean and variance to the same values as those of the original data. Surrogate data is
random data generated to have the same mean, variance, and autocorrelation function as the
original data. In other words, surrogate data has the same power spectrum as the original

data, but the phase relationships that arise from nonlinearity are randomised.
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Matlab codes to test nonlinearity

The above principle is implemented with Matlab codes provided by the author’s supervisor
(Thornhill, N.E, Shah, S.L., and Huang, B., 2001). In the algorithm, surrogate data sets that
have the same power spectrum and auto-covariance as the test data set are created first. A
suitable sub-set of the data is found with a good end-to-end match. Then the surrogates are
calculated. 50 surrogate data sets are used for the test in this thesis. The non-linear zero
prediction error of the surrogates is compared with the prediction error for the test data. If
the test data were generated by a non-linear process, they are generally more predictable
than the surrogates and the error is significantly smaller. "Significant” means lying more

than two standard deviations from the mean error of the surrogates.

The result of the algorithm gives the nonlinearity index. It is the prediction error of the test
data minus the mean error of the surrogates divided by 2o . If the data are much more
predictable than the surrogates then the value of nonlinearity index is bigger than 1. If the
data are roughly as predictable as the surrogates then the value of the nonlinearity index is

typically less than 1.

5.4 Discrete transfer function model simulation method

In order to demonstrate the theoretical analysis and the methods discussed, a second order
ARMAX model presented in Huang and Shah (1997) was chosen as a simulation example.
The purpose of this section is to emphasize the validation of the left side of Figure 4-9 (or
Figure 4-15, i.e. when the quantization interval is small) and to emphasize the procedures

for further recommendations on the selection of the quantization interval.

5.4.1 Simulation example

A second order ARMAX model presented in (Huang and Shah, 1997) was chosen to

validate the theoretical analysis and the methods discussed. The transfer function was:

1-0.8¢7"' +0.12¢*
1-0.7859¢" +0.3679g*

-1
)= 03403+02417g™

= a(t) (5.17)
1-0.7859¢~" +0.3679¢ ®

A unit feedback control law is implemented in this simulation (Figure 5-5). The white noise

a (t) is applied. The number of sampled data points in the simulation was 10,000.
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Figure 5-5 Simulation for CLID with a quantizer for discrete transfer function model

5.4.2 Correlation and signal-to-noise ratio test

Simulation in this subsection with Figure 5-5 is used for the purpose of exploring the

characteristics of the quantizer excitation under different quantization intervals. In this

simulation, a white noise with &> =1 is applied and fixed throughout the tests. The standard

deviation of the process output is 0°,=1.373 when the quantization interval is 0.005 (the

same as Case 3 of the following subsection 5.4.4). There are altogether 30 tests ranging
from gi=0.10, ¢i=0.20, ¢i=0.30 until gi=3.00. The results will be presented in subsection
6.1.1.

5.4.3 Details for further recommendations on quantization interval selection

The purpose of this subsection is to illustrate the theory proposed in subsection 4.3.5 of

Chapter 4. That is to explain the details on further recommendations on quantization
interval selection in subsection 5.1.3, i.e. the quantization interval should be from 1.150,,,
to 1.950,,, when the quantization interval is small. Simulations with Figure 54 are

conducted for different proportional-only controllers (Table 5-1). Therefore all the
simulation parameters are the same as subsection 5.4.2 except the controller. The results

will be presented in subsection 6.1.2.

Case 1 Case 2 Case 3

Controller Gain 1.00 0.50 2.00

Table 5.1 CLID with a quantizer for different controllers
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Figure 5-6 Simulation for CLID with a quantizer for discrete transfer function

model (with different P-only controllers)

5.4.4 CLID with external excitation using a quantizer

The purpose of this subsection is to explore the proposed CLID with a quantizer method
under different disturbances and different quantizer intervals. The following three cases
(Table 5.2) were designed and tested with simulation. Therefore, the influence of the
disturbance size and quantizer interval can be observed from the results. The results will be

presented in Subsection 6.1.3

Case 1l | Case2 Case 3
Variance of disturbance a(t): 0'3 0.010 0.010 1.000
Disturbance equivalent to 4-20mA 0.100 0.100 1.000
Standard deviation of process output when gi = 0.137 0.137 1.373
0.005mA
Quantization interval (qi) for identification 0.137 0.2025 1.373
Ratio of gi for identification with standard deviation 1 1.5 1
Quantization interval (gi) equivalent to A/D bit 7 6 3or4

Table 5.2 CLID with a quantizer simulation conditions for discrete transfer function model

simulation
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5.5 Continuous transfer function model simulation method

The purpose of this section is to emphasise the illustration of the quantization interval range
proposed in Figure 4-9 as well as in Figure 4-15 (i.e. for a given process and a given
disturbance, when the quantization interval is small, closed loop identification with external
excitation method can be used; when the quantization interval is large, relay-based
identification can be used) and to indicate nonlinearity from small to large for the

quantization intervals from small to large.

5.5.1 Simulation example

The commonly used continuous-time transfer function model (5.18) was chosen (e.g., Li et
al. 1991, Wang et al. 1997) to demonstrate the theoretical analysis and the methods

discussed above. This model has been widely used in Chapter 3 of this thesis.

=25

G,y = —
process IOS +1

(5.18)

5.5.2 CLID with external excitation using a quantizer

This subsection demonstrates closed-loop identification with external excitation using a
quantizer method in the process for the continuous transfer function (5.18). The simulation

scheme is shown in Figure 5-7.

a
Ysp u l

y
) S+01 > 1 e_zx _’@ >
s 10s+1

Yq

Figure 5-7 Simulation for CLID with a quantizer for continuous transfer function

In Figure 5-7, the disturbance a is a white noise with variance 0.10. The quantization error
d=y , — Y is the exciting signal generated by the quantizer, which is persistently exciting.

The quantizer works as a mid-step quantizer. The two-stage method (Van den Hof and
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Schrama, 1993) was used for identification. The results will be presented in Subsection

6.2.1.

5.5.3 Relay-based identification using a quantizer

The simulation in this subsection is to demonstrate the relay-based identification using a
quantizer for the continuous transfer function model. The identification scheme is shown in

Figure 5-8.

In the block diagram, a is a white noise signal with variance 0.10, which is implemented by
the Band-limited White Noise module in Matlab/Simulink. At this moment, the quantizer
works as a mid-rise quantizer. Only two quantization levels can be used during the

identification. The FFT-based method (Wang et al, 1997b) was used for identification. The
quantizer output y_ (instead of the process input u ) is viewed as input. The output of the
low-pass Butterworth filter y, (instead of the process input y ) is viewed as output. The

dynamics of the controller and the filter are removed from the identified results.

The standard deviation of the process outputis ¢, = 0.32 when the quantization interval is
0.005mA on the 4 — 20 mA scale. According to the CLPA theory, the standard deviation of
the minimum variance for the process output is 0,, = 0.32. By the suggestions in Chapter
4, a quantization interval equal to 40 is used. The results will be presented in subsection

6.2.2.

' y| s+0.1 o 1 L,

- s 10s+1

yq yf

Q :I' Lowpass Filter [

Figure 5-8 Relay-based identification with a quantizer for the continuous transfer

Sfunction model.
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5.5.4 Nonlinearity test
The nonlinearity test was described in subsection 5.3.2. The purpose of this subsection is to
show the nonlinearity index changes with the two simulation examples presented in

subsection 5.5.2 and 5.5.3 in which quantization interval is 0.48 and 1.28 respectively (i.e.

150, and 40, respectively). The results will be presented in Subsection 6.2.3.

5.6 Pilot plant model simulation method

The purpose of this section is to arrange simulation examples for validating the quantization
interval range proposed in Figure 4-9 (i.e. for a given process and a given disturbance,
when the quantization interval is small, closed loop identification with external excitation
method can be used; when the quantization interval is large, relay-based identification can
be used) with a real life simulation model instead of the transfer functions used before and
to prepare for the next section. All the measurements in this section are on the 4 — 20 mA

scale except those explicitly given.

steam @

B
e

Figure 5-9 The experimental apparatus

5.6.1 Introduction of the pilot plant and its simulation model

An experimental apparatus (as shown in Figure 5-9) was used to evaluate the proposed
scheme. It is a doubled-walled glass tank. The tank has a height of 50 cm and an inside
diameter of 14.5 cm. This system is located in the University of Alberta computer process

control laboratory.
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The author’s supervisor provided this simulation model, which can be used in
Matlab/Simulink. The examples of closed-loop identification with a quantizer in this

section are based on this Simulink model.

5.6.2 Open loop test

The aim of this subsection is to give a benchmark for assesment of CLID results since the

true process of the experimental apparatus is not known.

For the open loop test of the temperature loop, two simulation examples were designed. The
test signal was applied at the steam valve and the output is measured from the temperature
sensor in the outlet pipe of the tank. In the first test, the test signal is a random binary signal
(RBS) with frequency band from O to 1 (i.e. O to 1.57 rad/sec since the sampling time used
is 4 second) and the amplitude from ~1mA to ImA. The RBS signal is generated by a
function in the System Identification Toolbox in Matlab. In the second test, the input is a
unit amplitude step from 12.57mA to 13.57mA. The open loop identification results are

shown in subsection 6.3.1.

5.6.3 Closed-loop identification with external excitation using a quantizer

For the demonstration of closed-loop identification with external excitation using a
quantizer in the temperature loop of the simulation model, the scheme is shown in Figure 5-

10.

In the block diagram, a is white noise with variance 0.25. Quantization error d =y, — y is

the exciting signal generated by the quantizer, which is persistently exciting. At this
moment, the quantizer works as a mid-step quantizer. The two-stage method (Van den Hof
and Schrama, 1993) was used for identification. The first stage is to identify the sensitivity

function with exciting signal d and process input u . In the second stage, the process is
identified with simulated input z“ and process output y where simulated input u? is

obtained from exciting signal d and the estimated sensitivity function.
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Figure 5-10 Simulation for the CLID with a quantizer for temperature loop with
Van den Hof and Schrama (1993) method. '

The standard deviation of the process output is 0, =0.55 when the quantization interval is

0.005. The standard deviation of the process output in minimum variance @, is 0.52 by

calculation. Three cases were designed in which the quantization intervals are different (as

shown in Table 5.3). The identification results are presented in subsection 6.3.2.

Case 1 Case 2 Case 3
Quantization interval (gi) 0.61 . 0.81 1.05
Equivalent to o, 1.10 1.47 1.9

Table 5.3 CLID with a quantizer simulation conditions for pilot plant model simulation

5.6.4 Relay-based identification with a quantizer

The simulation in this subsection demonstrates the relay-based identification using a
quantizer in the temperature loop of the simulation model. The identification scheme is

shown in Figure 5-11.

In the block diagram, a is white noise with variance 0.25, which is implemented by the
band-limited white noise module in Matlab/Simulink. In this work, the quantizer works as a
mid-rise quantizer. Only two quantization levels can be used during the identification. The

FFT-based method (Wang et al, 1997b) was used for identification. The quantizer output
¥y, (instead of the process input u) is viewed as the input. The output of the low-pass
Butterworth filter y, (instead of the process input y) is viewed as the output. The

dynamics of the controller and the filter are removed from the identified results by complex

dividing.
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The standard deviation of the process output is o = 0.55 when the quantization interval is
0.005. According to the CLPA theory, the standard deviation of minimum variance for the

process output is @, = 0.52. By the suggestions in Chapter 4, quantization interval

equivalentto 40, is used.

Q

Tsp y
35+0.1 Process

Yy

y
: 0] ]‘ Lowpass Filter

Figure 5-11 Simulation for relay based identification with a quantization for

temperature loop (Wang et al. 1997b).

5.7 Experimental evaluation

The pilot plant itself has been introduced in subsection 5.6.1. The purpose of this section is
to describe the various experiments for demonstrating the method of CLID with a quantizer

with a real life pilot plant.

5.7.1 Open loop test

In order to test the dynamics of the temperature loop in pilot plant , two test signals were
used respectively, the random binary signal (RBS) and the step. The test signal was applied
at the steam valve and the output is measured from the temperature sensor in the outlet pipe
of the tank. In the first test, the test signal is RBS with frequency band from O to 1 (i.e. O to
1.57 rad/sec since the sampling time used is 4 second) and the amplitude from —0.6mA to
0.6mA. The RBS signal is also generated by function in System Identification Toolbox in
Matlab. The input is a unit amplitude step from 12.57 to 13.57 in the second test. Two
similar step tests have been done. The open loop identification results are shown in

subsection 6.4.1.
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5.7.2 Closed-loop identification with external excitation using a quantizer

The level of the tank was always controlled to be 12mA on a 4-20 mA scale (that is in the
middle of the tank) during the experiment. The cold water inflow and the hot water outflow
were always under balance when steady-state was reached. The manipulated variable was
the steam flow. The controlled variable was the hot water temperature. A well-tuned PI
controller in continuous form was applied (as shown in Figure 5-12, which is the same as

Figure 5-10). The setpoint for the temperature loop is 10.5 mA (that is 41.5°C).

Tsp u T
35+0.1 \ Process >
- s
d
Ya
Q0 |«

Figure 5-12 Experimentation for CLID with a quantizer for temperature loop

Case 1 hybrid experiment

The reason why case 1 is named ‘hybrid experiment’ is that the process is the real life tank

and the computer generated the disturbance a (i.e. by Matlab function). In Figure 5-12, a is

white noise with variance 0.25. Quantization error d =y, —y is viewed as the exciting

signal generated by the quantizer. The quantizer works as a mid-step quantizer. The two-

stage method (Van den Hof and Schrama, 1993) was used for identification.

The open loop identification result conducted with RBS in subsection 5.7.1 can be viewed
as the true process. Then the proposed new scheme is conducted in the following steps:

e The process is run as normal (with quantization interval very small, for example 0.005,
equivalent to 12 bit A/D). The standard deviation of process output ¢ is calculated to
be 0.55.

e A specific quantization interval gi=1.1 is chosen, i.e. 2 times 0, . The process is run

with this quantization interval. The quantizer error excitation y, - y can be guaranteed to
be sufficiently good to do identification. The signal-to-noise ratio is 0.39.

» The two-step or two-stage method is used directly.
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Case 2 natural noise experiment

The difference between this case and Case | is the way to generate the disturbance a. In
Case 1, the noise is generated with a computer. Here, natural bubbles were applied. Cold air
flows through a pipe, which was submerged into the bottomn of the tank. This led to
observable disturbance to both the level and temperature measurements.

The experimental procedures is as follows:

e The process is run with the bubbles described above (with a very small quantization

interval, for example 0.005, equivalent to 12 bit A/D). The standard deviation of the

process output o, is calculated to be 0.0657.

* A specific quantization interval gi = 0.105 is chosen, i.e. 1.6 times o, . The process is

run with this quantization interval. The quantizer error excitation y, - y is used for
CLID.
e The two-stage method (Van den Hof and Schrama, 1993) can be used directly.

The identification results for the above two cases are presented in subsection 6.4.2.

5.7.3 Relay-based identification
The relay-based identification method by Wang ez al. (1997b) needs a sampling rate of at
least 0.1 second. The fastest sampling rate in the pilot plant in the University of Alberta is 1

second. Therefore, the method cannot be implemented in experimentation.

5.8 Summary

In this chapter,
e Two typical methods in the closed-loop identification with external excitation
framework and the relay-based identification framework are adapted for CLID with
a quantizer.
e The model accuracy measure and non-linearity test method has been introduced.
e Transfer function model simulation methods, pilot plant model simulation methods

and pilot plant experimental methods have been discussed in detail.
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CHAPTER 6

RESULTS AND DISCUSSIONS

All the simulation and experimental results will be presented in this chapter together with
discussions. The results and discussions for discrete transfer function examples and continuous
transfer function examples are described in section 6.1 and section 6.2 respectively. The results
and discussions for simulations with pilot plant model are described in section 6.3. The results
and discussions for pilot plant experiments are described in section 6.4. The conclusion will be

given in the end.

6.1 Discrete transfer function model simulation

This section is used to describe the simulation results of the discrete transfer function (the
second order ARMAX model expressed in 5.1.4). The purpose of the discrete transfer function
simulation is to emphasize the left side of Figure 4-9 (i.e. when the quantization interval is
small) and to explain the procedures for further recommendations on the selection of the

quantization interval. The simulation diagram (Figure 5-5) is represented as Figure 6-1 for

a l
22 -0.82+0.12
22 —0.7859z + 0.3679

convenience of readers.

Yep u 0.34037 +0.2417 v Y
2% —0.7859z + 0.3679

d

Yaq
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Figure 6-1 Simulation for CLID with a quantizer
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6.1.1 Correlation and signal-to-noise ratio

The result for the test by simulation in subsection 5.4.2 is shown in Figure 6-2, in which the
signal refers to the quantization error (d =y, — y) and noise refers to the disturbance (v).
The signal-to-noise ratio is the ratio between the variance of the quantization error excitation

(d=y Y ) and the variance of the disturbance (v ).
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Figure 6-2 The relationship of the signal-to-noise ratio with qi for the given process

and the relationship of the correlation of the quantizer excitation and disturbance with

qi.

The standard deviation of the process output o, was 1.373 on a 4 — 20 mA scale when the

quantization interval was 0.005 on a 4 — 20 mA scale. From Figure 6-2, the range of the
quantization interval from 1.4 to 2.8 is of special interest because the signal-to-noise ratio is
large enough for some CLID methods (for example, the two stage method and the two-step
method) and the correlation between the excitation and noise/disturbance is negligible. This

range (from 1.4 to 2.8) corresponds to o, to 20, approximately. The identification simulation

suggests that when the quantization interval is within this range, the identified model accuracy
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can be guaranteed. This is the reasoning behind the recommendations given in subsections

4.3.3, 4.3.5 and 5.1.2.

Figure 6-3 is generated from the simulation scheme in Figure 6-1 in which the disturbance is a
white noise with variance 1.00 on the 4-2 0 mA scale and the quantization interval is 1.5 times

the standard deviation of the process output {gi = 1.5 ). Figure 6-3 is a typical example of

unquantized signal, quantized signal and quantization error in the time domain. In the bottom
panels of the same figure, the quantization error is expressed in frequency domain. From these

two bottom panels, the quantization error is persistently exciting.

2 CL

0- cr
0 50 100 0 50 100 0 50 100
time/s time/s time/s
4000

e}
NN O N A
e

0 5000 -5000 0 5000
sample number sample number

Figure 6-3 Unquantized signal (left top panel), quantized signal (middle top panel) and
quantization error (right top panel), all three panels in the top are in the time domain;
the power spectrum ofthe quantization error (left bottom panel), autocorrelation ofthe

quantization error (right bottom panel), both panels are in the frequency domain.
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6.1.2 Details for further recommendations on quantization interval selection

The results presented in this subsection are from simulations done with Figure 5-6 in subsection
5.4.3, i.e. the discrete ARMAX model with a P-only controller. It is aimed at validating the
theory proposed in subsection 4.3.5 of Chapter 4 and explaining the details on further

recommendations on quantization interval selection in subsection 5.1.3.

Figure 6-4 indicates how the signal-to-noise ratio and the correlation change with the
quantization interval for different controllers. The panels (left to right) in Figure 6-4 correspond
to cases 1 to 3 listed in Table 5.1, i.e. for different proportional controller gains. The changes of
the CLPA (closed-loop performance assessment) index with prediction horizon are shown in
Figure 6-5. According to Thornhill et al. (1999), the prediction horizon should be 2 for the three

cases. The results are summarised in Table 6.1

Case 1 Case 2 Case 3
Controller Gain 1.0 0.5 2.0
CLPA index 0.161 0.073 0.594
Minimum Variance 1.584 1.299 2.184
Oy 1.259 1.140 1.478
o, 1.373 1.183 2.317
Range for CLID (gi) 1.0t0 2.80 1.30to0 2.40 0.60 t0 2.90
Range for CLID (gi) 0.800,, to 1.140,, to 0.400,,, to
expressed in 0y 2220, 2.100,, 1.960,,

Table 6.1 Results corresponding to simulations of Table 5.1

In Table 6.1, the standard deviation of the process output o, in calculated directly from the
measurements. The CLPA index and the minimum variance of the process output are calculated
from CLPA theory. 0, is the square root of the minimum variance of the process output. The

row for ‘Range for CLID (gi)’ is found by using different quantization intervals to do

)

identification repeatedly. The row for ‘Range for CLID (gi) expressed in 0, is found by

dividing the row for ‘Range for CLID (gqi)’ with the corresponding ©,,, . Further

recommendation will be obtained by finding the common set of the three cases.
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From the results in Table 6.1, the further recommendation on selecting the quantization interval

when quantization interval is small is from 1.150,,, to 1.950,,, . This is the reasoning behind

the recommendations given in subsections 4.3.5, 4.3.6 and 5.1.3.

oooo-=
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Quantization Interval (gJ) qi qi

Correlation(v and d) Signal/Noise ratio
o o
e o

Figure 6-4 the relationship between the signal-to-noise ratio and qi for the given
process and the relationship between the correlation of the quantizer excitation and

disturbance and qi for proportional controller with different Gain. Left: Gain I.
Middel:Gain 0.5. Right: Gain 2.0.
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Figure 6-5 CLPA index for proportional controller with different Gain; Left: Gain I.
Middel:Gain 0.5. Right: Gain 2.0.
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From the CLPA theory, the calculation of &, has considered both the process noise and the
controller. From the results in Table 6.1, o,, varies more gently than o, for different

controllers.

The new recommendation is based on the standard deviation of the minimum variance of the
process output @, . This is more reasonable since the process noise will contribute to the

standard deviation of the process output and the controller will also contribute to the standard

deviation of the process output. While the calculation of the standard deviation of the minimum

variance of the process output &,,, has included three factors (i.e. the process noise, the

controller and the standard deviation o ).

6.1.3 Closed-loop identification with external excitation
Results (in the form of Nyquist plots) identified from simulations using CLID with a quantizer
(simulation conditions indicated in Table 5.2 in subsection 5.4.4) are shown in Figure 6-6. The

panels (top to bottom) in Figure 6-6 correspond to cases 1 to 3 listed in Table 5.2.

From Figure 6-6, the identified model accuracy can be seen qualitatively. With the definition of
the worst-case error as the model accuracy measure (subsection 5.3.1), the quantitative results

are shown in Table 6.2.

Huang and Shah (1997) | Van den Hof and Scharama (1993)
Case 1 9.00% 14.44%
Case 2 4.36% 3.93%
Case 3 8.96% 14.50%
Table 6.2 The worst-case errors for identified models corresponding to simulations in
Table 5.2

From Table 5.2, Case 1 and Case 2 have the same variance of disturbance (0.010). The only
difference is the quantization interval applied (gi = 0, in Case 1 and gi = 1.5x0, in Case 2).

The second panel of Figure 6-6, compared with the first panel of Figure 6-6, shows improved
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accuracy of the identified model. This is because the signal-to-noise ratio increased in Case 2

due to the increased quantization interval (gi).

Case 1 and Case 3 have different variances of the disturbance a (0.010 vs 1.000). However, in

both cases, the ratio of the quantization interval and the standard deviation O is the same, that
is gi =0, . From the top panel and the bottom panel of Figure 6-6, they have achieved almost

the same identification model accuracy. This indicates the proposed scheme is suitable for both

small and large disturbances.

-0.5 0 0.5 1
Re G(jw)

Figure 6-6 Result for simulations shown in Table 5.2; top panel for Case 1, middle
panel for Case 2 and bottom panel for Case3; solid line for true process, dotted line for

Huang and Shah (1997), dashed line for Van den Hof and Schrama (1993).

6.1.4 Conclusion

The simulation examples presented in this section indicated that the proposed identification
scheme with a quantizer is successfully implemented for the process expressed in discrete

transfer function.
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6.2 Continuous transfer function model simulation method

The reasons why this section is necessary are that the whole quantization interval range (i.e.
both small quantization interval and large quantization interval) proposed in Figure 4-9 (as well
as in Figure 4-15) needs to be emphasized and that the nonlinearity from small to large for the

quantization intervals from small to large has to be indicated.

6.2.1 Closed-loop identification with external excitation using a quantizer

The results in this subsection correspond to the simulation designed in subsection 5.5.2.

The standard deviation of the process output is ¢,=0.32 when the quantization interval is
0.005. According to the CLPA theory, the standard deviation of the process output in minimum
variance O, = 0.32. The quantization interval used is 0.50. The two-stage method (Van den

Hof and Schrama, 1993) was used for identification. The identification result is shown in

Figure 6-7. The worst-case error of the identified result from zero frequency to the critical

frequency is 46.27%.

Figure 6-7 Result for closed loop identification with a quantizer for the continuous

transfer function: qi is 1.5 times the standarddeviaition of the process output

6.2.2 Relay-based identification with a quantizer
The results in this subsection correspond to the simulation designed in subsection 5.5.3. The

standard deviation of the process output is 0, = 0.32 when the quantization interval is 0.005.
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The standard deviation of the process output in minimum variance 0,, = 0.32 by the
calculation of CLPA theory. According to the suggestions in Chapter 4, a quantization interval

equal to 40, was used. The identification result is shown in Figure 6-8.

0 0.5 1
Re(G)

Figure 6-8 Result of relay-based identification with a quantizer for the continuous

transfer function process.

The worst-case error of identified result is 35.5%, which occurs near the crossover frequency.
The accurate result from the relay-based identification indicates that the suggestion of 40,

for the quantization interval is reasonable.

6.2.3 Nonlinearity test
The results in this subsection correspond to the simulation designed in subsection 5.5.4. This

subsection presents the nonlinearity index changes for the two simulation examples presented

in subsection 5.5.2 and 5.5.3 in which the quantization intervals are 0.48 and 1.28 respectively

(i.e. 1.50, and 40, respectively). Table 6.3 gives the nonlinearity test result for the data sets

discussed above.

unquantized Quantized
Quantization interval 0.48 0.81 3.37
Quantization interval 1.28 0.73 5.02

Table 6.3 Nonlinearity index for unquantized and quantized signals
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6.2.4 Conclusion

The simulation examples presented in this section indicate that the proposed identification
scheme with a quantizer is successfully implemented in the process of the continuous transfer

function model.

6.3 Pilot plant model simulation

The arrangement of the pilot plant simulation examples of this section is to validate the whole
quantization interval range (small and large quantization interval) proposed in Figure 4-9 (as
well as in Figure 4-15) with a real life simulation model instead of the transfer functions used

before.

6.3.1 Open loop test

The results in this subsection correspond to the simulations designed in subsection 5.6.2. The
open loop identification results of the temperature loop are shown in Figure 6-9. The left panel
is the result when the test signal is RBS. It is expressed as a Nyquist plot. The right panel is the

unit amplitude step test result.

There is a slight difference in the gain from the two figures. This is due to step test signal is one
way (i.e. positive step), while the RBS signal is random with values 1 or —1 and the temperature

response has a slightly nonlinear (asymmetric) response.
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Figure 6-9 The open loop identification results of the temperature loop by simulation

model; left: RBS test result; right: step test result.
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6.3.2 Closed-loop identification with external excitation using a quantizer

The results in this subsection correspond to the simulations designed in subsection 5.6.3. The
standard deviation of the process output is ¢ ,=0.552 on the 4 — 20 mA scale when the
quantization interval is 0.005. According to the CLPA theory, the standard deviation of
minimum variance for the process output is ©0,, = 0.519. Three cases for different

quantization intervals were designed. The two-stage method was used for identification. The
open loop identification result with RBS in subsection 6.3.1 is viewed as the true process. The

results are shown in Figure 6-10 and Table 6.4

Case 1 Case 2 Case 3
Quantization interval (gi) 0.61 0.81 1.05
Equivalentto 0, 1.10 1.47 1.9
Worst case error 29.46% 12.49% 18.17%

Table 6.4 Conditions corresponding to simulation results in Figure 6-10

From Figure 6-10 and Table 6.4, the errors show that the results of Case 1 and Case 3 are
inferior to that of Case 2. In Case 1, the signal-to-noise ratio is lower than that in Case2 because
the quantization interval used in Case 1 is much smaller than in Case 2. In Case 3, the
correlation is more than that in Case 2 because of the larger quantization interval. Therefore,
there is a tradeoff in choosing the quantization interval considering the signal-to-noise ratio and

the correlation.
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Figure 6-10 Results for closed loop identification with a quantizer for the temperature
loop by simulation model; top: qi is 1.10 times the standard deviation; middle: qi is

1.47 times the standard deviation; bottom: qi is 1.9 times the standard deviation;

6.3.3 Relay-based identification with a quantizer
The results in this subsection correspond to the simulation designed in subsection 5.6.4. The

standard deviation of the process output is 0, = 0.5522 when the quantization interval is

0.005. The standard deviation of minimum variance for the process output &,,, = 0.5187 by
the calculation of CLPA theory. According to the suggestions in Chapter 4, a quantization

interval equal to 4 0", was used. The identification result is shown in Figure 6-11 in which the

open loop identification result with RBS in subsection 6.3.1 is viewed as the true process.
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Figure 6-11 Result of relay-based identification with a quantizer for the temperature
loop in the tank simulation model (point representss true process and plus represents

estimates) .

The worst-case error of the identified result compared with the open-loop RBS result is 64%
around the critical frequency. It is much worse than the continuous transfer function model

simulation.

The differences between the tank simulation model simulation and the transfer function model
simulation are due to the following two points. In the tank simulation model simulation,
measures have to be taken to prevent load disturbance. In this simulation, the first period of the
simulation is the time it takes the system to reach steady-state. The second point is that
moderate non-linearity exists in the tank simulation model. This generally influences the
identification results. Using a relatively small quantization interval is helpful in avoiding the

influence of non-linearity.

6.3.4 Conclusion

The simulation examples presented in this section indicate that the proposed identification
scheme with a quantizer is successfully implemented in the temperature loop of the tank

simulation model.
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6.4 Pilot plant experiment demonstration

The purpose of this section is to demonstrate CLID with a quantizer with a real life pilot plant.

6.4.1 Open loop test
The results in this subsection correspond to the simulations designed in subsection 5.7.1. The

left panel of Figure 6-12 is the open loop identification result when the test signal is RBS with
the whole frequency band and the amplitude from —0.6 to 0.6. It is expressed as a Nyquist plot.
The right panel of Figure 6-12 is the open loop unit amplitude step test result. It is the average
of two identical step tests. The step test result is noisy. This is why the step response of the
RBS test result is shown again in the right panel of Figure 6-12. From Figure 6-12, it can be

seen that the two open loop test results are consistent.
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Figure 6-12 The open loop identification results of the temperature loop by
experiment; left: RBS test result; right: step test result (thin) and step response

identified from the RBS test result (thick).

6.4.2 Closed-loop identification with external excitation using a quantizer

The results in this subsection correspond to the simulations designed in subsection 5.7.2 (i.e.

the temperature process of the tank with a PI controller).

Case 1 hybrid experiment

Figure 6-14 shows the result of the closed-loop identification with a quantizer method in which
the real tank was used and the disturbance was generated by the computer in the experiment.

The variance of the disturbance (a in Figure 5-12) applied in the experiment is 0.25. The
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quantization interval used is two times the standard deviation of the process output o, =0.55.

Thatis, gi =20, = 1.10. The two-stage method was used for identification.

From the result shown in Figure 6-13, the closed-loop identification result is matched with the
open loop result in both low and the medium frequencies. In the high frequency range, the
match is not so good. However, commonly in process control, the most important range for
identification is the frequency band from zero to crossover frequency. The worst case error of

the identified result is 28.98%.

©
[an] —
[ . _--J
K

Figure 6-13 Results for closed loop identification with a quantizer for the temperature
loop by hybrid experiment; solid:the open loop RBS test result in subsection 6.4.1;

dotted: qi is 2 times the standard deviation for the CLID with a quantizer.

Case 2 natural noise experiment

Figure 6-14 is the result of the closed-loop identification with a quantizer method in which the

real tank was used and the disturbance was natural bubbles in the experiment. The standard

deviation of the process output O is calculated to be 0.0657. The quantization interval used is

1.6 times the standard deviation of the process output o', . That is gi = 1.6 0’ = 0.105. The two-

stage method was used for identification.
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Im G(jw)

Figure 6-14 Results for closed loop identification with a quantizer for the temperature
loop by natural bubble experiment; solid:the open loop RBS test result in subsection

6.4.1; dotted: qi is 1.6 times the standard deviation for the CLID with a quantizer.

Compared with the accuracy in Figure 6-13, the closed-loop identification result with the
natural bubbles as shown in Figure 6-14 is slightly worse. The worst case error of the identified
result is 54.26%. The reason why the result of Case 2 is worse than the result of Case 1 might
be that the natural bubble disturbance applied in Case 2 is not absolutely white noise, while the

disturbance applied in Case 2 is white noise generated by the computer which is an ideal case.

6.4.3 Relay-based identification

The relay-based identification method by Wang et al. (1997b) needs a sampling rate of at least
0.1 second. The fastest sampling rate in the pilot plant in the University of Alberta is 1 second.

Therefore, the method cannot be implemented in experimentation.

6.4.4 Conclusion

The real life experiments presented in this section indicate the validity of the method of closed-
loop identification with a quantizer. Because the sampling rate of the pilot plant is not

sufficiently fast, the relay-based identification method by Wang et al. (1997b) cannot be

demonstrated.
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6.5 Summary of simulations and experimentations

The simulation examples presented in sections 6.1, 6.2 and 6.3 and the experimentation
presented in section 6.4 are in agreement with the theory proposed in Chapter 4. They are

summarized in the following Table 6-5 for convenience of reader.

Experimental Condition Aim Section Conclusion
ARMAX Unit Qantization To show 5.4.2 With the increase
Model variance | interval (gi) quantization and of qi, S/N increases
(equation 5.17) | white from 0.1 to error signal 6.1.1 and correlation

noise 3.0 characteristicsq becomes more
obvious. Useful gi
range for ID: o, to
20,
ARMAX Unit Different Further 5.4.3 O, is abetter
Model variance | controller recommendation | and
measure for
(equation 5.17) | white gain used(1.0, | on quantization | 6.1.2 specifying the
noise 0.5and 2.0 interval o
quantization
respectively) | selection interval for CLID
than O,
ARMAX White Different qi To evaluate the | 5.4.4 useful gi range for
Model noise used (o, and | Proposed theory | and CLID external
y
(equation 5.17) | with for small gi 6.1.3 excitation: o, to
150
variance 2 20,
0.01 and
1.0
Continuous White 1.56 o To evaluate the | 5.5.2 The proposed
y
transfer noise . proposed theory | and theory on CLID
quantization
function model | with . for small gi 6.2.1 with a quantizer for
interval used
(5.18) variance small gi is correct
0.10
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Continuous White 40 To evaluate the | 5.5.3 [ The proposed
y
transfer noise .. proposed theory | and theory on CLID
quantization
function model | with . for large gi 6.2.2 with a quantizer for
interval used
(5.18) variance large gi is correct
0.10
Continuous White Different qi | To show 554 Nonlinearity index
transfer noise used (1.50, nonlinearity and increase with gi
function model | with change for small | 6.2.3
) and40 ) .
(5.18) variance Y and large qi
0.10
Pilot plant Computer | Different gi To evaluate the | 5.7.2 Natural bubble
) . Generated . .
experimentation | o - . | used (2 o, proposed theory | and disturbance is not
vs  Natural for small gi 6.4.2 so ideal as
and 1.600
bubble y Computer
respectively) generated white
noise

Table 6-5 Summary of simulations and experimentations

6.6 Choice of the CLID methods based on quantization
From theory proposed in Chapter 4 and simulations and experimentation presented in this

chapter, it is correct to say that for a given situation when O, has been obtained, the
identification experiment can be formulated with any quantization interval (gi) from o, to
20, for closed loop identification with external excitation and any quantization interval (gi)

above 40, for relay-based identification.

As discussed in section 1.3, the motivation of this thesis is to find a novel way to do CLID with
as little disruption to the process as possible. By comparison, closed loop identification with
external excitation should always be chosen for less disruption since it always choose smaller

quantization interval for a given process. Practically, this is not the case.

The insight from the simulation examples and experimentation is that: When the noise is small,

it is preferred to use relay-based identification; when the noise is large, it is preferred to use
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closed loop identification with external excitation. In practice, one cannot judge the noise size
itself. The noise will be reflected in the process output. Therefore, the criterion could be that the
case in which the variance of the process output is less than 0.1 on a 4 — 20 mA scale will be
viewed as small noise and that the case in which the variance of the process output is equal to

and greater than 0.1 on a 4 — 20 mA scale will be viewed as large noise.

The reasoning for adopting this criterion is analysed as follows. When the noise is small, the
burden of filtering the noise is not heavy and the quantization interval required is still
reasonable compared with the relay identification. At this moment, the outliers in the
measurements might make the quantization error not white in the industrial experiment. This
point is obviously illustrated from the experimental evaluation presented in the two cases in

subsection 6.4.2.

6.7 Conclusions

Based on the simulation and experiment results presented in the above sections of this chapter.

The conclusions are:

e The quantization interval range in Figure 4-9 (as well as in Figure 4-15) indicates that
closed-loop identification with external excitation method can be used when the
quantization interval is small and relay-based identification can be used when the
quantization interval is large. This conclusion has been demonstrated by using simulations
and experiments.

e The insights from this chapter are: In order to minimize the disruption to the system, when
the noise is small, relay-based identification is recommended; when the noise is large, the
closed-loop identification with external excitation method is recommended. The criterion to

judge whether the noise is small or large is the variance of the process output in which

small noise corresponds to O'j less than 0.1 and large noise corresponds to O'y2 greater

than 0.1.
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CHAPTER 7

TIME SERIES RECONSTRUCTION FROM
QUANTIZED MEASUREMENTS

This is a self-contained chapter. This chapter describes the implementation of a Quantization
Regression (QR) algorithm that generates nonlinear estimates from quantized measurements.
The algorithm, based on Ziskand and Hertz (1993), is a combination of the ‘Gaussian Fit’
scheme of Curry (1970) and the expectation-maximization (EM) algorithm of Dempster et al
(1977). The efforts are then directed to showing how to use the algorithm. The QR algorithm is
then compared with the Linear Least Square (LLS) method and the Kalman smoothing method
(the same formulation as the QR algorithm but without the Gaussian Fit scheme) in the
performance of reconstruction from the coarsely quantized signal. The purpose of the
comparisons is to find out which element plays an important role in signal recovery. From the
simulation examples and experimentation presented, the conclusion is that the QR algorithm is
a more accurate method. This allows the retrieval of the underlying information from quantized

signals.

As explained later in this chapter, the QR algorithm was implemented successfully but was not
in the end used in the closed-loop identification procedure because its large computation time

makes it difficult to use on-line.

7.1 Introduction
This section begins by presenting the motivation. Then the progress of recovering from the
quantization measurement is reviewed. Finally, the novel contribution of the author in this

chapter is stated.

7.1.1 Motivation

Signal processing has played a major role in diverse fields such as speech and data
communication, oil exploration, instrumentation, acoustics, sonar and radar. Time series
analysis, a branch of signal processing, is the procedure of fitting stochastic models to the

observations available at discrete points in time. There are many time series models, such as
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autoregressive (AR), moving average (MA) and autoregressive and moving average (ARMA).
Among all these models, AR models are much easier to fit than MA or ARMA models.

However, AR model may require extra parameters to get a sufficiently good representation of

the data (Chatfield, 1989). Suppose that {e(n)} ,’,V:, is a purely random process with mean zero

. 2 . . .
and variance o, . Then, a process {x(n)} ,',Vzl is said to be an autoregressive process of order m

if
x(n)y=a,-s(n-1+a,-sn-2)+---+a, -s(n—m)+e(n) (1.1)

and a, # 0. A great deal of data in engineering occurs in the form of time series where
observations are dependent and where the nature of this dependence is of interest in itself. For
example, Desborough and Harris (1992) proposed a linear regression approach to reconstruct
from routine closed loop process data where the purpose is to estimate the normalized

performance index. In this case, an AR model was implemented.

Thornhill et al. (1999) observed that quantization of the measurements influenced the
normalized performance index, and thus motivated the need for an algorithm to accurately

recover the underlying signal from quantized measurements.

7.1.2 Recent progress

Ziskand and Hertz (1993) proposed a novel algorithm to estimate the coefficients of multiple
AR processes from a coarsely quantized signal. Their implementation and simulation examples
illustrated the case of onme-bit (two-level) quantization. The algorithm was based on the

following two developments.

Dempster et al. (1977) presented a broadly applicable algorithm for computing maximum
likelihood estimates from “incomplete” data, i.e. data having a many-to-one mapping in the
measurement function. Quantized process data are incomplete because many values of the
underlying signal map to each quantizer level. The algorithm by Dempster et al. (1977)
includes two steps: the first expectation, the second maximization, and is called the EM
algorithm. Shumway and Stoffer (1982) proposed an approach to smoothing and forecasting for

time series with missing observations. The EM algorithm was used in conjunction with the
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conventional Kalman smoothed estimators to derive a recursive procedure for estimating the

parameters by maximum likelihood.

The ‘Gaussian Fit’ algorithm was proposed in Curry (1970) for a discrete-time nonlinear filter
that recursively fits a Gaussian distribution to the first two moments of the conditional
distribution of a system state vector. The primary advantages of the Gaussian fit algorithm are
that it is relatively easy to compute, that it can handle nonstationary data as easily as stationary
data, and that its general operation is independent of the quantization scheme used. The
disadvantages are that it requires more computation than the optimal linear filter and that it can
be applied only to Gauss-Markov processes. It is applicable to quantized process data because
quantized process data can be expressed as a Gauss-Markov process in state-space form (as

shown in the section 7.2).

In the last two decades, the EM algorithm has become an important general technique for
finding maximum likelihood estimates (MLE) from incomplete or missing data, especially
when the missing mechanism is unknown (Little and Rubin, 1986). In this chapter, quantized
process data can be viewed as incomplete or missing data with unknown missing mechanism

because many values of the underlying signal map to each quantizer level.

Meng and Rubin (1991) proposed a Supplemented EM (SEM) algorithm, which provides the
asymptotic variance-covariance for parameters (e.g., standard errors) based on the second
derivatives of the observed-data log-likelihood. Quasi-Newton methods were used in
Jamshidian and Jennrich (1997) to speed up the convergence rate of the EM algorithm. In the
context of incomplete or missing data, Akaike Information criterion (AIC) is often used to
determine model order. Cavanaugh and Shumway (1998) proposed a criterion called AICcd,
where the notation ‘cd’ stands for ‘complete data’, which is used to determine the model order
more accurately. These developments will be useful in future version of Quantization

Regression (QR) algorithm.

7.1.3 Novel contribution

The algorithm presented by Ziskand and Hertz (1993) estimated the coefficients of several
superimposed multiple AR signals of known model order using a two-level quantizer. The

several signals represented sinusoids at different frequencies. The contribution of this chapter is
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the extension of quantized regression for one AR signal embedded in noise to multiple

quantizer levels. Other improvements will be listed for clarity.

Some typing errors and concept errors in the Ziskand and Hertz (1993) paper have been
corrected. These will be presented in subsection 7.2.3.

The stopping criterion of the iteration loop is a trade-off between accuracy and
computation. In Ziskand and Hertz (1993), the number of iterations was specified
according to different occasions judged by the researchers. Here, the criterion that the
innovations form of Log Likelihood function be stable is used.

The model order was assumed to be known in Ziskand and Hertz (1993). Here, the model
order m is determined objectively by the Akaike Information Criterion (AIC). This will be
presented in subsection 7.3.1.

The method has been used to determine the practical default settings for parameters such as
the ensemble length of the test data necessary to this algorithm.

Simulation examples and experimental data have been used to demonstrate the superiority

of this algorithm compared to other methods.

7.2 Quantized regression (QR) algorithm

Quantized autoregressive time series are the subject of this work. The problem statement of the

algorithm is given in this section. Key elements of the algorithm are then described.

Improvements are described in detail at the end.

7.2.1 Problem description

The time series (7.1) is rewritten in state-space form as follows,

S(n)=¢-S(n—-1)+w(n) (7.2)
x(n)=h-Sn)+v(n) (7.3)
z(n) = g(x(n)) (7.4)

where S(n) = (s(n—m+1),--,s(n))" is a state vector, and
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0 1

a .. . a2 al

m

is the transition matrix. In this matrix, elements in the last row a,,a,,...,a, are the

autoregressive coefficients,

h is the observation matrix & =[5, ]

h =1, l=m
: {h, =0, otherwise
w(n)and v(n) are all white measurement noise, with mean zero and variance O':,, 0'3
respectively. v(n) is generally termed the observation noise. More importantly, they are
assumed to be independent from each other.
{z(n)} :I=1 are the quantized measurements of the process, and
{x(n)} 2‘;, are the N samples from an autoregressive process

g s the non-linear quantizer function whose input is the AR signal plus noise.

In standard textbooks (for example, Shumway and Stoffer, 2000), (7.2) is named the state

equation and (7.3) is called the observation equation.

Problem statement

The quantization interval is the distance between quantizer levels. A uniform quantizer refers to
a quantizer that has the same quantization interval. The quantizer used in this chapter will be a
uniform quantizer (even though the algorithm is suitable for both uniform and non-uniform

quantizers, from 1 bit to 12 bit). The problem is to determine the model order, m, to estimate

the AR coefficients a,,a, ,...,a,, and to recover the underlying signal {s(n)}", .

7.2.2 Key elements in the QR algorithm
Kalman filter

When the system is rewritten in state-space as in (7.1) and (7.2), the practical aim is to estimate

the underlying unobserved s,, given the data x, = {x,, x,,...,x, } .
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o If n<t, the problem is called forcasting or prediction.
e If n=t, the problem is called filterting.

e If n>t, the problem is called smoothing.

Kalman filter gives the filtering and forecasting equations. The advantage of the Kalman filter
is that it specifies the updating from s/ to s/ once a new observation x(n) is obtained. It
does not need to reprocess the entire data set {x,, x,,..., x, }. For the sytem described by (7.1)
and (7.2), when the initial conditions have been given, such as mean i = sg and covariance
2o = POO, the Kalman filter for ¢ =1,2,...,n will be given without proof. The textbook by

Shumway and Stoffer (2000) gives a detailed description.

s =5 (7.5)
P =¢P" 9" + o} (7.6)
K, =P"'h"[hPLAT + o] (7.7)
si =5+ K, (x,—hs™) (1.7)
P' =[1-K,hP"" (7.8)

Where K, is called the Kalman gain, P,r is the conditional error covariance.

Gaussian Fit

The ‘Gaussian Fit’ algorithm was proposed in Curry (1970) for a discrete-time nonlinear filter
that recursively fits a Gaussian distribution to the first two moments of the conditional
distribution of a state vector. The scheme is based on the assumption that the conditional

probability density function of the state s(r)given the quantized measurements z(n)is

Gaussian, i.e.

flsm)iz, )~ NG, P (7.9)
The scalar Guassian case is given in the following according to Curry (1970). Each quantized
scalar measurement requires two numbers as the filter input. These numbers are the bounds of

the quantization interval in which the measurement lies. Here a < 7 < b (a<b) is assumed.

The scaling factor can be calculated by
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a—-x

Eﬁ—a—)l (7.10)

P(z€ (a, b))——[e'f( ) —erf(

21/2

where erf{X) is the error function for each element of X. X must be real. The error function is

defined as:
erf(x)= —2— ]exp(—-t 3t 7.11)
V7 §

The conditional mean can be calculated by

exp{—%((a—f)/a‘x)z} exp{—%(b—x)/a,)z}

E(x(n)! 2. )= x -
(m)iz,) =X+ o) (27" )"

(7.12)

The conditional covariance can be calculated by

L OB (@DI0)) o expl-(6-)/0,)?)

N 2 a-Xx _
cov(x(n)}z,) =0, [1+( ) 27)?P(z€ (a,b)) (ax) (27)'"* P(z € (a,b))

1 _
CXP{—%((CI—J_C)/O'X)Z} exp{—a((b—x)/o-x)z}

_ L ( - )]
P(z€ (a,b))? Qn)'? 2m)"?
(7.13)
The OR algorithm

The QR algorithm adopted the EM framework of Dempster et al. (1977). The framework was
further developed in Shumway and Stoffer (1982). The difference between this framework and
the conventional ‘innovations’ likelihood is that the latter only requires the recursions, while
the former requires both forward recursions and backward recursions. Essentially the

framework is multivariate regression calculations (Shumway and Stoffer, 1982). In the new
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algorithm, the end result of interest is the smoothed series and its covariance matrix

sy.pY,pY

n,n-1"

An important note is that the problem stated in subsection 7.2.1 is slightly different from the

generic problem. What can be measured here are the quantized measurements {z(n)} ,',V=, instead

of {x(n)} 2,=1 as usual. This determines the peculiarity that the expectation E(x(n)|z,) is first
calculated through the ‘Gaussian Fit' scheme, and then used to substitute x, as in (7.7).

Similarly, cov(x(n)| z,) is first calculated through the ‘Gaussian Fit’ scheme, and then used

as an additional item added in (7.8).

The Quantization Regression (QR) algorithm is iterative and includes two main conceptual
steps (Ziskand and Hertz, 1993):

Step 1: A modified Kalman smoothing algorithm finds smoothed estimates and their covariance

- N N
matrix s",P" P

n,n-1"

At step n the key calculations are:

s) = s,’,'" +K, (E(x(n))z,)— hs:") (7.14)

P" = P™ — K hP™ +k, cov{x(n)!z,)K, (1.15)

where 57" and P are one step ahead predictions of the state vector and its variance, z, the
sequence of quantized measurements and K, is the Kalman gain. A conventional Kalman
Filter would use the quantized measurement z, directly, but the modified algorithm calculates

the expected value of x(n) given that the quantized measurement falls within the observed
quantization interval. The expectation is computed using the Gaussian Fit approximation

(Curry, 1970). The last term in the calculation for P, captures the inflation in the variance of

the estimate caused by quantization.

Step 2: The likelihood function is maximised by iterative adjustment of the AR coefficients

a,,a,,...,a,, the estimated signal and o2 and o (with information obtained in step (1)).
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7.2.3 Improvement of the algorithm

Typing errors found in Ziskand and Hertz (1993) were corrected as follows where the underline

indicates the altered terms,

K, =P (o) (7.16)
PY =P +J, (PN -P,T (7.17)
AN AnN SIS N AR () o Vi (7.18)

and the loop in the lag-one covariance calculation was for n=N, N-1,..., 2.

The following improvements were made:
(1) 6 was updated during the iteration rather than being taken as known.

(2) The innovative form of the log liklihood function (Shumway and Stoffer, 1982) was used as

a stopping criterion.

1 N n-1\T n-|
zl(z(n)—hsn ) (z(n)—hs,”) (7.19)

1~
A(logL) = —=Y log(c?) —
(logL) 22} g(o;) 207 ;

Iterations stopped when the innovation became small.
(3) The initial variance in the r, iteration was fixed and the state vector was initialised thus:

So(r+1)=8¥(r).

7.2.4 Matlab implementation

Based on the description above, the modified QR algorithm is listed mathematically in

Appendix A. The algorithm was implemented in Matlab.

7.3 Use of the QR Algorithm

Determination of the model order is described first. Then the method to determine ensemble
length is briefly presented. Emphasis is given to the comparison of another two methods with
QR. The performance measure used to measure the quality of fit (degree of recovery of the

underlying signal) is given at the end.
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7.3.1 Determination of model order

Determining the order m of an autoregressive process is very important. One approach to fit AR
process of progressively high order, is to calculate the sum of squared errors (SSE) for each
value of m, and to plot this against m (Chatfield 1989). It may be possible to see the value of m
where the curve flattens out such that SSE becomes insensitive to increasing m. However, this
method does not work here since the aim is to recover the underlying signal, not the quantized

observation.

Another approach, especially in the context of maximum likelihood estimation (MLE), is to use
Akaike Information criterion (AIC) to determine model order. For the incomplete (missing)
data problem, because the EM algorithm utilizes complete-data tools, it may be more
convenient to determine model order m based on complete-data quantities rather than

analogous incomplete-data quantities.

The complete-data log likelihood can be computed as follows (Ziskand and Hertz, 1993;
Shumway and Stoffer, 1982).

log (66, = —%ln|2| —-;—tr{E_] [Py +(sg —t)(sg =)' ]}

- —ﬁ[(c,-)(m,,,,) (B ony ) =By B s + Funs Din 1} (1200
~ Mo - S e ~ s Xam) ~ ks )T + P AT
2 O n=l
where
B, = g{Pnﬁ,_, +s¥(sM)T) (7.21)
C, = g{Pn” +s0(s))"} (1.22)
D, = ${BY +sM ()T (1.23)

n=|

and Y =P, IZI means determinant of Y., x4 = s, tr{ } means matrix trace.
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AIC can be calculated by

AIC = 2log L(86,) +2m (7.24)

where m is the model order. The model order is the value of m where the largest decrease

occurs.

7.3.2 Determination of ensemble length

Theoretically, the variance—covariance matrices for parameters should be known to determine
the simulation ensemble length for the QR algorithm. This is not available in the EM algorithm
unless SEM is used (Meng and Rubin, 1991). Here different lengths were used in the
simulation (details can be referred to in sections 7.4 and 7.5) where the quantizer input is a unit
amplitude sinusoid wave with a certain quantization interval, to show the influence of ensemble

length.

7.3.3 Methods for comparison — LLS method and Kalman smoothing method

The QR method will be compared with two other methods for recovery performance. One
method was a one-step linear least squares estimate (LLS) of the AR coefficients. The AR

process (7.1) is rewritten in matrix form

s(n) sn=1) - - - s(n-m) Y q e(n) )

s(n-1) s(n-2) - - - sn-m-1)| a, e(n-1)
= . . - |+ . (7.25)

s(m+1) s(m) - - s()  Aa, e(m+1)

It can also be written as:

Y=X-a+e (7.26)

The parameter estimates can be found by solving the simultaneous linear equations
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X"Y=X"-Xa (7.27)
The AR coefficients are given by

a=(X"-X)"-x"-Y (7.28)

The above calculation coincides with the Linear Regression approach in Desborough and
Harris (1992) using a one-step prediction. It was also used in Thornhill et al. (1999) where the

adverse influence of quantization was noted.

The other method, termed Kalman smoothing, used the same formulation as the QR algorithm

but without the Gaussian Fit step. The Kalman smoother equations became:

st = s,','_l +K,(z(n) - hs,’:") (7.29)

n

Pr =P - K P (7.30)

7.3.4 Performance Measure
When a model has been fitted to a time series, it is advisable to check whether the model does

provide an adequate description of the data. The multiple coefficient of determination R’

(Scheafter and McClave, 1995) was used to determine the quality of the fit.

N
> (y(n) - $(n))?
R*=1-12 =1—SSE (7.31)

>: ) -5m)*  SS»

where (n)is the reconstruction of a true underlying signal y(n) and ¥ is its mean. R* =0

implies a complete lack of fit of the model to the data, and R? = 1 implies a perfect fit, with

the model passing through every data point. In other words, the larger the value of R?, the

better the model fits the data.
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7.4 Simulation and Experimentation

In this section, simulation examples and experimentation data will be used to demonstrate the

goodness of the algorithm.

7.4.1 Simulation Examples

In this subsection, different simulation cases were designed for different purposes:

o Case | is designed for the model order determination.

e Case 2 is designed for the determination of ensemble length.

o Case 3 is designed to see whether the algorithm is robust under different initial conditions.
o Case 4 is designed to compare the QR algorithm with other methods in recovery

performance.

e Case 5 is designed to see the recovery performance under different quantization intervals.

A unit amplitude sinusoid wave (contaminated with noise or without noise) with quantization
interval 0.5 was widely used in the simulation example (repeatedly referred to as the unit
amplitude sinusoid wave later). Therefore, the signal used just five quantizer levels and was
coarsely quantized. The sine wave had a period of 51.2 samples. The value was selected so that

10 cycles used 512 samples (a power of 2).

Case 1: Determination of Model Order

The unit amplitude sinusoid wave was passed through a quantizer with quantization interval
0.5. The quantized measurements were used to test the algorithm. The simulation data
ensemble length used is N = 1440. Similarly, the unit amplitude sinusoid wave contaminated

with white noise (signal to noise ratio is 1 to 1) was applied for another test of the same type.

Case 2: Determination of Ensemble Length

The unit amplitude sinusoid wave was passed through a quantizer with quantization interval
0.5. The quantized measurements were used to test the algorithm. Different numbers of the
quantized measurements were used in the different simulations to show the influence of

ensemble length.

Case 3: Robustness of the Algorithm

The unit amplitude sinusoid wave was passed through a quantizer with quantization interval

0.5. The quantized measurements were used to test the algorithm. The simulation data
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ensemble length used is fixed N = 1440. But an initial condition was changed from the standard

condition in each test.

Case 4: Comparison with Other Methods in Recovery

The unit amplitude sinusoid wave was passed through a quantizer with quantization interval
0.5. The quantized measurements were used to test the algorithm. Similarly, the unit amplitude
sinusoid wave contaminated with white noise (signal to noise ratio is 1 to 1) was applied for
another test of the same type. As described in subsection 7.3.3, QR algorithm was compared
with both the Linear Least Square (LLS) method and the Kalman smoothing method (the same

formulation as the QR algorithm but without the Gaussian Fit step).

Case 5: Influence of the Quantization Interval

The unit amplitude sinusoid wave was passed through a quantizer with a range of quantization
intervals (from 0.1 to 1.0 with increment 0.1). The quantized measurements were used to test
the algorithm. Similarly, the unit amplitude sinusoid wave contaminated with white noise
(signal to noise ratio is 1 to 1) was applied for another same test. As described in subsection
7.3.3, the QR algorithm was compared with both the Linear Least Square (LLS) method and

the Kalman smoothing method.

7.4.2 Experimentation

The measurements were from the transient response of the pH control in a buffered fed-batch
yeast fermentation process. The A/D converter of the pH probe quantized them. The aim of the

analysis was to recover the underlying smooth transient response of the fermenter pH.

7.5 Results and Discussions

Results from the simulation examples and experimentation data are presented in this section.

The discussions are based on the corresponding results.

7.5.1 Simulation examples

Results from the simulation examples and the discussions based on the results are presented in

this subsection case by case.
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Case 1: Determination of Model Order

The result for the unit amplitude sine wave with quantization interval 0.5 is shown in the left
panel of Figure 7-1. Correspondingly, the result for the unit amplitude sine wave contaminated
with white noise (signal to noise ratio is 1 to 1) with quantization interval 0.5 is shown in the

right panel of Figure 7-1.

The theory described in subsection 7.3.1 is that the model order is the value of m where the
largest decrease occurs. Obviously, m = 2 in the former case and m = 5 in the latter case should

be an appropriate choice from Figure 7-1.

Model Order m

Figure 7-1 Model order determination for a sine wave with quantization interval 0.5 (left) and

for a sine wave contaminated with white noise with quantization interval 0.5 (right)

Case 2: Determination of Ensemble Length

The unit amplitude sinusoid wave used had a period of 51.2 samples. Using the method of

backward differencing the sine wave sin(272/51.2) can be expressed as a two term AR series:

y(n) =1.990y(n—1)-0.998y(n - 2)

Therefore, the QR algorithm is required to give a model with m =2 and coefficients

a, =1.990 and a, =-0.998. The AIC (Case | above) indicated that the optimum model
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order for the AR time series was indeed m = 2. The QR algorithm was used to reconstruct an

AR model with two terms and the results were a, =1.977 and a, = —0.993.

When different lengths were used in the simulation, the results changed slightly from test to

test. The results are listed in the following Table 7.1.

The choice of ensemble length can be regarded as a trade-off between narrow confidence limits

for estimates and loss of information (Desborough and Harris 1992).

Ensemble Length a, a, R?

N=1440 1.977 -0.993 0.9981
N=1280 1.979 -0.994 0.9981
N=1024 1.977 -0.992 0.9980
N=1768 1.974 -0.989 0.9979
N=512 1.968 -0.984 0.9977
N=256 1.952 -0.968 0.9976

Table 7.1 Test Results for the influence of ensemble length

From Table 7.1, in this example a data ensemble length of 800 gave errors compared to the true
values of about 1% in each of the AR coefficients; therefore, it is recommended that the data

ensemble length be at least 800 samples.

Case 3: Robustness of the Algorithm

The results as well as the changed initial conditions for different tests are listed in Table 7.2.

Condition Change Results Maximum Errors
Standard AR=-0.9925 1.9772 Standard

Q(0) =100 AR=-0.9925 1.9772 0.0000

R(0) =100 AR=-0.9925 1.9772 0.0000

Q(0) = 100; R(0) = 100 AR=-0.9925 1.9772 0.0000

V()= ¢ (0 o ())’ AR=-0.9925 1.9772 0.0000
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AR=-0.9924 1.9771 0.0001

s=(0 .. o) AR=0.9925 1.9772 0.0000

Table 7.2 Test Result for initial condition influence

The results in Table 7.2 show that the QR algorithm is robust. It is nearly insensitive to any

initial condition change.

Case 4: Comparison with Other Methods in Recovery

The QR algorithm was used to reconstruct an AR model with two terms and the results were
compared with the reconstruction of m = 2 AR models using Kalman smoothing alone and the
one-step linear least squares estimate. The recovery ability is compared in the left panel of
Figure 7-2, where it can be seen visually that the QR algorithm provided the best reconstruction

of the underlying sine wave. The results with the LLS method were the least satisfactory.

The estimated AR coefficients and R? values were:

QR: a, =1977,a, = 0.993, R* = 0.998
Kalman: a, =1.276,a, =-0.304, R? =0.996
LLS: a, =0.982,a, = —-0.018,R* =0.968

The QR algorithm recovered both coefficients with less than 1% error from the true values,

while the LLS coefficients had large errors and could only achieve a model that stated the next
sample would be almost the same as the previous sample because @, =1 and a, is nearly zero.
Kalman smoothing without the Gaussian Fit step gave an intermediate result with the model
coefficients in error by 36% and 70%. It is concluded that the major benefit of the QR
algorithm with coarsely quantized data is the expectation step using the Gaussian Fit

approximation.

The noisy unit amplitude sine wave with a signal to noise ratio of 1:1 was used as a second test
signal into the quantizer input. Application of AIC indicated a model order of 5 or 6 for the QR
algorithm and 6 for Kalman smoothing. The recovery ability of the three methods for m =6 AR

models is compared in the right hand panel of Figure 7.2. The QR algorithm and Kalman
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smoothing provided good reconstruction of the underlying sine wave and both were superior to

the LLS reconstruction which provided less filtering of the noise. The R? values were:

QR: R? =0.981, Kalman: R*> =0.978,LLS: R*> =0.764

Ny L

L =i

() gy ;

(6) b (6) PN 4

0 20 40 60 80 100 0 20 4;0 60 80 100
time/sample intervals time/sample intervals

Figure 7-2 Reconstruction of a sine wave from quantized samples (left) and noisy quantized
samples (right). (a): the sine wave signal; (b) the quantized signal; (c) reconstructed with QR;

(d) reconstructed with Kalman smoothing; (e) reconstructed with LLS.

Case 5: Influence of the quantization interval

Figure 7-3 compares the R?> measure across a range of quantization intervals. The left panel
shows the results for the quantized sine wave signal using AR models with model order m=2.
The uppermost trend is for the QR algorithm, the lowest for the LLS algorithm and the Kalman
smoothing algorithm is in-between. As was suggested by Figure 7-2, the Gaussian Fit element
within the QR algorithm gave benefits over and above its Kalman smoothing component. The
benefit increased as the quantization interval increased. The right hand panel of Figure 7-3

shows the reconstruction performance of the quantized noisy sine wave using AR models

withm = 6. The R? values for Kalman smoothing and QR were almost identical in this case,
and both gave improvements over the LLS method. Thus when the unquantized signal included
white noise, no matter what the quantization interval was, the recovery was contributed by
Kalman smoothing. It is concluded that the benefit of the Gaussian Fit to the QR algorithm

reduces as the influence of quantization reduces relative to the noise.
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Figure 7-3 Reconstruction performance for a sine wave from quantized samples (left)
and noisy quantized samples (right). QR: squares; Kalman smoothing: circles; LLS
diamonds.

For coarsely quantized signals, the QR (quantized regression) algorithm can recover the
underlying signal from quantized observations better than the LLS (linear least squares)
algorithm, as measured by the R? values. The fundamental reason behind the phenomenon is
that QR algorithm based on the Gaussian Fit algorithm and Kalman smoothing can recover
some nonlinear parts from the quantized observation, while the LLS algorithm assumes the

quantizer has a fixed input-output relationship.

The performance of Kalman smoothing (the same formulation as the QR algorithm but without
the Gaussian Fit scheme) was also superior to that of the LLS method. When the effects of
quantization were dominant, the performance of the QR algorithm was significantly better than
that of Kalman smoothing alone. When the underlying signal was noisy, however, the
performances of the QR and Kalman smoothing algorithms were similar. Therefore it is
concluded that the Gaussian Fit scheme offers the most improvement when quantization is
severe, but that when noise is predominant the majority of the benefit is due to Kalman

smoothing.

7.5.2 Experimentation

Figure 7-4 shows the behaviour of the QR, Kalman smoothing and LLS algorithms with pilot

plant measurements. The measurements are from the transient response of the pH control in a
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buffered fed-batch yeast fermentation process (provided by W.S.Seng and N.Thomhill in the
Department of E&E Engineering in University College London). They were quantized by the
A/D converter of the pH probe. The aim of the analysis was to recover the underlying smooth
transient response of the fermenter pH. The closed loop under proportional-plus-integral
control of the process has dominant under-damped complex conjugate poles and therefore the

AR time series should have m = 2. The s-plane poles are s = —0.025+0.108; corresponding
to damped oscillations with a period of 58 samples and an exponential time constant of 40

samples. These s-plane poles map to z-plane poles at z =0.969+0.105; .

A
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° \\'4

(c) Y\ -2 4

(d) %ﬂ%r

0 50 100 150 200
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Figure 7-4 Reconstruction of quantized plant data. (a) quantized trend from plant; (b)

reconstructed using QR; (c) using Kalman smoothing; (d) using LLS.

Application of AIC to the QR algorithm indicated that the model order should indeed be

m = 2. The reconstructions of m =2 AR models using QR, Kalman smoothing and the LLS

methods are shown in Figure 7-4. It was not possible to determine the R? values because the
true underlying signal was not known. A quantitative comparison of the z-plane poles shows

the QR algorithm has achieved the correct reconstruction because the AR model was:

y(n) =1.914y(n—1)— 0.934y(n - 4)

which has z-plane poles at z = 0.957 £0.090; . These poles are near those of the closed loop

process and it is concluded that the AR coefficients determined by the QR algorithm captured

the under-damped oscillatory behaviour of the pH response. The other models were:
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Kalman: y(n)=1210y(n-1)-0.23y(n-2)
LLS: y(n) =0.972y(n—1)+0.008y(n — 2)

both of whose z-plane poles are real. These recovered AR time series have no oscillatory
behavior of their own and the reconstructions appear oscillatory only because they are driven

by the experimental data.

QR reconstruction of a transient response signal from experimental plant data gave an AR
series of the correct order and with z-plane poles close to the true values. It can be concluded
that QR reconstruction has the capacity to be useful in the accurate reconstruction of

autoregressive time series from quantized process data.

7.6 Conclusions

From the theory, simulation examples and experimentation presented in this chapter, the

following conclusions can be reached.

¢ The Quantized Regression (QR) algorithm itself is robust. The result from the algorithm is
insensitive to different initial conditions.

e It is recommended that the data ensemble length be at least 800 samples for consistent
estimation when this algorithm is used.

¢ Akaike Information Criterion (AIC) is a reliable measure to determine model order.

e  When the QR algorithm is compared with the LLS (linear Least Square) method and the
Kalman smoothing method (the same formulation as the QR algorithm but without the
Gaussian Fit scheme), simulation examples and experimentation support the following
conclusions:

¢ The QR algorithm can recover the underlying signal from quantized observations better

than the LLS algorithm, as measured by the R? values, no matter when the effects of
quantization were dominant or when the underlying signal was noisy. The fundamental
reason behind the phenomenon is that QR algorithm based on the Gaussian Fit
algorithm and Kalman smoothing can recover some nonlinear parts from the quantized
observation, while the LLS algorithm assumes the quantizer has a fixed input-output

relationship.
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e When the effects of quantization were dominant, the performance of the QR algorithm
was significantly better than that of Kalman smoothing alone. When the underlying
signal was noisy, however, the performances of the QR and Kalman smoothing
algorithms were similar. Therefore it is concluded that the Gaussian Fit scheme offers
the most improvement when quantization is severe, but that when noise is predominant

the majority of the benefit is due to Kalman smoothing.

7.7 Relevence to the closed-loop identification with quantized data
The aim of the thesis is the identification of the dynamics of a controlled system from closed-

loop quantized data. The quantization error is equivalent to an external excitation. Therefore,
recovery of the underlying signal from the quantized measurements is an attractive idea. From

the descriptions in this chapter, the QR algorithm was implemented successfully.

On the other hand, the QR algorithm needs many iterations because it is based on the EM
(Expectation-Maximization) framework, which can guarantee convergency but at a slow
convergence rate. This means a lot of computation. This makes the QR algorithm difficult to
use on-line. Thus, the QR algorithm was not in the end used in the closed-loop identification

procedure.
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CHAPTER 8

CONCLUSIONS & RECOMMENDATIONS

This chapter summarises the main conclusions presented in this thesis. The

recommendations for future research on this topic are also pointed out.

8.1 Conclusions

8.1.1 Closed-loop identification (CLID) based on quantization

The thesis has shown that it is feasible to identify the dynamics of an open loop system

from closed loop data by means of a quantizer inserted into the feedback loop.

The conclusions are as follows:

e When quantization interval changes from small to large, the power in the quantization
error signal changes from small to large, while the bandwidth of the quantization error
on the frequency axes changes from wide to narrow, the nonlinearity of the
quantization error also changes from small to large. This provides the basis for the
theory of closed loop identification based on quantization.

e When the quantization interval is ‘small’, closed-loop identification with external
excitation (i.e., the two-stage method by Van den Hof and Schrama, 1993 and/or the
two-step method by Huang and Shah, 1997) can be used. When the quantization

interval is ‘large’, relay-based identification (i.e. Wang et al., 1997) can be used. Here,

‘small’ means the quantization interval is in the range from 0, to 20, where 0 is
the standard deviation of the process output or, more accurately, from 1.150,, to
1.950,, where o, is the standard deviation of the minimum variance for the
process output; ‘large’ means the quantization interval is above 40, .

¢ In the context of closed-loop identifiability, when the quantization interval is ‘small’,
the quantization error is equivalent to a persistently exciting external excitation. When
the quantization interval is ‘large’, nonlinearity is dominant in the quantiization error.
The concept of strong system identifiability requires either one of these conditions to be
satisfied. Therefore, closed loop identification based on quantization is enabled in both

regimes.
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Simulation examples and experimentation support the new theory. For example, a pilot
plant experimental apparatus is used to validate the theory of closed loop identification
based on quantization which is presented in Chapter 5 and Chapter 6.

The insights from simulation examples and experimentation are that for minimum
disruption to the closed-loop system, relay-based identification is recommended for
“small” noise; otherwise, closed-loop identification with external excitation is
recommended for “large” noise. Here, “small” means variance of the process output
smaller than 0.1 on a 4 — 20 mA scale; “large” means variance greater than and equal to

0.1 on a4 — 20 mA scale.

Figure 8-1 summarises the above findings.

-«
Less disturbance

>

Nonlinearity from small to large

More excitation
qi=0 qi=1.150 4y qi=1.950 4y qi=4 0,

| ] ] | »

gi small gilarge
CLID with external excitation Relay identification

CLID

Figure 8-1 CLID methods suitable for different quantization interval (qi)

The benefits of the proposed CLID scheme based on quantization are as follows:

Compared with the CLID with external excitation method, there is no requirement for
special design of an external excitation. Rather, the quantization interval is adjusted.
The quantizer can be implemented by hardware or by software. When the identification
is completed, the quantization interval is made negligibly small.

Compared with the relay-based identification proposed by Astrom and Higglund
(1984a and 1984b), this scheme does not need to switch off the controller. Therefore,
there is no need for a bumpless transfer scheme and the loop is still under the control of
the original controller. Welsh and Goodwin (1999) have previously highlighted this

advantage.

The publications closest to this thesis are the papers Goodwin and Welsh (1999) and Welsh

and Goodwin (1999). This section draws a comparison and highlights the advances on their

work.
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The proposed scheme in this thesis does not require the injection of external excitation.

The quantizer provides excitation on both occasions (the quantization interval from o,

to 20, and the quantization interval above 40 ). By contrast, Welsh and Goodwin

(1999) need to inject excitation at a specific frequency to aid the identification.

The thesis defines the quantizer in a coherent way with three parameters: quantization
interval, quantization level and hysteresis width. The two kinds of special quantizers
defined in Goodwin and Welsh (1999) and Welsh and Goodwin (1999) are special
cases of the new definition.

The proposed scheme recommends different methods suitable for different quantization
intervals. When the quantization interval is small, the quantizer can be used to generate
a persistently exciting signal. The two-stage method by Van den Hof and Schrama
(1993) or the two-step method by Huang and Shah (1997) can be used directly. When
the quantization interval is large, the quantizer acts like a relay. The relay-based
identification method by Wang et al. (1997) can then be used. In Goodwin and Welsh
(1999), a nonparametric DFT method was used for identification, while in Welsh and
Goodwin (1999), the traditional frequency response method was used for identification.
The benefits of the methods proposed here are that the two-step and/or two-stage
method need small signal-to-noise ratio and that the two-step and/or two-stage method
and the relay-based identification method are practical.

The proposed scheme inserts a quantizer in the feedback path, just like a new analogue
to digital converter (A/D). Goodwin and Welsh (1999) and Welsh and Goodwin (1999)
placed the quantizer after the controller and before the process, just like a digital to
analogue converter (D/A). The advantage of the proposed scheme is that it is easier to
implement since the quantization interval depends on the analysis of the process output

(as presented in the procedure in subsection 5.1.2 and 5.1.3).

8.1.2 Comparison of two categories of CLID methods

The thesis has also compared the advantages and disadvantages by doing case studies (as

presented in Chapter 3) on different relay-based identification methods and closed-loop

identification with external excitation methods. The main conclusions are as follows:

e Closed-loop identification with external excitation

Closed-loop identification with external excitation shows that information of the process

over a range of frequencies can be identified and that accurate estimates can be obtained

even for small signal-to-noise ratio. It was found that a priori information on the critical

199



CHAPTER 8 CONCLUSIONS AND RECOMMENDATIONS

frequency of the identified system is required for the design of the persistently exciting
signal.

e Relay-based identification

The sustained oscillation required by relay-based identification can be implemented
automatically. Therefore, no a priori information on the critical frequency of the identified
system is needed. The controller must be replaced by a relay, which means disruption to the

control system.

8.1.3 Quantized signal recovery

Chapter 7 of the thesis is concerned with quantized signal recovery. Quantized signal
recovery is the determination of the true continuous signal from the quantized signal. It is
relevant and important because the quantization error is used to substitute an external

excitation.

The Quantization Regression (QR) algorithm is based on Ziskand and Hertz (1993). It is a
combination of the ‘Gaussian Fit" scheme of Curry (1970) with the expectation-
maximization (EM) algorithm of Dempster et al (1977). From the theory, simulation
examples and experimentation presented in Chapter 7, the conclusions are as follows:

e The Quantized Regression (QR) algorithm is effective in quantized signal recovery. It
was found that the algorithm is robust in recovering quantized signal and is insensitive
to different initial conditions. The data ensemble length should be at least 800 samples
for consistent estimation when this algorithm is used (the details are presented in p190
of this thesis). The model order may be reliably determined from the Akaike
Information Criterion (AIC).

e The QR algorithm is compared with the Linear Least Square (LLS) method and the
Kalman smoothing method (the same formulation as the QR algorithm but without
Gaussian Fit scheme) in the performance of reconstruction from the quantized signal.
The QR algorithm can recover the underlying signal from quantized observations
better than the LLS (linear least squares) algorithm. The fundamental reason behind the
phenomenon is that the QR algorithm, which is based on the Gaussian Fit algorithm
and Kalman smoothing, can recover some nonlinear parts from the quantized
observation, while the LLS algorithm assumes the quantizer has a fixed input-output
relationship.

When the effects of quantization were dominant, the performance of the QR algorithm
was significantly better than that of Kalman smoothing method (i.e. QR without the
Gaussian Fit scheme). When the underlying signal was noisy, however, the

performances of the QR and Kalman smoothing method were similar. Therefore it is
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concluded that the Gaussian Fit scheme offers the most improvement when
quantization is severe, but that when noise is predominant the majority of the benefit is

due to Kalman smoothing.

8.2 Future research directions

There are many open issues in the use of a quantizer for identification. Three possible

developments are discussed below and the potential advantages are explained.

8.2.1 Sampling rate change

In this thesis, the influence of the quantization interval in the inserted quantizer has been
studied extensively. The influence of the sampling rate in the inserted quantizer also needs

to be explored. The way is to use a different sampling rate for the inserted quantizer, i.e. if

the sampling rate for the quantizer input is 7|, the sampling rate for the quantizer output

could be 2T, 3T, or any other integer multiple of 7. It has been observed empirically

that changing the sampling rate alters the bandwidth in the frequency domain. The benefit
of changing the sampling rate is that it may provide another design parameter in the quest
for a persistently exciting signal required for the closed loop identification. Therefore,

adjustment of the sampling rate could provide a way forward for closed loop identification.

8.2.2 Different method for identification
The hot topic in the identification literature (Van den Hof and Schrama, 1995) is joint

identification and control. The dual Youla parameterization method, which belongs to the
indirect approach in the context of closed loop identification, could be a better choice than
the two-stage or two-step method currently used. The main advantage of the dual Youla
parameterization method is that the obtained estimate of the process is guaranteed to be

stabilized by the controller, which clearly is an attractive feature (Forssell and Ljung, 1999).

8.2.3 The QR algorithm

As explained in subsection 8.1.3, quantized signal recovery is relevant to the theme of this
thesis. The QR algorithm was implemented successfully but was not in the end used in the
closed-loop identification procedure because its large computational requirements make it
difficult to use on-line. At present, the quantization error used for closed loop identification
is defined to be the true unquantized signal minus the quantized signal. In the future,
attempts should be made to speed up the QR algorithm to make it acceptable to use on-line.
Thus, the recovered signal from the QR algorithm minus the quantized measurements forms

the quantization error, which can be used for closed loop identification.

201



APPENDIX

Appendix A
The QR (Quantized Regression) algorithm

% The purpose of the QR algorithm is to find the underlying continuous signal from the
% quantized measurements. The initialization conditions are given at first. Then the

% algorithm enters a loop for iterative calculation. Inside the loop, the first step is named
% E-step because the conditional expectation E(x(n) | z,) is calculated. The second step is

% named M-step because the complete-data log likelihood is maximized. At the end of the
% loop, the stopping condition is judged to determine whether the program should exit the

% loop.
A.I Initialization

r=0 s, B, $(0), Q(0), R(0)
% r =0 means the algorithm is at the start. Initial conditions include & = sJ, the mean of

% the initial state vector and Zo = Poo , the covariance of initial state estimate, ¢(0) the

% transition matrix in which elements in the last row are the autoregressive coefficients

% (refer to p178), Q(0) the variance of the model noise (refer to formula 7.2) and

% R(0) the variance of the observation noise

A.2 E-step

% This step is named E-step because the conditional expectation E(x(n)| z,) is calculated,
% in which a modified Kalman smoothing algorithm finds smoothed estimates and their

% covariance matrix s ,P" P" . This step includes Prediction and Filtering,

nn-l"
% Smoothing, Lag-one covariance.

% Prediction and Filtering

For n=1,2,....N
sit = g(r)siy

% the calculation of the one-step predictor s,','_l of the state vector by the

% forward recursions

P = ¢(r)P¢" (r)+0(r)
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% the conditional error covariance P"™' of the state vector

ol =hnP"'W" +o;

n-l1
n

m, = hs
% The ‘Gaussian Fit’ algorithm was proposed in Curry (1970) for a
% discrete-time nonlinear filter that recursively fits a Gaussian distribution
% to the first two moments of the conditional distribution of a state

% vector.Evaluate with ‘Gaussian Fit’ scheme
2 7 2
erf (x) = —— j exp(—t>)dt
N7 §

% erf(X) is the error function for each element of X

1 b—Xx a—x
P(z€ (a,b)) = ‘2-[606(572-07‘) —e"f(?,}?)]
% the scaling factor which means Prob(x(n)e Alz ,_,), the conditional
% probability density function of x(n) given z ,_,

exp{—%((a -x)/0,)%} exp{—%(b—f)/ax)z}
- ]

] =X O«
E(x(n)lzn)_x+ P(Ze (a,b))[ (2”)1/2 (2”)”2

% E(x(n)|Z ) is the conditional mean

- D= (@-D0)) o expl->(b-D/0,))

Ly 2 a-x _
covixmiz) =0t ) e @by o) n) " P(e (ab)

X

xp(-3 (@010} expl-—(G=)/0,)")

1 2
TPae @by @m)'"? @2m)" ]
% cov(x(n)| Z, ) is the conditional covariance
k,=P''h"(c})" % the Kalman gain
st=s"" 4k (E(x(n)|z,)—m,)
B =tk
P" =P" +k, cov(x(n)|z, k]
end
% Smoothing
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For n=N,N-1,...,1
Jon =BT ()P %
sN o=s 4T (Y —g(r)sT) % the smoothed condition mean
Bl =P5 +J, PV -P™).,

% the smoothed conditional covariance

end

% Lag-one covariance

Py =T —kyh)p(r)Py

For n=N,N-1,...,2
PN =PI g (PN -9 PEDYIL,

n-1,n—- n-1 - n-1

end

A.3 M-step
% This step is named M-step because the complete-data log likelihood is maximized. The

% likelihood function is maximised by iterative adjustment of the AR coefficients
% a,,a,,..,a,, the estimated signal.

N

B=Y PN  +s) -(s))"}

n=1

N
C=>AP" +s) -(s))"}
n=1

N
D= Z{Pﬁl +S,[1V—1 .(S,I'V_I)T}
n=l
¢(r+1)=BD™"
1 A pT
O(r+)=—(C~-BD " B")
N
% Q(r +1) updating of the variance of the model noise (refer to formula 7.2)

R(r+1)= %ﬁj{(z(n)— hs, )z(n)=hs, )" +hB'h"}

n=l
% R(r +1) updating of the variance of the observation noise (refer to formula 7.3)

%Evaluate complete-data log likelihood
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In66,) = _%1n|z| ——%tr{Z" [PY + (! — ) — )T )

N 1
= 3005 Cnm = Binsbins = nsBins + s D]

N
N R-L S0, —ha )y, — ") + PR
2 2R 5
%initial state vector updating

sg(r+l) = sg'(r)

A.4 Stopping condition

r =r+1 and judge whether to exit the loop.

% Here the criterion to judge whether to exit the loop is that the innovations form of
% Log Likelihood function (refer to p184) should be stable (for example, smaller

% than 0.01).
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Appendix B

Uncertainty Analysis for ‘Low-order Modeling
from Relay Feedback (Wang et al., 1997a)’

The aim of this appendix is to provide the uncertainty analysis for the results of the relay-
based identification method ‘Low-order Modeling from Relay Feedback (Wang er al,
1997a)’, which was duplicated in subsection 3.3.3 of Chapter 3 as a case study. In this
appendix, the theory for uncertainty analysis will be cited first. The theory for the relay-
based identification method (Wang et al., 1997a) is then briefly reviewed. Uncertainty

analysis for simulation results then follows. Conclusion is given at the end.

B.1 Theory for uncertainty analysis
The following paragraph is cited from the textbook by Taylor (1997). It will be

used for analysis in this appendix.

Uncertainty in a function of several variables

Suppose that x,..., z are measured with uncertainties 0, ,...,d, and the
measured values are used to compute the function g(x,...,z). If the

uncertainties in x,...,zare independent and random, then the

uncertainty in q is

5q=\/(a—q(5x)2 +--.+(a—q§z)2 (B-1)
Ox dz

(Taylor, 1997:75)

B.2 The theory for the relay-based identification method (Wang et al., 1997a)
The theory for the relay-based identification method ‘Low-order Modeling from Relay

Feedback (Wang et al., 1997a)’ is presented in Chapter 3 (subsection 3.3.1). The most

important formulas are written here again.
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gul+Tu2 y(t)dt

K=G()= B-2
I)Tul+TuZ u(t)dt ( )
g=in-FotHIK-¢ (B-3)
(4o + WK ~ A,
or
=In (Iu_luo)K_g (B-4)
(U= U)K+ A,
19 —
T=T,(n 2uKe” + u K — ukK +5)_, (B-5)
MK + K —€
or
6 — —
T =T, (n 2uKe” — K — uK + € (B-6)
MK — K — €
L=T68 (B-7)

B.3 Uncertainty analysis
From the simulation time trend presented Figure 3-18 (which is reproduced here for

convenience), the following measurements can be obtained from one cycle.

A, =0317£0.001 A, =—0.2080.001
T, =4291£0.001 T, =7.278+0.001

Using the method of Wang et al (1997), the best estimated model is
K=1007; T=10.084; L=1.998
Therefore, the estimated transfer function model is

1.007¢7"2%
10.084s +1

G= (B-8)
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Figure 3-18 Time trends by using the TD1 method

The fractional uncertainties are

84, 0001 _ .. &, _ 0001 _
A, 0317 A, 0208
STy 0001 _ o rner 8T, 0.001
T, 4291 T, 7278

The uncertainty analysis includes four steps as described below.

Step 1: the uncertainty in K

=——=0.0137%

APPENDIX

The gain K is a derived variable, its uncertainty cannot be read directly from the

simulation, but from repeated calculation with formula (B-2).

=——=0.3%

K =1.007 £0.003; oK _ 0003
K 1.007

Step 2: the uncertainty in &

(B-9)
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@ can be calculated from formula (B-3) or (B-4). Here (B-3) is chosen. The uncertainties in

K and A, will contribute to the uncertainty in .

50, |29 éK_l(uowK A, (ﬂo+ﬂ)(A+€)|éK 0.0007 (B-10)
KT | (e 0K —€ (4 + DK AT

50, =254, |+ mE -4, +pK-e) Icm = 0.001 (B-11)
oA [ twK -2 [+ wK-AT|
2 2 96
80 = \[(56,)* +(56,,) =\/(a 5K)? +( dA) =0.0012  (B-12)

Therefore, 6 =0.1999+0.0012

Step 3: the uncertainty in T
T can be calculated from formula (B-5) or (B-6). Here (B-5) is chosen. The uncertainties in

K ,6@ and T, will contribute to the uncertainty in 7.

ﬂ —
St =1 st = |an 2Ke K Z UK E i or 00023 (B13)
a7, MK + u,K —¢€
2uKe® + - 2 +
ST, = aTéK_ 7. (In uKe® + u K —uK + € __ (ue® + uy) |
p) UK + K — € (2,uKe + oK — K + )UK + 1, K — e)l
=0.0222
(B-14)
l’ — —
ST, = i7:’&9: T, (n 2K T KUKt E ), 24Ke” |§0 0.0087
UK + p, K — € QQuKe® + oK — K + )|
(B-15)

I = \/( )’ +(6TK)2+(6T5)2=\/(;— ) ( é‘K) +( 60) =0.0240
(B-16)
T =10.084+0.024
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Step 4: the uncertainty in L
L can be calculated from formula (B-7). The uncertainties in & and T will contribute to the

uncertainty in L.

8, = -aﬁlar =l6|T = 0.0002
JaT
(B-17)
oL
O, =|=—|66 =|T|66 = 0.0121
= (e -1t
(B-18)
OL = \(OLy)? +(IL,)? = \[('gLT—IéT)Z + (%’Je)z =0.0121 (B-19)

L=1.998+0.0121

B.4 Conclusion
From section B.3, the derived variables that construct the identified model and their

uncertainties are summarized in the following.

K =1.007 £0.003

T =10.08410.024

L=1998+0.0121

The conclusion is that the identified model is reliable.
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