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Abstract

Abstract
Closed Loop Identification in the Process Industry. Allthough open loop identification yields
more accurate results in the sense of obtaining an optimal process model, closed loop
identification is preferred for various reasons. For instance for necessity (in case of unstable
processes), validity (in case of nonlinear processes) and perfonnance (in case of optimal
control).
The problem with Direct Identification using closed loop data is that both the process input and
output signals contain a noise tenn due to feedback. This results in extra bias in the estimation.
Closed loop identification methods transfonn the closed loop identification problem into two
open loop identification problems. The process model is then detennined by both identification
results. Common closed loop identification methods are Indirect Identification, Coprime
Factorization, Dual Youla-Kucera and the Two Step Method.
The Two Step Method (TSM) is preferred for several reasons. It is a straightforward solution
in bypassing the closed loop, it is compatible with software used at Aspen Tech, knowledge
about the controller is not necessary.
In the first step of the TSM, the sensitivity transfer is detennined. With this transfer, which
incorporates the closed loop dynamics, a noise free process input signal is constructed. In the
second step the process transfer is detennined with direct identification between this noise free
input signal and the output signal. Because errors in the sensitivity transfer estimate directly
influence the accuracy of the process estimate, the first step in the TSM has to be perfonned
carefully.
If a bias error is present in the sensitivity estimate, it may be corrected using identification by
factorization. The noise-free process input signal is used as an intennediate signal. The Dfactor contains the errors made in the first step. Correction by the D-factor must be considered
carefully since for accurate estimates ofthe sensitivity transfer the D-factor contains noise
characteristics. In this case correction yields inferior models.
The accuracy ofa model is mostly measured in tenns of variance in the estimation. To create
an optimal signal to noise ratio in both steps, it is necessary to use two different data sets which
each provide the signal to noise ratio needed.
This thesis mostly treats the Two Step Method. Bias and variance propagation fonn the first
step to the second step is regarded. Also improvements of the TSM are proposed using
Identification by Factorization and the Double Excitation Method (DEM). The first is used to
detennine the model complexity. The second creates an optimal signal to noise ratio for the
TSM.
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Chapter One

Introduction

Today, identification solely performed for the art of
a
process is not always relevant anymore. Identification is a means
to reach a predetermined goal. This goal may be to develop a
controller which together with the process forms a stable, high
performance, accurate, robust closed loop system. The model is
directly used in the control strategy (Model Based Controllers), or
is used to get insight in the process dynamics. That is why
Identification for Control is a very hot topic.
Identification in closed loop is used for similar reasons. A few
reasons are:
•
Necessity, because of instable processes
•
Validity, because of non-linear processes which have to
operate in a specific setpoint. This setpoint is maintained
easier in closed loop
•
Performance, because the model itself is irrelevant; the
performance in closed loop is more important
This chapter sets an environment in which this Master's project,
Closed Loop Identification in the Process/rldustry, is carried out.
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Closed Loop Identification in the Process Industry

1.1 Aspen Tech Europe
Aspen Tech is world leader on Model Predictive Control
applications. More than 50% of the world's MPC's is in the
hands of Aspen Tech. Aspen Tech optimizes plant operation
with the help of high standard software technology (OMC,
OMCplus, SMCA) resulting in advanced control and closed
loop real time optimization.

This is how Aspen Tech presents itself towards customers. To realize these created
expectations of the customers, technical research and development in cases of Ident~fication
and Control and Chemical Engineering are needed.
Aspen Tech, an American company specialized in Model Predictive Control now consists of
three multinationals:
1.
2.
3.

Aspen Tech
DMC Corporation
Setpoint Ipcos

Aspen Tech Europe (Best-Office) has a close relationship with the Eindhoven University of
Technology. The main advantage is that the technology stays up to date.
1.

Aspen Tech is specialized in Model Based Control, modeling, simulation, closed
loop optimization and real time data based systems.

Industrially apllied state of the art techniques for identification, optimization and controller
Design are still based on open loop experiments.This has several undesired consequences which
will be explained in the following sections. The open loop experiments result in an increased
standard deviation of process outputs yielding more off-spec products Therefore it would be
better if the data could be acquired during a plants normal operation. Identification in this
manner is called Closed Loop Identification.

1.2 Why Closed Loop Identification?
This section treats a general view at Closed Loop Identification in the Process Industry. No
formulas, no hypotheses are postulated.
Why would someone turn to the development of Closed Loop Identification Methods? The
answer is clear. When a plant is running, the controller may not be removed. This could lead to
disasters of great dimension, e.g. the cooling system in a nuclear power plant does not work
properly. A second item is the financial aspect: Every second that the plant does not run
optimally, results in a financial loss for the company.
Plants usually belong to the group of nonlinear systems. An approach to handle nonlinear
behavior of a plant is piecewise linearization. This means that the point of operation, or
setpoint, determines the dynamics of the plant in nominal working area. If the identification of a
nonlinear process is performed under noisy circumstances, the model found is most likely not
the model that suites the linearized behavior in the intended working area, but this model

2
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belongs to another working area. This strongly depends upon the noise characteristics, e.g.
drift, variance
Closed Loop Identification can be used for several major goals:
•
•
•

Process Identification (model of the process G)
System Identification (model of the process G and noise innovation filter H)
Optimal Controller Design

All of the above lead to performance enhancement for old systems that are already in operation,
or new systems that still have to be designed.
The question is: " Why is Closed Loop Identification better than Open Loop Identification? Is it
always better, or is it only usefull in specific situations?" To answer this question, it is
important to keep the various goals (mentioned above) in mind. Many engineers have done
research within this framework. We mention Van der Klauw [KLA, 1995], Hjalmarsson [HJA,
1994], Zhu [ZHU, 1988], Van den Hof[HOF,1993], Gevers [GEV, 1996], and many more. For
optimal control, it turns out that Closed Loop Experiments yield better results than Open Loop
Experiments. For optimal modeling it is best to do open loop loop experiments, [GEV, 1996].
This goes for LTI systems.
However, it is in those situations that a controller is mandatory for process operation, that
closed loop identification is needed. Table 1.1 shows the varinces in the estimations of the
process and noise filter for open loop and closed loop, [GEV, 1996].
table 1.1 Variance expressions under open-loop and closed-loop conditions

var{G N

}

var{HN}

n
N
n
N

cD y
cD u

<

cD y
Ao

<

Closed-loo
n cD y

N cD:

.!!..- cD

y

N Ao

[I

+ cD:)
cD:

n
N
cD u

number of estimated parameters
number of samples
input spectrum

cD:
cD y

noise-free input spectrum
noise spectrum

cD~

noise dependent part of input spectrum

Ao

variance ofe(t) (ZMWN)
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1.3 Environment Settings: MPC
Aspen Tech uses Model Predictive Control (MPC) to control industrial process units. MPC is
a very powerfull tool. It was in parallel developed by a company named Adersa (France) in the
seventies, and by Shell (USA). Major contributions were done by Richalet et al.[RIC, 1978],
and Cutler and Ramaker [CUT, 1979]. The control strategy uses an estimated model based on
the Prediction Error Method, giving the controller full knowledge of the process behavior. It is
well suited for Multi-Variable Process Control.
eft)
(ZMWN)

y

y

Model

+

1\

eN
Quality
Controller

Figure 1.1

Model Predictive Control Environment

A

Figure 1.1 shows the MPC environment. The model M (e N) is obtained form application of
process identification techniques to the input signal u(t) and output signal y(t). Estimations and
A

updates on the model parameter vector eN are obtained by evaluating the filtered error signal
EF. Nowadays parameter estimation is based on Direct Identification (DI). The DI-method
consists of the straightforward application of a Prediction Error Method to the data set {Yt,UdN,
neglecting the presence of feedback.
The process under consideration consists of the actual plant and a set ofPID controllers. These
controllers see to it that the process is stabilized and that the inputs can be manipulated. From
this point on the term "Process" indicates the Plant with additional PID-controllers.
In normal operation, there are two possible reference signals, rl and r2. A one degree of
freedom (feedback-) controller is considered. The noise characteristics are modeled by a noiseinnovation filter with Zero Mean White Noise (ZMWN) at the input.
Since plants are usually MIMO systems, the signals rl, r2, u, y, etc are represented as vector
signals.

4
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1.4 Definition of the Problem
The use of the DI method is clearly not an optimal solution for the identification problem in a
closed loop feedback system. It can easily be seen from Figure 1.1 that the introduced processoutput noise v(t) is directly fed back into the process. This results into correlation between the
input signal u and the noise v. The DI method does not result into accurate, consistent process
models. '
Several techniques have been developed to overcome this problem, e.g (Coprime) Factorization
ii
([Schrama, 1992]), Joint-Input-Output Identification, Indirect Identification , and the Two Step
Method ([HOF, 1993]). All of the techniques mentioned above use transfer estimates between
two signals where one signal is noise-free. For instance:
(Coprime) Factorization:
ID(xHu)
ID(xH y)

= ~}G = ilD- 1
=N

(x is noise-free)

Joint-Input-Output
ID( (;)

H

(~)) = (~:

(T) and e are noise-free)

From this set of techniques, the Two Step Method has been selected as a topic for this Master's
Thesis. This choice was preferred by prof. A.C.P.M. Backx.

1.5 Two Step Method
The choice of the Two Step Method reasonable because the two step method is
•
•
•
•
•

Relatively easy to understand
Fast implementation possibilities
Relatively short computational times
Flexible towards prior knowledge
Compatible with currently used open loop identification software

The Two Step Method bypasses the closed loop configuration directly. This is a great
advantage because now closed loop identification can be seen as open loop identification plus
"additional problems". The main problem of correlation between the input signal and the
output signal is reduced significantly in a simple manner. Therefore: "TIle Two Step Method
promises great profits".

An obvious drawback is that there are two identification steps. This takes twice as much time
as single step identification. However, due to the relative simplicity of the computations, the
total time of identification may be smaller than with other techniques.

a
ii

DI is still used in practice. It turns out that its performance is sufficient. However, from a scientific point of view,
performance increase is certainly possible.
All Closed Loop Identification Methods are "Indirect Methods". The Indirect Method here is discussed in
section 3.2.2.
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A second problem is that the errors that are made in the first identification step directly
contribute to a degradation of the second estimated model.

1.6 This Master's Thesis
This section explains what this M.Sc. Thesis is about.

1.6.1 Overview
This Master's Thesis is called: "Closed Loop Identification in the Process Industry". A lot of
theories have been presented in books, papers, congresses, journals and magazines. However, a
good, solid, robust practicable implementation has not been designed yet. This thesis treats a
mixed theoretical, practical research on Closed Loop Experiments. Several methods will be
mentioned.
The thesis gives insight into the closed loop problem starting from the beginning. The main
topic is the Two Step Method by Van den Hof and Schrama presented in 1993 as: "An Indirect
Method for Transfer Function Estimation from Closed Loop Data", [HOF, 1993]. The error
propagation in the two step is discussed in case of bias and variance errors.
To reduce the errors in the process estimate, attention is going out to reference signal design.
Identification is but a small part of the Industrial Process Control area. It is situated in the tail
part of the project. However, the area of identification itself is very large. So, where does this
Master's Project (Two Step Method) fit in?
In Figure 1.1 a simplified tree is depicted. From the overall subject "identification" restrictions
regarding the research areas are made. The final area contains the Two Step Method,
FIRIARX/OE-Prediction Methods and the Least Squares Method. As said, Figure 1.1 is very
much simplified.

6
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Identification

~~--

.~

Closed Loop
Identification

Process
Estimation

{G}

Two Step Method I
(Indirect)
~

Open Loop ~
Identifcation

System
Estimation
{G,H}

Coprimil
Factorization J

.. _~-~~~-

Noise Filter
Estimation
{H}

Joint InputOutput Identification

...

Prediction
Methods

Figure 1.2

Presentation of the research area associated with this thesis

The Two Step Method transfonns Closed Loop Problems into Open Loop ones. So first of all,
it is necessary to understand Open Loop Identification problems and solutions. After this these
problems and solutions have to be interpreted in tenns of Closed Loop Identification problems.
Finally solutions to the Closed Loop Identification problem have to be considered. Although
there has already been made an enonnous demarcation of the research topic, see Figure 1.2,
this thesis treats not all of the aspects of Closed Loopiii Identification.

iii

Or maybe Open Loop...
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1.6.2 Preliminary Research
To understand the closed loop problems, a study of open loop identification problem is done.
Different model sets and identification techniques have been studied. Chapter Two treats the
open loop identification problem.
For the closed loop identification problem we have to study the various methods mentioned in
section 1.4. The closed loop identification problem is treated in Chapter Three.

1.6.3 Research
The actual research is done in the field of error propagation (bias and variance derivations for
the two step method), alternative two step method and reference signal design (RSD). The
results are presented in Chapter Four and Chapter Five.
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Chapter Two

Open Loop
Identification

This chapter treats the Open Loop Identification Problem. Several
solutions are given together with their advantages and drawbacks.
The idea is to create a solid basis that is needed to overcome the
gap between open loop identification and closed loop identification.
Closed Loop Identification can be seen as open loop identification
and "a little more".

AP. long Tjien Fa
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2.1 General Description of the Open Loop
Identification Problem
Open loop identification is based on a general model consisting of a process Go and a noise
characteristic Ho, as depicted in figure 2.1. Where Go E 1R.Pxm and H o E 1R. pxP .
e(t)

Gl
Vp(t)

~(t:

-----'-'--+' 1.+
-)
u(t)

Figure 2.1

Ho

v(t)
~
+ y(t)
0
J---+

General open loop
configuration

Go is assumed Linear Time Invariant Finite Dimensional (LTIFD) and BIEO Stable (Bounded
Input-Bounded Output). H o is assumed LTIFD, BIEO stable and inverse ElBO stable.
No model restrictions on Go(z) and Ho(z) are made. Consider a general model description:
A(q)y(t)

= B(q) u(t) + C(q) e(t)
F(q)

(eq.2.1)

D(q)

The open loop configuration fits this description for Go(q) =

F(:i~(q)

, Ho(q)

= D(~i~(q)

The process input is denoted by u(t) E 1R.m , and the process output is denoted by y(t) E 1R.p . Both
signals are measurable. The resulting data set ofN samples is denoted as {y(t), u(t) }N. The
disturbances are lumped to the output and are denoted by v(t) E 1R. p . The sequence e(t) E jRP is a
Zero Mean White Noise Sequence (ZMWN).
AlI of the presented signals are assumed quasi-stationary, and zero mean. Also assumed is that
e(t) and u(t) are uncorrelated.
The open loop identification problem may consist of two problems:
1. How to obtain a model G of Go , given {y(t), U(t)}N
2. How to obtain a model {{;, iI } of {Go, H o} given {y(t), U(t)}N
There are two main approaches, namely
1. Nonparametric Identification Methods
2. Parametric Identification Methods

10
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2.2 Nonparametric Identification
Nonparametric Identification results into a large number of parameters. It can come up with the
model of Go only. Because no parameterized structure in the model is assumed, there is only a
small data reduction. Consequently, the variance of the estimate is high. Windowing techniques
are usually applied to smooth the estimate, at the cost of introducing a bias.
In this section several identification methods will be shortly discussed and evaluated.

2.2.1 Time Domain Identification by Correlation Analysis
With correlation analysis in the time domain, an Impulse Response Estimate can be obtained.
The idea is to suppress the noise term by correlating the data with appropriate signals.
Assume a model that can be represented as in (eq. 2.2).

y[ k]

= L go [k ]u[k -

I] + v[k]

(eq.2.2)

1=1

Consider u[k] stationary, zero mean and uncorrelated with v[k]. This means that the crosscorrelation between u[k] and v[k] equals zero.

RuJr) = E{u[k]v[k - r]} = 0 , Vr

(eq.2.3)

What remains is a relationship between the output-input cross-correlation and the
autocorrelation of the input signal.
rf)

Ryu (r) = E{y[k]u[k - r]}

= Lgo [1]Ruf r -I]

, Vr

(eq.2.4)

1=1

Equation 2.4 can be written as

Ru[O]
R,,[ -I]
Ru[I-M]

Ru[I]
Ru[0]

Ru[M -I]

go [1]

R.~'U [1]

Ru[M - 2]

go[2]

Ryu[2]

Ru[2 -M]

Ru[O]

go[M]

Ryu[M]

(eq.2.5)

The number M may be regarded as a finite number when the system is stable. The impulse
weights go [I] are assumed to be zero for I > M.
With knowledge of {y[k], U[k]}N through measurements, the auto-correlation function Ru['t]
and the cross-correlation function Ryu['t] may be constucted. Then a valid estimate of the
impulse response weights is

(eq.2.6)
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with R :: representing the covariance matrix. To solve eq. 2.6,
requires persistence 0.( excitation ofu[k].

R ::

must be invertible. This

The time domain correlation method can also be used for dead-time estimation, or delay.
Dead-time can be handled in two inappropriate ways, namely
1. under-estimation of the dead-time
2. over-estimation of the dead-time
In case of under-estimation of the dead-time, parameters are estimated which in fact are zero,
leading to too few significant parameters in the B-polynomial. For example
N

La/y[k -I] = b3 u[k - 3] + b 2 u[k - 2] + blu[k -1] + bou[k]

a o = I, N

~

3

(eq. 2.7)

1=0

Consider estimation of two parameters of the B-polynomial and a dead-time of two samples.
The dead-time implies that bo and b l are in fact zero, leaving b2 and b3 as the significant
parameters. If the supposed dead-time is zero, the estimation ofb o and b l is carried out. Stated
otherwise: the estimation should result in an estimate of the parameter vector eT = {aj ... aN b2
b3 }. Instead the parameter vector eT = {aj ... aN bo b l } is found with bo and b] almost zero. This
often results in a nonminimum phase behavior of the model, even though the process is
minimum phase. If the first parameters of the B-polynomial are almost zero, the dead time
estimate should be increased. This leads to an increase of the variance.
Now consider over-estimation of dead-time. Referring to (eq. 2.7) and assuming a dead-time of
two samples (implying that bo and b I are zero) the following can be said. If a dead-time of three
samples is supposed, b2 is set to zero, leading to a biased result. There will be compensation by
the other parameters.
Over-estimation of dead-time is worse than under-estimation of dead-time because it is harder
to detect. Dead-time estimation can be done by correlation analysis. When using white noise for
u[k], the cross-correlation Ryu('r) remains zero for 't < d, where d stands for the dead-time.

2.2.2 Frequency Response Analysis
The previous estimation technique was completely carried out in the time domain. The analysis
presented in this section will be done in the frequency domain. There are two ways to do
Frequency Response Analysis:
I.
2.

Plain sine-wave testing
Correlation analysis

Plain sine-wave testing
i

The input-signal is considered sinusoidal. Consequently the output-signal is sinusoidal . By
graphically comparing the input-magnitude and phase with the output-magnitude and -phase,
an estimate of the process can be made.

For linear systems only.
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Consider a process with frequency function G(e iUJO ) , and an input-signal u[k]=Acos(ffiot)
Consequently the output-signal becomes
y[k] = AIG(e

iUJo

)Icos(wok + ¢) + v[k] + transient

(eq.2.8)

From a so called Bode diagram the magnitude and phase shift of the process frequency function
may be determined.
However, this estimate is very noise sensitive and inaccurate because of the graphical
comparison. Moreover, the input-signal is sinusoidal which cannot always be tolerated in
practical, industrial processes, as will become clear with closed loop identification.
Furthermore, to obtain process information over a certain frequency range, several input
signals with different frequencies should be applied.

Correlation analysis
A way to handle noise sensitivity was presented in section 2.2.1, i.e. correlation analysis. In the
frequency domain this correlation technique may be used also. The idea is to correlate y[k] with
a cosine and a sine.

(COS(Wok)]
L..y[k]
(IsIe] =N1- ~
sin(wok)

(eq.2.9)

k=1

When inserting the expression for y[k] given in (eq. 2.8) into (eq. 2.9), and taking the limit for
N to infinity, the periodic term and the noise dependent term will tend to zero, just as with plain
sine wave testing. G(e iWO ) may now be estimated by

where

leN

(eiWO)1

represents the frequency dependent magnitude of the estimated process

frequency function, and

¢N (e 'WO )

the frequency dependent phase.

Allthough this method is less noise sensitivite, there are still several disadvantages. Sinusoidal
excitation is still required, steady state has to be awaited and the experiment has to be
performed several times for different frequencies.
To avoid multiple tests, a multi-sine signal; may be constructed for the frequencies of interest.
Assume that the sine wave testing is performed for frequencies WE {W o ... W N }, N EN. The
multi-sine signal then equals
N

u(t) = LaN sin(w Nt

+ qJ N)

p=o

where aN equals the amplitude,
wave. a N and

W N

WN

the frequency and qJN the phase shift of the Nth sine

have to be designed to obtain the desired information at the several

frequencies. qJ N may be chosen random, because after correlation with a cosine or sine the
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influence of the phase shift equals zero. IfN is large, the multi-sine signal will have a noisy
characteristic in the time domain. However, in the frequency domain the response at the several
frequencies are separated [CAL, 1997].

2.2.3 Fourier Analysis: Empirical Transfer Function Estimate
To overcome long experiment periods and sinusoidal inputs, a different method is discussed
(briefly) in this section. Instead of sinusoidal excitation, the 'introduction of the sine' is done
mathematically. The input- and output sequences are transfonned according to

,

WI

2m
=-N

1= L. ... , N

(eq.2.11)

where s[k] E {u[k ],y[k J} and SN (w I) E {UN (W I )'YN (W I)}' Eq. 2.11 is also known as the

Discrete Fourier Transformation (DFT).
Estimation of G(e 'roO ) results into

GN(e iroO ) = YN(W o)
UN(W o)

(eq.2.12)

This result may be extended to multi-frequency signals, which leads to the Empirical Transfer

Function Estimate (ETFE).
Extending (eq. 2-11) to a range of frequencies leads to

6N(eiro/) = YN(W I )
UN(W I )

(eq.2.13)

The double hat denotes that the ETFE is a very rough estimate.
The input can either be periodic or nonperiodic.
In case of a periodic input we have:

1. The EFTE is an unbiased estimate of the transfer function.
The variance of the ETFE decays as lIN

2.
3.

The covariance of the ETFE decays as lIN

In case of a nonperiodic input we have:
1.
2.
3.

14

The ETFE is an asymptotically unbiased estimate of the transfer function (N ~
(0).
The variance of the ETFE does not decrease as N increase. It is dctennined by the
Noise-to-Signal ratio cDv(ro)/1 UN(ro) 1 2 .
The covariance of the ETFE decays as lIN. This means that asymptotically the
estimates at two different frequencies are uncorrelated
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2.3 Parametric Identification
In contrast to nonparametric identification, parametric identification uses an a priori
determined model structure. This means that there is a large data reduction. A data set of for
instance 4096 samples is reduced to maybe 20 parameters. Parametric identification techniques
can come up with low order models which are well suited for control purposes. The main
disadvantage is that the system to be estimated may not be in the model set. This is usually the
case.
It is not said that the difference caused by the disadvantage stated above cannot be overcome.
The bias that is introduced can be distributed in a way that the relevant parameters or
frequency areas are accurate enough [KLA, 1995]

In the following sections several methods will be addressed, including different model
structures. The model structures are restricted to FIR (Finite Impulse Response), ARX (Auto
Regressive with eXogeneous input) and OE (Output Error). In case of ARX, an additional
analysis of high order ARX will be given.
The Prediction Error Method (PEM) will briefly pass the review. It is the most widely used
method. However, the prediction capacity of MPC is not the same as prediction capacity of
PEM. PEM computes its prediction y(k + 1) based on the assumption that the noise at time
instant k+l (v(k+l» equals the expectation of all the past noise samples. MPC computes its
prediction Y(k + 1) based on past input and output values. Hence, the MPC-prediction is based
on an internal model of the controlled process. This may be an impulse response model, or a
step response model as with Dynamic Matrix Control (DMC), [JAN, 1995].

2.3.1 Different Model Descriptions
This section treats different model descriptions which have any relevancy in solving the closed
loop identification methods to come.

2.3.1.1 Finite Impulse Response (FIR)
Finite Impulse Response (FIR) estimation is mostly used because of its unique system
description in contrast to other models, FIR has a unique mapping from the parameter vector to
the signal space.
A FIR model is defined as
y(t,O)

= B(q,O)u(t) +e(t)

(eq.2.14)

u(t)

Figure 2.2
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A great disadvantage of the FIR representation is that it has a high order. No information of
past output values is used which could generate new output samples. The large amount of
parameters results in a high amount of variance on each parameter [LJU, 1987]. This can be
significantly observed in the tail part of an impulse response. However, the fact that a FIR
always converges to zero (by definition), turns FIR into a simple, relatively accurate model
description. Because of its simple representation, minimization of a FIR Least Squares
criterion is straight forward. There is always one minimum.
The method discussed in section 2.2.1 - Time Domain Identification by Correlation Analysis belongs to the group of nonparametric identification techniques. However, the technique results
in a FIR model (eq. 2.5). So the question is: "Does FIR belong to the category of
nonparametric or parametric identification techniques?" The answer to this question entirely
depends on the chronological order of actions. Consider two situations.

Situation 1

There is no a-priori knowledge of the impulse response of a process. Then the identification
procedure goes as follows:
Collect as much data as possible and compute the cross-correlation vector and the auto
correlation matrix according to eq. 2.4. Next compute the impulse response coefficients
according to eq. 2.5. Next construct a Hankel Matrix ofImpulse Response coefficients. The
singular values of that matrix are given in decending order on the diagonal of the singular value
matrix. Now use the estimated noise level to determine the number of parameters needed
([BAC, 1989]), see Figure 2.3.
Singular Values of the Hankel Matrix
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Singular Values of the Hankel Matrix

The method describe is a nonparametric method because the number of parameters is not
given. In fact, the maximum number of estimated parameters may be as large as the data set
(theoretically).
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Situation 2
Assume that the largest time constant of a process is known (rl). Now the number of
parameters needed equals N

= a!....!..-, with T s the chosen sample time and ex>3. Then
Ts

approximate the real process dynamics with the given N parameters. This is a parametric
approach because prior information about the model structure is used.

Under estimation
If a process is under estimated, or the number of parameters chosen is too small, the tail part of
the impulse response cannot be approximated correctly. This is because the algorithm cannot
construct N-order dynamics with M parameters (M<N). What happens is that the first M time
steps are exact, and the following time steps are not known.

Over estimation
If a process is over estimated, or the number of parameters is too big, all parameters are exact
in principal. The remaining (extra) parameters are simply set to zero.

2.3.1.2 Auto Regressive with eXogeneous input (ARX)
ARX has the property of using past information to compute the present output value of a
system. The description of an ARX model is
A(q)y(t,8)

= B(q, 8)u(t) + e(t)

(eq.2.15)

Here, the B-polynomial represents the moving average parameters, and the A-polynomial
represents the autoregressive parameters.

Figure 2.4

ARX scheme

The additional noise is no longer white due to the filtering by the A-polynomial. This makes
estimation of the process harder. This is why straight forward ARX is seldom used for
identification.
Another disadvantage is that ARX is only consistent in some cases. Let us look at an example.
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ARX estimation with v= white noise
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ARX estimation with v= 1lA*white noise
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Figure 2.5

ARX approximation;

A) white noise disturbance
B) 11A noise disturbance

Consider the process G(z) with
G(z)

=

Z2
Z2

+ z - 0.1
+z- 0.25

The input signal r(t) is a Pseudo Random Binary Noise Sequence with amplitudes {-I, I}. The
smallest switching time is set to 1. The output y(t) is noise free. The impulse response ofG(z)
has a length of 12 samples (Figure 2.5 , dotted line).

(t---,------)---.{

------,-u

Figure 2.6

G(z )

I-y(-----.t
).

Second order process

Two ARX estimations are made with two MA-parameters and two AR-parameters. The first
estimation involves white noise disturbance (Figure 2.5A). The second estimation involves
white noise disturbance prefiltered by the denominator polynomial of G(z) (Figure 2.5B). The
resulting impulse responses are shown in Figure 2.5 as full lines. The first two parameters are
exact, as with FIR estimation. In the tail part of the impulse response, ARX tries to minimize
the energy of the impulse response by averaging. In the second case the estimation of G(z) is
better than in the first case.
The problems mentioned with FIR and ARX estimation can be overcome by using high order
ARX, which is a combination of both.
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2.3.1.3 High Order ARX
High order ARX estimation is basic1y the same as ARX estimation. The difference is that the
number of moving average parameters equals the number of parameters that would be used in
FIR estimation. High order ARX can therefore be seen as an extension of a FIR model with a
few Auto Regressive parameters. It contains the properties of FIR and of ARX. Properties of
high order ARX are
•
•
•

The first N impulse response coefficients are exact (with N the number ofMAparameters)
The averaging effect is minimized
The impulse response tail is approximated more accurate with less parameters than
with FIR estimation solely. FIR would be more accurate, but needs more
parameters. High order ARX uses past output information to construct the impulse
response tail
Impulse Response of G(z)
2,---------,---~------,------,-----__,

1.5

0.5
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Impulse response estimate of G(z), FIR, ARX and high
order ARX estimation

Figure 2.7 shows the results of identification with three different models:
1. FIR (full)
2. ARX (dashed)
3. High Order ARX (full, thick)
The impulse response of the real process is depicted as a dotted line. The process under study is
second order ARX model with direct feedthrough:
Z2

G(z)=----Z2 - 1.6z + 0.89

The settling time is 100. The parameters are distributed as presented in table 2.1.

AP. long Tjien Fa

19

Closed Loop Identification in the Process Industry

table 2.1 Model types and parameter distributions

·····~g~~!'Mm~~E~~·
. . ·······atttm¢t¢l."s···(
FIR
ARX
hi h order ARX

100
2
50

100
4
55

The choice of these number of parameters is based on the desire to expose the several
properties mentioned above. During real identification the number parameters might be chosen
more accurate.

Short Analysis
FIR estimation
Due to the large amount of estimated parameters, the variance on each
parameter is large. This can clearly be observed in the tail part of the impulse
response.
ARX estimation
The first two parameters are estimated exactly as expected. The remaining
parameters are estimated based on minimizing the total energy in the error,
leading to the averaging effect discussed in section 2.3.1.2.
High order ARX
As with the FIR estimation, the first part of the impulse response is estimated
quite well. The main difference with the FIR estimation shows in the tail part
of the impulse response where the high order ARX model suffers significantly
less of the variance, caused by the smaller amount of total parameters
(see table 2.1)

2.3.1.4 Output Error (OE)
The Output Error model assumes a noise source additive to the output. Whether the noise is
white or colored does not matter since OE does not model noise characteristics. To clarify this,
a noiseless intermediate signal w(t) is constructed according to
y(t, B)

=w(t,B) + e(t)

F(q)w(t, B)

= B(q)u(t)

or
y(t,B)

(eq.2.16)

= B(q,B) u(t) +e(t)
F(q,B)
e(t)

+ y(t)

Figure 2.8

20

DE scheme
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Eq. 2.16 (OE) shows resemblance with eq. 2.15 (ARX). The difference is that the noise is not
parameterized with OE, in contrast to ARX where the noise is parameterized as k 1(q).
Impulse Response of G(z)
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Impulse response of G(z), DE and ARX estimation

Figure 2.9 shows the results of identification with both an OE and an ARX model, where

1. ARX (dash-dot)
2. OE (full)
The impulse response of the real process is depicted as a dotted line.
The process and the noise transfer functions are
G(z) =

and H(z)

Z2
Z2

-1.6z + 0.89

= Z3 Z3 -

2

1.56z + 1.045z - 0.3338
235z 2 + 2.09z - 0.6675

The parameter distribution is given in table 2.2.
table 2.2 Model types and parameter distributions
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ARX
OE

Short

Equation Error
Out ut Error
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•.

2
2
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s

4
4

Analysis
ARX estimation

Because ARX simultaneously parameterizes the process and the noise transfer,
there is a bias when the noise model does not resemble the A-polynomial of the
ARX model.
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OE estimation
OE parameterizes the process transfer independent of the noise transfer. This
is done by creating a noise free intermediate signal according to
F(q)w(k) = B(q)u(k)

ARX belongs to the family of Equation Error Models (EE) whereas OE belongs to the
family of Output Error Models (OE), ([TOM, 1992]). The difference in minimizing
the model error is clarified in Figure 2.10 and 2.11

~(k)

Figure 2.10

Equation error scheme

B(z)

AW
Figure 2.11

w(k)

__~y(,---k)

_ -)~.+

1

eJk)
Output error scheme

The optimization horizon considered with EE is smaller than the horizon considered with OE.
This is due to the fact that the EE-criterion is 'fed' by the output y(t). EE optimizes within the
range ofMA parameters whereas OE optimizes over a long horizon since there is no knowledge
about y(t).

2.3.1.5 Choice of the Estimation Model
In view of the chapters to come, a choice of the estimation model is made. It seems that High
Order ARX and Output Error are preferable. However, FIR estimation is much easier to deal
with.
Comparing FIR and high order ARX, the difference only lies in the accurate estimation of the
tail part of the impulse response. The noise reducing capacity deteriorates when using ARX or
high order ARX. As this is the crux in closed loop estimation, high order ARX will not be
used.
As for OE, OE treats noise reduction the same way as FIR, both assume a white noise model.
For accuracy, OE is better than FIR regarding the variance on each parameter. OE needs fewer
parameters than FIR to accomplish the same Impulse Response. This is also preferable in case
of ident~ficationfor control.
Although the amount of parameters with FIR estimation is much larger than with high order
ARX or OE and consequently the variance, FIR estimation will be mostly used in this thesis.
This choice is based on the fact that the inaccuracies arising from (colored) noise, finite time,
and other undesired aspects directly show in the FIR estimation.
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2.3.2 Prediction Error Method (PEM)
The prediction error method arises from the fact that a prediction of the process output is made
based on prior output and input values. PEM is able to predict the behavior of the process Go
as well as the behavior of the noise filter H o. Usually a one-step-ahead prediction is at hand.
Eq. 2.17 defines the character of the prediction.
y(t)

=E {y(t)ly(t -

I) y(t - 2) ... , u(t - I) u(t - 2) ...}

(eq.2.17)

In words this comes down to: A prediction y(t) ofy(t) is made based upon the sequence
{y(t-I) ... y(t-N)} and {u(t-I) ... u(t-M)}.

u(t-1 )

GO

y(t-1 )
f---

l predicliofY(!).c
7
Moder
-

L~

E

~

/
Figure 2.12

Prediction Error Model

The prediction is defined as
(eq.2.18)

with Ip

E RPxp

(unity matrix), thus for SISO Ip = I.

The prediction error is defined as
&(t, B) = y(t) - y(t, B)

= H- 1 (q ,B)[y(t) -

G(q, B)u(t)]

(eq.2.19)

Based on the prediction error E(t,8), the prediction model is tuned so a criterion VN (8) is
minimized, resulting in the parameters

eN' This is formulated in the following two

expressions:
(eq.2.20)

VN (B)

1

{I-L s(t,B)s'(t,B)

N
=-L
&'(t,B)&(t,B) = trace

N

t=1

N

N

}

(eq.2.21)

1=1

The prediction error E(t,8) may be prefiltered to obtain a desired error distribution. This results
into substituting the prediction error E(t,8) with the filtered prediction error EF(t,8), with
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Ei F(t,e)

= L(q)Ei(t,e)

(eq.2.22)

and L(q) some stable filter. Use of a prediction filter L(q) enables the process engineer to tune
the bias distribution. The spectrum of the prediction error is defined by
(eq.2.23)

Here, the arguments e iaJ are left out for brevity. For a fixed noise model and no prediction
2
iaJ
error filter, or IF(eiaJf = 1 and IH(e ,e)1 = 1, we see that the noise spectrum directly
influences the prediction error. The only way to 'tune' the prediction error spectrum is
adjusting the signal to noise ratio <Du(w) / <Dv(w). The overall prediction error spectrum will
shift down. There is no way to adjust the error at each frequency separately.
For the designed examples however, PEM will not be used explicit.

2.3.3 Least Squares
The prediction error above is minimized using a quadratic criterion. The advantage of such a
criterion is that it has but one minimum. The PEM may produce linear and non linear models.
Here linearity refers to the fact that Y(t,e) and Ei(t,e) are linear in the parameter vector e.
Linearity is obtained when the regression vector ¢ y is independent of output predictions or
error predictions. Stated otherwise, the regression vector should be constructed solely by means
of measu rement.
In the first two sub sections, Linear Least Squares (LLS) and Pseudo Linear Least Squares
(PLL5J are slightly treated in case ofPEM. In subsection 2.3.2.3. the PEM is not used which
implies a non linear solution regarding ARX modeling. A solution to overcome this problem is
proposed. The solution may also be used with ARMAX and OE in the PEM case.

2.3.3.1 Linear Least Squares (LLS)
LLS can be used in case of FIR or ARX models. The optimization criterion is quadratic in its
parameters. Consider the functions below.

(eq.2.24)

1 N 2
1 N
VN (e) = -LEi (t,e) = - L[y(t) N t=l
N t=l

24

2

¢T

(tW]

(eq.2.25)
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Minimization ofVN in

e yields minimizing a quadratic criterion in e.

Figure 2.13

Quadratic cost function

2.3.3.2 Pseudo Linear Least Squares (PLLS)
In case of non linearity (ARMAX, OE), non linear optimization techniques have to be used.
The optimization criteria are
(eq.2.26)

(eq.2.27)

e,

As can be seen from eq. 2.27, ¢ is dependent on thus VN is not quadratic anymore. Solving
this optimization problem is time consuming because of the iterative approach. Convergence to
ii
the optimal model is not guaranteed .
For more information on LLS and PLLS see [BOS, 1994] sections 5.3.1 and 5.3.2.

2.3.3.3 A Different Approach Towards Linearity
PEM makes a prediction ofy(k) based on u(k-i) and y(k-i), i=[l..N]. Consider an ARX
process.
y(t)+ ... +auy(t-M)=boll(k) + ... +bNlI(k-N)

(eq.2.28)

or
N

y(t) = ~>iU(t - i) i=O

L:a
U

jy(t - j)

(eq.2.29)

jy(t - j)

(eq.2.30)

j=l

An estimation would be
N

y(t) = ~>iU(t - i) i=O

U

L:a
j=l

Now we see that an estimation ofy(t-j) appears in eq. 2.30
ii

Convergence: yes, Optimal solution: no.
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Rewrite eq. 2.30 into
N

y(t)

M

= L: bju(t -

i) - a1y(t - I) - L: a )y(t - j)

j=O

(eq.2.31)

1=2
N

M

y(t -I) = L:bju(t -i) - L:a)y(t - j)
j=)

(eq.2.32)

)=2

Substitute eq. 2.27 into eq. 2.26

(eq.2.33)
N

M

bou(t) + L:b (I + a )l(t - i) + L:aAa
j

j

i=l

j

-

I)y(t - j)

)=2

It can be seen from eq. 2.33 that the expression for y(t) is no longer linear in its parameters.
To avoid this non linear effect, it is better to use a measured value y(t-I) instead of an
estimated value y(t - I) . This way y(t) stays linear in its parameters (aj, b i).

2.3.4 General Comments
Several open loop identification techniques and models have been proposed in this chapter. In
the chapters to come the specific characteristics of the models and techniques are not at hand. It
is already known what the advantages and drawbacks of the discussed techniques are. It is
better to focus on identification strategies iii, than to focus on identification techniques (again).

2.4 Accuracy
Accuracy aspects are important issues in identification. The idea of identification is to describe
a system {G,H} in terms of a mathematical model. The intention is to obtain the exact model.
However, this is not possible. There will always be differences between the estimated
(approximated) model and the real model. These differences are for example introduced by
•
•
•
•
•
•

presence of (colored) noise, e.g. measurement noise, slow trends
correlation between signals which are used for identification
bad signal to noise ratio
non persistently exciting signals
undermodeling and overmodeling
convergence of the algorithm

This section treats two major aspects of accuracy. These are convergence and consistency and
bias and variance.

Iii

26

'Strategies'refers to e.g. Coprime Factorization, Two Step Method, Indirect Identification. They all use
identification techniques such as FIR, ARX, OE estimation.
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2.4.1 Convergence and Consistency
Parameterized model identification employs (quadratic) cost functions which have to be
minimized to obtain the parameterization. Usually these cost functions are quadratic because
they have but one minimum: the global minimum. It is important that after optimization not
only the minimum is found, but that there is an accurate model description.
Convergence refers to the fact that the parameterization converges to a stable solution when N,
the number of parameters, tends to infinity, or
(eq.2.34)

Another property is consistency. Consistency is at hand when the estimation converges to the
real model, or
(eq.2.35)

A very obvious problem is that these aspects are defined in terms of an infinite amount of
samples. In practice this is not possible. The point is, if eq. 2.34 and 2.35 would not hold
theoretically, than the approximated model would certainly not hold in practice.

2.4.2 Bias and Variance
With the discussion of convergence and consistency three system descriptions were mentioned.
l. the real system {Go, H o }
2.

the approximated system {GN,ifN}

3. the optimal system {G

0 ,

H

iv

0 }

These three systems come together with the bias and variance definitions. Define the total error
between the real process and the approximated process ([ZHU, 19881).

Go (q) -

GN(q ,ON) ::: Go (q) \

v

bias error

Iv

GN(q, 0N)

GO (q, eO) + GO (q, eO) I

\"

v

(eq.2.36)

I

var iance error

Optimal system: most accurate system achievable with a wrong model set.
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Bias distribution
The bias distribution in open loop is governed by

eo =argminJeD"
(J

P

dOJ= ...
(eq.2.37)

with eD" P defined as in eq. 2.23.
The bias distribution can be tuned with
•
•
•

choice of modelset
input spectrum
prediction error filter F(q)

Figure 2.2 gives an interpretation of bias. When Go does not belong to the assumed modelset,
there will be a bias which is perpendicular to the approximated process. The minimum of the
cost function has this bias value. Without redefining the modelset, there is no better
approximation. So otherwise, if Go E c!1 , with c!1 the chosen modelset, the approximated
model will converge to the real model.

Figure 2.14
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Input spectrum
The input spectrum plays a great part in identification. The excitation signal should be
Persistently Exciting (PE), meaning that it is capable of detecting all characteristics of a
process.

Total power
The total power should be in accordance with the needed signal to noise ratio.
Frequency contents
The frequency contents has to be shaped in a way that the significant frequencies get
enough power to be triggered and thus can be identified. Other frequencies, which are
then defined as noise, should not be triggered, or at least not significantly.
Shaping of the input spectrum is subjective to the desired outcome of the experiment.
When for instance preliminary experiments are at hand, and the desired quantities are
steady state value, largest time constant and linearity, a simple staircase signal at the
input will suffice (low pass behavior). If it is known that noise is prominently present
in a certain frequency area, that frequency are of the excitation signal should contain
more power than the rest.

Prediction Error Filter F(q) (PEF)
The prediction error filter may tune the bias distribution by means of weighing the prediction
error. At frequencies the PEF gain is large, the errors occurring in the error distribution will
have greater influence than others. This means that when minimizing the total error (i.e. in a
least squares sense), the bias will be reduced in this area because the algorithm will try harder
to approximate the real process in this frequency area. This can be seen from eq. 2.37.

Variance distribution
For high order models, the variance expression is
(eq.2.38)

The variance appears to be dependent on the frequency dependent signal-to-noise ratio. Later
on, in Chapter Three, a similar expression will be defined for the closed loop situation.
From this expression it can be seen that a large number of parameters results in an increase of
the variance, see section 2.3.1.3.
At this moment enough preliminary knowledge is proposed to tackle the closed loop
identification problem. The solutions to come will use the proposed techniques.
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Chapter Three

Closed Loop
Identification:
An Overview

this·diapterf6rmulates·theci~sedlciopideniification·pr6blem:·
Bias and variance in closed loop are reconsidered with
respect to bias and variance in open loop. There is also an
evaluation of bias and variance in Direct Identification.

A general overview of the common closed loop identification
methods is given. The main purpose of this chapter is to give
the reader an overall impression of closed loop identification
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3.1 General Description of the Closed Loop
Identification Problem
Required preliminary knowledge of the closed loop identification problem will be given together
with analysis of several quantities concerning closed loop behavior.

3.1.1 Statement of the Problem
The estimation methods presented in chapter two (Open Loop Identification), do not always
result into accurate, unbiased models when data obtained from closed loop experiments is used.
r2 (t)

IV(t)

r'(I)l1_C_~~
1

Figure 3.1

y(t)

•

Closed loop system under study

The process under study, Go(z), is assumed to be a linear, time invariant and stable transfer.
All transfers between the present signals in the closed loop system are assumed to be stable.
The noise signal v(t) is a Zero Mean White Noise signal filtered by a noise innovation filter
H(q).
Data from closed loop systems may be obtained by measuring r}(t), r2(t), u(t), y(t) (Figure 3.1).
These signals are defined as follows:
Reference signal 1
Reference signal 2
Actuator or process input signal
Process output signal

rl(t)
r2(t)
u(t)
y(t)

The noise signal v(t) represents all unmeasurable disturbances acting on the closed
loop system. Since linear transfers are assumed, these disturbances may be modeled as
output disturbances.
The closed loop relations are expressed by
y(l)

= Go (q)So(q)r2 (I) + Go(q)Ro(q)rl (I) + So (q)v(l) =...
= Go (q)Sor(t) + So (q)H(q)e(t)

(eq.3.1)

= So (q)r(t) -

(eq.3.2)

and
lI(1)

So (q)C(q)H(q)e(t)

where
r(t)

= C(q)r] (I) + r 2 (t)

(eq.3.3)

and
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v(t) = H(q)e(t)

The sensitivity transfer function is defined as
(eq.3.4)

and the control sensitivity transfer function as
(eq.3.5)

Signals rl(t) and r2(t) are also referred to as closed loop excitation signals. They trigger the
closed loop system. The difference between reference rl and r2 is the position in the closed loop
scheme. rl is placed before the controller. Its function is to be a reference for the output y. r2 is
placed behind the controller, at the input of the process. Its function is to be a reference for the
input u. In Model Predictive Control the input rl is used since the output signal trajectory
should follow the desired output trajectory. The reference signal rl(t) then equals Yd (t), the
desired output signal.
The noise signal v(t) appears in the output y(t). In chapter two it is stated that this is not a
problem when open loop identification is at hand. Because of the feedback in the system, the
input signal u(t) also contains a part of v(t). This leads to (unwanted) correlation between u(t)
and y(t). Identification of the process Go is no longer possible by detennining the transfer from
u(t) to y(t) (direct identification{ However, direct identification is still used in practice, next to
open loop identification. If the Signal-to-Noise Ratio (SNR) is greater than 40 dB, the model
obtained by direct identification is quite accurate, although there may be correlation between
u(t) and y(t),. In general the SNR is not knov\'ll and thus it can be said that direct identification
is not sufficiently robust to use for general closed loop estimation.
The solution lies in avoiding the noise component present in the input and output signal. It is
sufficient to circumvent the noise in either of the two signal. All known closed loop
identification techniques translate the closed loop identification problem into open loop
identification problems which do not suffer from the noise correlation problem stated above.

3.1.2 Closed Loop Behavior
To understand the closed loop identification problems and remedies, understanding closed loop
behavior is important. Two significant closed loop quantities, which are directly related to the
point of excitation (rl or r2) are:
1.
2.

the sensitivity transfer function So(q) as in eq. 3.4
the control sensitivity transfer function Ro(q) as in eq. 3.5

3.1.2.1 Point of Excitation
The difference between both quantities lies in the presence of the controller. The sensitivity is
the transfer from r 2 (t) H 1/(t) , the control sensitivity is the transfer from r l (t) H u(t). Input
r2 represents the reference signal for the process input, This means that r2 is responsible for the
way the input signal evolves. Consequently the output signal changes according to r2. Input rl

This holds for colored disturbances with sufficient power. This aspect will be treated in Chapter Four.
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works the other way around. In this case the output trajectory is imposed on the system.
Consequently the controller computes the corresponding process inputs that minimize the
difference between rl(t) and y(t).
So excitation at rl or r2 may be different depending on the controller. Assume excitation at r2.
Then the input signal is directly influenced with all features incorporated in r2(t), such as
frequency distribution and gain. If excitation takes place at the controller input (r,), there is
filtering by the controller. The process input signal does not directly receive the features
incorporated in rl(t). So when the proper process input signal design is determined, the
controller influences should be accounted for. This may be done by regarding the actual
controller transfer, or if knowledge of the controller is not available, the control sensitivity
transfer may be used according to eq. 3.1.

3.1.2.2 Tight Controller Tuning
The first trivial remark is that ifC(q) is large, So(q) is small due to the relationship presented in
eq. 3.4. What happens if there is strong feedback for certain frequencies, or tight controller
tuning? For those frequencies, the process cannot be observed anymore because the controller
overrules the process behavior entirely. This can also be seen from eq. 3.4 (imagine
C( e iOJ ) ~ (0). There is a relationship between the sensitivity and the variance in the estimation.
Since the sensitivity transfer depends on the controller and the process transfers, tight controller
tuning also influences the variance in the process estimate. For process identification, the
variance in the estimated process O(e iOJ , G) only depends on the noise free part of the

e

process input signal: ur(t) = So (q)r(t) ,see [ZHU, 1987] and [GEV, 1996a1b].
For closed loop process identification goes
(eq.3.6)

This expression goes for Direct Identification and Indirect Identification.
Here we see that better control yields inferior models.

3.1.3 Compatibility with Model Predictive Controllers
This thesis is about identification in the Process Industry. To enhance the performance of
classical fixed controllers, Model Based Controllers (MBC) are normally used. A common
controller type is a Model Predictive Controller (MPC) which 'knows' how the process will
respond to changes in the inputs and control actions. This section will introduce MPC, and
some preparations towards the chapters to come will be discussed

3.1.3.1 The fMC Structure
Model Predictive Controllers contain a model of the process (0) and a fixed controller (Q)
which form the actual controller C. A common configuration is the so called Internal Model
Control (IMC) scheme. The IMC scheme shown in Figure 3.2 is equivalent with the
configuration shown in Figure 3.3 if and only ifQ and C are related by ([GAR, 1988])
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(eq.3.7)

(eq.3.8)

These relations hold if G is linear, time-invariant and stable.
v(t)
+

Figure 3.2

y(t)

Internal model scheme

v(t)
+

Figure 3.3

y(t)

Equivalent Classic Feedback Structure

From the IMC scheme it can be derived that if the process model equals the real process, the
IMC scheme results in an affine structure, leaving just the feedforward controller Q

Figure 3.4

Affine IMC Structure

3.1.3.2 MPC Features
Constraints
MPC works with constraints. This means that the MPC accounts for limiters. The "Iimitingactions" may be caused by valves, pumps, etc. For example:
u min (k) ~ u(k) ~

u max

(k)

~umin (k) ~ ~(k) ~ ~umax (k)

(eq.3.9)

Ymin(k) ~ y(k) ~ Yma." (k)

Eq. 3.8 expresses the limitations in input values, changes of input values and output values.
The constraints have to be flexible. These constrains may be weighted by introducing weighting
matrices in the cost criterion. If there are no constraints, and if infinite horizon is assumed, the
MPC scheme is equivalent with the IMC scheme. Assume that there is a simultaneous
constraint on input values and output values. Then the cost criterion is as follows.
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J Q.S =

P

M

1=1

1=\

L lIy(k + l)11~ +L Ilu(k + I - 1)11~

(eq.3.10)

cost criterion, 2-nonn
prediction horizon
control-horizon
weighting matrices

J Q•S
P
M
B,S

This criterion has to be minimized suitable over the set of inputs.
min

u(k) ..... u(k+M-I)

J Q •s

(eq.3.11)

This proves the flexibility of MPC. If an input breaks down, the weighting on that input may be
reduced or even set to zero. The MPC algorithm then still tries to perfonn optimally by
adjusting other inputs. An additional effect is that the control strategy may change when this
happens, resulting in a different closed loop behavior. Closed loop identification techniques
which make use of the loop transfers (i.e. S(q», e.g. Two Step Method and Indirect
Identification, might not deliver accurate results due to the time-variant behavior of the closed
loop system. Even worse, they may not come up with any valid process model. It is necessary
that such a change in dynamics is detected well.

Optimization

The cost criterion in MPC is quadratic as shown in eq. 3.9. In contrast to Linear Quadratic
Control (LQC), MPC optimizes its cost criterion at every sample. A LQC controller is fixed
and is optimized off-line. An MPC controller is optimized on-line, yielding better perfonnance,
flexibility towards constraints, product specifications and perfonnance robustness. So even if
there is no hard constraint violation, breakdown or other major change, the MPC control
strategy will always fluctuate a little. This is a problem additional to the problem of breakdown
stated above.
Now that Model Predictive Control is introduced, it remains on the background during the rest
of this thesis. It is not easy to combine the results from this thesis to MPC. However, the
results may be related to the IMC scheme, and from that point on an extension towards MPC
may be made.

3.1.4 Accuracy
From section 3.1.3. it is clear that a good process model is necessary. As an exact
representation of a process G is impossible to find, the behavior of the model G should differ
as little as possible from the true process G. The difference between G and G is split into two
quantities, namely:
1. Bias
2. Variance
Bias may be a result of wrong model choice, colored noise ([SIN, 1983]) and conventional
Least Squares during closed loop ([BOS, 1994]). The first two are also present with an infinite
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amount of samples. The estimated model will never converge to the true model. The latter
arises from the fact that an infinite amount of samples cannot be realized. Therefore there will
be correlation between the reference signal and the noise. In this case the estimated model will
converge to the true model for an infinite amount of observations
Again the definition of bias and variance are (see also Chapter 2, section 4.2)
bias:

B«(o) =E {C(eia> ,0 0

vanance:

0"2

) -

Go (eia»}

{C(eia> ,Oo )}:= E{lc(eia>, 0 0 ) - E {C(eia> ,0 0

)}If

Like the bias and variance distribution mentioned for the previously discussed open loop
identification problem (eq. 2.35 and eq. 2.36), similar expressions may be derived for the
closed loop identification problem.

3.1.4.1 Bias Distribution in Closed Loop
For direct identification ID(ll

H

y) goes
(eq.3.12)

([GEV, 1996b]).The arguments e iw have been left out for brevity. The reference signal r(t) is
defined as r(t) = r2 (t) + C(q)rl (t) according to Figure 3.1. See Appendix C for the derivation
of eq. 3.12.
Comparing eq. 3.11 to eq. 2.22, we see that the sensitivity terms is introduced. In the open loop
case, S(q) equals the unity transfer. The bias is defined as
Bias = 0; - 0 0 o where

o~
J

= arg min

°

0

f cDc

«(0 )d(0 =
F

(eq.3.13)

the model the criterion converges to, and 0 0 o We have seen from Figure 2.16 that if the
process is not in the model set, there will always be a bias. This also holds in case of closed
loop.
It is desired to minimize to bias error. How can we get a grip on the bias? Assume three cases
to analyze the influence of the reference signal and the noise signal:
1. No noise, just excitation
2. No excitation, just noise
3. Noise and excitation
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1

No noise, just excitation
Eq. 3.11 results into

B~ =argmin J{ISo(Go -G(B)f <1>r}
9a

when

ISol2 cD rlFI2

IH(B)1

2

2

IFI 2dOJ
IH(B)I

(eq.3.14)

is large for certain frequencies, the estimate of G(q) in that

frequency area will be more accurate. We already know that

IF(e iaJ f

enables tuning

2
of the bias. Now we see that ISo (e iaJ )1 <1>r(OJ) also plays an important role. This is
exactly the noise-free part of the process input signal. For a given system ISo (e

iaJ

f

cannot be altered, thus to obtain a large noise free input signal, cD r has to be large.
This is just what we know about the Signal to Noise Ratio (SNR). If the SNR is large
for certain frequencies, the process estimation goes better in that area.

2

No excitation, just noise
Eq. 3.11 results into

B~=argminJ{lso(I+CG(BG)rI2cDy}
9

when

a

ISlcD ylFI

IH(B)1

2

2

1F12
A

2dOJ

(eq.3.15)

!H(OH)I

is large for a certain frequency area, G(e iaJ ,B G) starts resembling

1
- -iaJ- in that area.

C(e )

This may also be observed from spectral analysis. The output signal y(t) equals
y(t) = So (q)v(t) . The input signal equals u(t) = -C(q)So (q)v(t) . Consequently the
input and output spectra equal

<1>u (OJ) = -1C(eiaJfISo(eiaJf cDl'(r.o) and cDy(r.o) = ISo (e

iaJ )1 2 cDy(OJ)

The resulting process estimate equals

iro 2
ISo (e )1 cDy(OJ)
IG(e,ro,BG)I= y
=
2
2
=
<1>u(r.o) -1C(eiro)IISo(eiaJ)1 cDy(OJ)
A

3

<1> (OJ)

1
2

IC(eiro)1

Noise and excitation
The bias distribution is as in eq. 3.11. It can be seen that if So(q) is large, there is a fit
of G(q,B G ) on to Go(q). The noise spectrum influence decreases because of the
fraction
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. )1
S (e IfLl
I

2

o

2 '

which is supposed to stay close to unity. The fraction

may

!S(ei(l) ,(0 )1
also contribute to reducing the bias in G(q, ( 0 ) , but fact is that this will not reduces
noise influences. Let us evaluate the expression at the cross over frequency, which is
defined as the zero crossing in a frequency plot (OdB-crossing). For these frequencies
IGo(ei(l)1 equals 0 dB, or !Go(ei(l)1

= I, (unity gain). The sensitivity frequency

function now equals

=

So co (ei(l)
.

I . , where the subscript CO denotes 'cross-over frequency'.

I+C(e/{Ll)

Eq. 3.11 results into

O~ =

arg min S
IJ

... =

G

argmin
IJ

1-I+C1-(1-

G(Oo

»)1' <I> ,(wj +

S{I-I-(I-G(00»)1
I+C

Idc{
I_I
I+C

2
<J),(m)

+<I>

v

2

IFI
'------'-~dm =

<1>" (wj

fJ(OH )12

I

(m)}

I

~IFI2

(eq.3.16)

2 dm

IH(OH)I

TIle arguments ei(l) have been left out for brevity.
Note the resemblance between eq. 3.16 and eq. 2.37. The bias is now distributed as in
the open loop case. For the cross-over frequencies we find that G(q, ( 0 ) fits to Go(q).

3.1.4.2 Variance Distribution in Closed Loop
The variance in closed loop identification is tunable by altering the model order, the number of
data samples and the reference spectrum, just as in open loop identification. The difference in
configuration is the controller C. Not surprisingly the controller also contributes in the
vanance.
The spectrum ofu(t) can be written as

<I> u «(0) =IS ol

2
<J),I

(m) +

IRl

2

<1>'2

2

2

(m) + ICl 1So1 1H I <I> e (m)

(eq.3.17)

where the spectrum of e(t) is assumed constant over the whole frequency range, so <I> e = CT; .
Here we already see the contribution ofC(q) The SNR is directly deteriorated for frequencies
where !qei(l) )1

2

is large. This effect also influences the variance as expected. For fixed

systems the only solution is to increase the signal power, to establish an appropriate SNR.
The variance in
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(eq.3.18)

[GEV,1996]
The variance in the estimated process only depends on the noiseless part of the input signal as
stated in section 3.1.2.2. This can be explained as follows:
The variance in an estimated model represents the uncertainty in the correlation between r(t)
and v(t). The actual error due to this correlation may vary at different times with different data
sets. The noise contribution in the input signal is a filtered version of the noise contribution in
the output signal. The amount of correlation between those noise contributions is fixed. The
error arising from this correlation only depends on the frequency contents of the disturbance.
This leads to a bias error in the sense that the error is fixed for fixed systems and fixed
frequency contents of the noise. So contributions to the variance in G( ei<o , G) only arise from
the noise-free input signal.

e

The variance in closed loop is larger than the variance in open loop, see table 1.1.
General bias and variance expressions are given in [LJU, 1987] [GEV, 1996a/b], [ZHU,1988]

3.2 Overview of Closed Loop Identification Methods
This section treats an overview of closed loop identification methods at the present time. There
will not be an exhaustive treatment.

3.2.1 Direct Identification (DI)
Direct Identification is not an actual closed loop identification method, but it is still used.
Direct Identification is the most simple tool for identification in closed loop. As in the name, the
input and the output signals of the process are used for identification regardless of the
feedback. The noise component in the input signal is completely neglected. This goes well as
long as there is a minimal SNR ratio of 40dB. This cannot always be guaranteed. In fact, the
SNR usually is smaller than 1. This means that direct identification in general gives bad
results: the bias in the estimation is large.
As an example Figure 3.5 shows an estimated impulse response ofa process in closed loop as
in Figure 3.1.
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The oscillating behavior of real impulse response is nowhere to be found in the estimated
impulse response.
The main reason for this divergent behavior is that the positive contribution ofv(t) in y(t) and
the negative contribution ofv(t) in u(t) lead to a negative bias term; the estimated parameters
are smaller then the real parameters.

3.2.2 Indirect Identification (II)
Consider Figure 3.1 and assume that rl is set to zero. r2 serves as reference input. A-priori
knowledge of the controller is essential with this form ofIndirect Identification.
Indirect Identification consists oftwo subsequent steps:

1. Estimation of the closed loop transfer from r2 to y
2.

(G

clp

(q,

B))

Elimination of C from the closed loop transfer

step 1
The closed loop transfer equals
(eq.3.19)

The order of the closed loop transfer is relatively high because of the contribution in order of
both C and Go.

ii

This is an extremely low value. It is only used to make a point.
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step 2
From this closed loop transfer it is possible to calculate Go with full knowledge of C according
to
Go (q)

= Gc/p (q)( 1- Gc/p (q)C(q)t

(eq.3.20)

Looking back at eq. 3.18 and eq. 3.19, a valid estimation ofG(q) would be:
C(q,B o ) = Cc/p(q,Bc/p)(I- Cc/p(q,Bc/p)C(q)f

(eq.3.21)

The closed loop system has an order equal to the sum of the process transfer order and the
controller transfer order. Since an estimation is never exact, there will be no pole-zero
cancellation when eliminating C(q) from Cc/p (q, B) . The resulting model order will be twice
the order ofC(q) plus the order of Go(q).
If the controller cancels the process zeros or poles, the dynamics concerned with these zeros
and poles cannot be viewed at the ouput. The closed loop transfer has to be estimated with a
higher order model than the true closed loop system order. For instance, consider a closed loop
system with transfer function
Z4

Gc/p (z)

= -Z4---0-63--O-O-9Z
. Z + . Z

and a controller with transfer function
C(z)

=z -

0.8

ZZ

The resulting estimated process model has at least 10 MA parameters and 10 AR parameters if
the controller dynamics do not exactly cancel out. A simple experiment showed that for an
accurate estimate of the closed loop transfer, it had to be estimated with 20 MA parameters and
4 AR parameters. The resulting process model has 22 MA parameters and 26 AR parameters.
(This was checked with a MATLAB simulation)
So, important drawbacks are:
I.
2.

Increase of the estimated model order due to the fact that the controller dynamics
do not cancel out.
Knowledge of C is required.

In spite of the large model order, it is possible to reduce the model order. After all, the
controller is completely known, so it is possible to adjust the model order of the estimate
G(q,B) accordingly. Features to the advantage of this indirect method are:
I.
2.
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No distortion by noise feedback because ID(r ~ y) is an open loop identification
problem.
Easy to grasp and implement.
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3.2.3 Joint Input-Output Identification (JIO)
The basic idea of JIO ([AND, 1982]) is to design white noise innovation filters which represent
the two-by-two system
'7(/)) H (U(t))
( e(t)
y(t)

The assumptions made are:
•
•
•
•

u(t)=r(t)-C(q)y(t)
r(t) is persistently exciting, but not necessarily measurable
r(t) can be created by an innovation filter according to r(t)=W(q)T](t)
G(q) and C(q) are linear
JIO System

e

u

y

- -,- - -"- {l!v

Figure 3.6

Joint input-output scheme

These transfers are given by

U(t))
( y(t)

= [F; I (q)
F2 \ (q)

F;2 (q)]('7(t))
F 22 (q) e(t)

l

=

,

W(q)

1 + G(q)C(q)
G(q)C(q)W(q)
1 + G(q)C(q)

- 1+ G(q)C(q)

J('7(t))

H(q)

e(t)

H(q)C(q)

1 + G(q)C(q)

(eq.3.22)

,

The elementary transfers G(q), C(q), H(q) and W(q) may be determined by
G(q)

= F;, (q)F;~\ (q)

(eq.3.23)

(eq.3.24)

H(q)

= F22 (q) -

F 2\ (q)F;~\ (q)F;2 (q)

(eq.3.25)

(eq.3.26)

For process identification, the topic of concern here,
G(q,O)

= F;I (q,O)ft;~1 (q,O)

(eq.3.27)

would be a valid estimation.
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The 110 method is very extensive. Therefore, it ,\ill not be used in the remainder of this thesis.
Furthennore, it is not directly applicable in the present software used at Aspen Tech.

3.2.4 Identification by Factorization
Factorization is an indirect identification method which covers techniques like
•
•

(Coprime) Factorization «C)Fac)
Dual You la-Kucera Factorization (DY)

(Coprime) Factorization
The main idea is to factorize the plant into
G ( )= No(q)
o q
Do (q)

(eq.3.28)

and detennine No(q) and Do(q) from closed loop data in an open loop manner. Coprimeness
iii
refers to the fact that the factors are stable and that there is no cancellation of unstable zeros .
Rewrite eq. 3.1 and 3.2. as
y(t)

= No (q)r(t) + So (q)H(q)e(t)

(eq.3.29)

1I(t)

= Do (q)r(t) -

(eq.3.30)

So (q)C(q)H(q)e(t)

with
(eq.3.31)

If C(q) is known, r(t) is not necessary available due to the relation
r(t)

= 1I(t) + C(q)y(t)

(eq.3.32)

Until now the method is merely an alternative ofIndirect Identification. There is no explicit
way of tuning bias or variance. Introducing an additional filter Wiq) may provide this. This
filter is used to create an auxiliary signal x(t) according to
x(t)

= W',,(q)r(t)

(eq.3.33)

where r(t) may be obtained by measurement. or construction as in eq. 3.31, see Figure 3.13.

iii
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There are no right half plane poles introduced to cancel these unstable zeros
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Figure 3.7

Construction of x(t)

Now instead of using r(t) as a reference signal for identification, use x(t).

= N O•F (q)x(t) + So (q)H(q)e(t)

(eq.3.34)

u(t) == D O•F (q)x(t) - So (q)C(q)H(q)e(t)

(eq.3.35)

y(t)

with
No(q)

= Go (q)So(q)Wi' (q) == ID(x(t) H
1

Do (q) == So (q)Wi (q) == ID(r(t)

y(t») and
(eq.3.36)

H

u(t»)

TIle filter Wi) (q) may be used for tuning of the bias and variance.

Dual Youla-Kucera Factorization
DY is an extension of CF. DY also factorizes the controller according to
N (q)
N (q)
C(q) = c
and the plant as GAq) == _x_
Dc(q)
Dx(q)
When the C(q) stabilizes Go(q), there is a dual relationship between the factorization of Go(q)
and C(q) in terms of a filter R(q) which is a measure for the uncertainty in the estimation of
Go(q). The dual factorization is expressed by
G _No.F+DcR
0-

c ==

(eq.3.37)

D O•F - NcR

N c + DO•F R

(eq.3.38)

Dc - NO.FR

where
(eq.3.39)

To obtain an accurate estimate of Go(q), R(g) should be minimized.
Recommended literature on the subject of CF and DY:
[SCH, 1992], [HAN,1988],
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3.2.5 Two Step Method (TSM)
The TSM is a natural representative of the Indirect Identification method (section 3.2.2). Since
the controller is not always known, the sensitivity transfer function is used. This may be
illustrated by the following expressions:
Gc/p(q) = Go(q)So(q)}-)G( B )=G ( B )S-l( B)
q, G
c/p q, G
q, s
I dge 0 f S0 ( q )
k nowe
S(q, Bs) may be obtained from ID(r ~ u) . There are two important consequences to this

order of steps:
1.

The resulting model order equals # G =# G c/p +# S as with the indirect
identification method discussed in section 3.1.2.

2.

S(q,Os) should be stable and invertibly stable

A better solution is to use an auxiliary signal x(t)

= S(q, Bs )r(t)

and identify according to

ID(x ~ y) = G(q,B a )
So we see that the TSM consists of two simple open loop identification steps, which employ the
sensitivity transfer function So(q). This way the correlation between u(t) and y(t) is avoided
during identification. An extensive treatment of the TSM is given in Chapter Four.

3.3 Resume of CLP ID Methods and Selection
Table 3.1 shows some features of the closed loop identification methods in addition to the short
treatment of these closed loop identification methods in the previous sections. The information
has been found in [GEV, 1996b]

table 3.1 Overview of closed loop identification methods

Consistency (G(q,8),H(q,8)
Consistency (G(q,8»
Tunable bias
Fixed model order
Unstable plants
{G(q,8),C(q,8)} stable
C required

Direct

Indirect

Two-Step

CF

Youla

+

-

+
+
+

-

0

+

+
+
+
+
+

+
+
+

+

+
+
+
+

-

0
yes

0

yes

no

no

-

-

+
+

Legend:
+ : provides, can handle
- : does not provide, cannot handle
o : not of concern
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Table 3.1 shows the various methods discussed together with some selection criteria.
Selection is made on basis of the following statements.
•
•
•
•
•

This thesis treats process identification. this means that noise model estimation and
controller design are not of primary concern.
The plants that are dealt with, are stabilized by primary controllers
Because chemical processes possible have both low and high frequency dynamics,
the bias and variance distributions should be tunable
Infonnation about the controller is not always present
Currently employed software (SMCmodel, DMC and DMCplus) use high order
FIR and FSR estimation models

Based on the knowledge of the several methods and requirements, TSM and CF are two
choices of interest. Regarding simplicity and feasibility towards the present identification
techniques used at Aspen Tech, the TSM is preferred.
So from this point on, our main interest is to use TSM. However, any reference towards other
methods is not excluded.
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Chapter Four

Two Step Method:
Basic Theory

This chapter treats the Two Step Method according to [HOF,
1993]. This Two Step Method is an indirect method that is able to
estimate the transfer function of a linear plant consistently on the
basis of data obtained from closed loop experiments without
knowledge of the controller.
Although the results seem straightforward, there may be practical
problems when applying the Two Step Method in real life.
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4.1 Two Step Method: Basic Theory
This section wiII treat the basic idea of Two Step Method extensively.

4.1.1 General Configuration and Problem Statement
The general model of a closed loop system is a SISO system:

r(t)

Figure 4.1

(I)

General model of closed loop
system

This model contains three transfer functions: Go, H o and C. They are configured in a closed
loop system. Go and H are the unknown process and noise filter. C is the designed controller.
Knowledge about C is irrelevant for the two step method.
The signals that are present are:
r(t)
u(t)
y(t)
v(t)
e(t)

reference signal; this is a physically present input.
input signal; this signal can only be measured
output signal; this signal is to be measured
noise signal
zero mean white noise signal

The objective is to obtain Go from measurements. When using open loop identification
techniques, the model is not estimated accurate. This is due to the feedback of the noise part.
Stated otherwise: "The input-signal u(t) is correlated with the noise-signal e(t)". Therefore the
identification technique consists of two steps:

1. Determining the sensitivity transfer function So(q) (section 4.2).
2. Reconstruct (in a mathematical sense) an auxiliary signal uaux(t) that accounts for
the noise signal so that u(t) and e(t) are uncorrelated, and then identify with open
loop techniques (section 4.3 and 4.4).
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The overall objectives are:
1. Consistently identify the input-output transfer function regardless of whether the
noise contribution on the data can be modeled exactly.
2. Formulate an explicit expression for the asymptotic bias distribution of the
identified model when the input-output transfer function of the system cannot be
modeled exactly.

4.1.2 Determining the Sensitivity Transfer Function So
Consider the closed loop configuration in Figure 4.1. This system can be defined as:

S:

y(t)

= Go (q)ll(t) + Ho(q)e(t)

(eq..4.1)

where
u(t)

= r(t) -

C(q)y(t)

(eq.4.2)

Because y(t) depends on e(t), u(t) is also correlated with e(t). When using direct identification,
or open-loop identification, to determine Go, this results in a less accurate estimate. Therefore
the two step method consists two steps of which the first is treated in this section.
Determining the sensitivity function So (q)

=(

1
) means finding the transfer
1+ Go (q)C(q)

between the input signal u(t) and the reference signal r(t). Substituting (eq. 4.1) into (eq. 4.2)
results into:
u(t)

= r(t) -

C(q)[ Go (q)ll(t) + Ho(q)e(t)]

(eq.4.3)

Solving for u(t) in (eq. 4.3) leaves
u(t)

= So (q)r(t) -

C(q)So (q)Ho(q)e(t)

(eq.4.4)

So can be estimated using open loop identification because r(t) and e(t) are uncorrelated.
This can be done without knowledge of the controller C or the noise contribution. The
estimation of the sensitivity transfer function may be done with any model structure. The
estimation of So is not exact. This will lead to errors in the second step as we will see later on
in the thesis.

4.1.3 Decorrelation of u(t) and e(t)
The problem stated in section 4.1 is that u(t) and e(t) are correlated so the model estimate
would be extremely biased. The main idea of the Two Step Method is to decorrelate these two
signals, and then use classical open loop estimation techniques.
With the starting model in mind one could define a desired model such that u(t) is independent
of e(t), Figure 4.2.
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r(t)

y(t)

Figure 4.2

Desired model of closed loop
system

This system can be denoted as
Sd:

y(t)

= Go (q)lI r (t) + H

0

(q)e(t)

(eq.4.5)

with
r

u (t)

= r(t) -

C(q)Go (q)z{ (t)

(eq.4.6)

or
r

u (t)

=So (q)r(t)

(eq.4.7)

In this case u(t) and e(t) are indeed uncorrelated. Substituting (eq. 4.4) into (eq. 4.1) results
into
y(t)

= Go (q)[ Sor(t) -

y(t)

= Go (q)So (q)r(t) - Go (q)C(q)So(q)H o(q)e(t) + Ho(q)e(t)

y(t)

=Go (q )So (q)r(t) -

y(t)

= Go (q)So (q)r(t) + So (q)Ho(q)e(t)

with To (q) =

Figure 4.3
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C(q)So(q)Ho(q)e(t)] + Ho(q)e(t)

[(To (q) - 1)Ho(q)e(t)]

~

~
(eq.4.8)

Go (q)Co (q)
, the Complementary Sensitivity Transfer Function.
(1 + Go (q)C o(q»)

Closed loop system with
u'(t) and e(t) uncorrelated
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4.1.4 Auxiliary Signal

U aux

From eq 4.4 and eq. 4.9 we see that we would like to obtain the noiseless part ofu(t). u(t) may
be written as
u(t)

= u r (t) + u· (t) = So (q)r(t) + -C(q)So (q)Ho(q)e(t)
'-y------J

,

y

u,.

(eq.4.9)

,

u~

r

Identification according to ID(u (t)

H

y(t») results in an open loop estimation of Go(q).

From eq. 4.11 it can be seen that a valid estimation of ur(t) would be
iY (t): = u aux (t)

= S(q, es )r(t)

(eq.4.10)

4.1.5 Determining the Plant Transfer Function Go
With the results derived in sections 4.3 and 4.4, it is possible to identify Go in an open loop
fashion. The identification of the process transfer using the auxiliary signal uau."«t) implies that
if the estimated noise-free input signal is not exactly the true noise-free input signal, there will
be an error in the estimation of Go(z). How this error evolves will be treated in the remains of
this thesis.
Many of the derivations of bias and variance in closed loop presented in Chapter Three may be
used with the TSM. It is assumed that these expressions are known since they have been treated
in Chapter Three.

4.1.6 General Comments and Questions
•

Although this method seems solid, there may be some difficulties with the doubleidentification. It is not clear how the error in ,§(q, es) propagates to G(q, eG) (bias and

•
•

•
•
•

variance errors).
Is the closed loop behavior So(q) relevant to the method, or is it true that regardless of So(q)
the transfer Go(q) may be estimated accurately?
Closed loop identification techniques transform the closed loop identification problem into
open loop identification problems. So does the Two Step Method, it transforms the Closed
loop identification problem into two open loop problems. But are these two problems
completely disconnected?
How does the noise source influence the process estimate? This is directly related to the fist
point mentioned, the error propagation.
What is the optimal frequency contents of the reference signal? Is it determined by the
i
process transfer, the total closed loop transfer or the returned difference ?
Does the model structure selection influence the identification results?

The returned difference is defined by the inverse of the sensitivity function.
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4.2 Two Step Method (TSM) vs. Direct Identification
(DI)
In a closed loop situation, the input signal u(t) consists of two parts, an undisturbed (noise-free)
part and a disturbed part. Direct identification using the disturbed output signal y(t) and the
input signal u(t) may lead to bad estimation results due to an undesired correlation between the
noise present in the input signal and in the output signal.
Under what circumstances is TSM better than Direct Identification? The answer to this
question is not straightforward. A few relevant aspects are:
•
•

Signal to noise ratio (SNR)
Noise characteristics, type of disturbance ( <D v (OJ) )

•

Spectrum of the reference signal (<D r (OJ) )

•
•
•

Number of samples (N)
Choice of model used for identification (FIR, OE ARX)
Number of estimated parameters (n)

Signal to Noise Ratio
It is known that the SNR plays a great part in identification. If the SNR is large enough, the
noise may be neglected. Since closed loop identification methods are based on open loop
identification methods, this statement also holds for closed loop identification. If the SNR is
1I
greater than or equal to 40dB, direct identification is possible. Since such SNR's are usually
not the case, it may be said that in general DI is not possible.

Noise characteristics, type ofdisturbance
An important aspect is the type of noise. If there is a white noise disturbance, DI is still
possible. Figure 4.4 and 4.5 show the results ofDI with a zero mean white noise source with
a~

= 100. We see that the bode diagram of the estimated process matches the true bode

diagram quite well. Ifwe take a look at Figure 4.5, we see that the correlation between the
input signal and the output signal residue looks like the impulse response of the control
sensitivity. This is what we expected. Consider the output signal y(t):
y(t)

= Go (q)u(t) +v(t)

(eq.4.11)

The estimated output signal equals
y(t)

=G(q, eo )u(t)

(eq.4.12)

The residual &(t) equals
&(t) =y(t) - y(t) =[Go(q) - G(q,e o )]1t(t) + v(t)

ii
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(eq.4.13)

This is a rule of thumb.
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Since u(t) in closed loop equals
u(t)

= So(q)r(t) -

C(q)So(q)v(t)

(eq.4.14)

the residue E:(t) now equals

= [Go (q) - G(q, BG)]{So (q)r(t) A]
SO (q)
... [Go(q)-G(q,BG)So(q)r(t)+
v(t)
S(q,B )

E:(t)

= y(t) -

y(t)

C(q)So (q)v(t)}

+ v(t) =
(eq.4.15)

A

G

•

1

A

wIth S(q,B G) =

A

1 + C(q)G(q, BG)

Assume G( q, BG) to be consistent, then

A } =Oand lim { AU
S (q) } =1
lim {G(q,BG)-Go(q)
N-4OO

N-4W

(eq.4.16)

S(q,B G )

From eq. 4.14 - eq. 4.15 follows for the cross correlation function
p

R£.u(r) = L:>(t)u(t - r) = -Ro(-t)

(eq.4.17)

1=0

with Ro(t) the impulse response of the control sensitivity.
This is exactly what Figure 4.5 shows.
Correlation function of residuals. Output 'II 1

Bode diagram of G(z), 01 and white noise
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Figure 4.4

15

jnl~ ,

Figure 4.5

Correlation between residuals

Spectrum of the reference signal

Whether or not the process dynamics are triggered depends on the spectrum of the input signal
u(t). The input signal u(t) depends on the reference signal r(t) and on the noise signal v(t). The
main contribution in the TSM is from the reference signal r(t). If the reference signal has is
large for frequencies in the frequency area where the noise is small, the SNR for those
frequencies will be large. The estimation for those frequencies will be better.
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Number ofsamples
Oue to the fact that an infinite number of samples is not possible, there is additional correlation
iii
between the reference signal and the noise signal. This results in an extra bias term . To
decrease this variance term, a large data set may be used. Consequently the measurement time
will increase. This is not desired. It cannot exactly be said how large the data set has to be.
This depends on the amount of actual correlation between the reference signal and the noise and
the condition of the reference signal (diagonality of the regression matrix as defined in section
4.3.2.1.).

Choice ofmodel
FIR and OE models do not incorporate noise models. The output signal residue should
resemble the noise spectrum. With 01 it is a little bit different. The output error spectrum is
defined as in eq. 3.13. We see that there is an implicit weighting on the noise contribution.
Minimization of the output error spectrum now includes minimizing the contribution due to the
reference signal and the contribution due to the noise spectrum. The only variable the criterion
has is the parameter vector (}G' This may be seen as pseudo noise modeling. This means that
this pseudo noise modeling consumes energy that was meant for modeling of the process. As a
result the process will be modeled inaccurate.
For models that simultaneously model the noise characteristics, like ARX, ARMAX and BoxJenkins, the noise modeling can be done by adjusting the process parameter vector () G and the
noise parameter vector eH . Since the process dynamics and noise dynamics may be modeled
separately, the process model will be more accurate.

If the process is modeled accurate, the fraction

ISo(ei"'f
i

1·S'(e "', (}G

f

will be closed to 1. This means

that with the proper noise filter (for ARX: VA) the noise may be modeled correct.

Number ofestimated parameters
As with open loop identification, the number of parameters influences the variance in the
estimated model. Although the variance in the process model that is estimated with TSM equals
the variance with 01, there is an additional aspect. The variance in the first estimation of the
TSM serves as a 'bias' error in the second estimation step. It cannot be retrieved whether or
not the error in the sensitivity transfer is due to bias, or variance. Therefore, the variance in the
first estimation step of the TSM should be kept as small as possible to avoid a possible
deviation form the true sensitivity transfer function.

To get an idea of the power of the Two Step Method, a comparison between a TSM and a 01
experiment is made that is analyzed in this section. For the remains of this thesis possible
trouble shooting with the Two Step Method will be treated, but there will not be any
comparison between TSM and 01.
iii
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This term may also be addressed to as 'variance' term. This is a valid statement because the error depends
on stochastic noise. It may vary for different experiment at different times.
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As treated in this section 4.1, the Two Step Method consists of two subsequent open loop
identification steps. Errors that are made in the first step directly influence the estimation in the
second step. Therefore it is necessary to obtain an accurate estimation of the Sensitivity
transfer function S(z).
It is important to know that the amount of variance in DI equals the amount of variance in
TSM or any other indirect estimation method, [GEV,1996a). Just the noise less input signal
contributes to the variance. The variances of the estimated process model and noise model are
given in table 4.1. For completeness, the variances are given for the open loop situation as well
for the closed loop situation.
table 4.1 Variance in the estimated process and noise models obtained from open loop and closed loop data

open loop

closed loop

process model estimate

..!!...- <D
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y

N <D u'

_..!!...- <D

y

N <D u
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+ <D u'

)

<D u'

......................................................................................................................................................................................................................

noise model estimate

u')

n <D y
<..!!...- <D y [1 + <D
N (72e V e
N ..... Z
<D ul'

4.2.1 Example
The process under stud/Y
The process Go(z) is a second order stable LTI transfer function equal to
ZZ

Go(z)=----ZZ - 1.6z + 0.89
Due to the direct feedthrough term there is no delay. The settling time is approximately 80
samples.

Controller
The controller transfer function equals C(z) = z - zO.8 . We see that the controller cancels the

z

zeros of the process. This reduces the settling time of the closed loop transfer. The poles of the
closed loop system are placed in z=0.3.

Choice o.fmodel
The estimations are done with FIR models. FIR models have many parameters. This leads to a
large amount of variance, see eq. 2.38. With a different model choice, for instance an output
error model, the number of parameters may be chosen smaller. This leads to a reduction of the
amount of variance in the estimated model. Since optimal model choice is not at hand, FIR
estimation is a valid choice. We just have to keep in mind that the estimation results may be
better with another model choice.
iy

The process, controller and the noise filter have been chosen as in [HOF, 1993].
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A second reason for using FIR estimation is the fact that at Aspen Tech mainly Finite Impulse
Response (FIR) and Finite Step Response (FSR) models are used.
A great merit comes with the fact that with FIR models the parameters may be interpreted
directly. This makes analysis of the Two Step Method somewhat easier.

Number ofsamples
The experiments in this section are done with a data set of 4096 samples. Previous experiments
point out that this is a reasonable choice.

Number ofestimated parameters
The process impulse response has a settling time of approximately 80 time units. The number
of estimated parameters is chosen 100 to capture some of the tail dynamics of the impulse
response. This may lead to better estimation of the steady state value.
The sensitivity transfer is estimated with 10 parameters for similar reasons as stated above.

Noise characteristics
The noise transfer function Hn(z) has been chosen equal to
H (z) =

2

Z3 -

o

Z3 _

1.56z + 1.045z - 0.3338
2.35z 2 + 2.09z - 0.6675

(eq.4.18)

The noise characteristics resemble the process characteristics, meaning that in the frequency
area where the process has a large gain, the noise is stronger. Due to the choice of C(z) the
sensitivity transfer So (e im ) is small in the area where the noise is strong.

Signal to Noise Ratio
2

The SNR

a;
a

has been chosen 1. The resulting SNR due to the noise filtering by Ho(q) equals

e

2

a; = ~
:::; 0.19 . It appears from previous simulations that this is a valid choice to show the
a
).3
y

aspects concerning TMS versus DI.

Spectrum ofthe reference signal
The reference signal is a Pseudo Binary Noise Sequence. The minimal switching time is chosen
1. This is based on the fact that the process band width is 1/3 Hz (see Appendix B). The
resulting spectrum is white in the bandwidth of interest.
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4.2.2 Simulation Results
The estimated impulse and step responses are given in Figure 4.6 and 4.7.
Impulse response of G(z) via 15M and 01 incl. true response

Step response of G(z) via TSM and 01 inc!. true response
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Impulse responses: 01 (full),
TSM (dashed), true (do«ed)
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Figure 4.7
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Step responses: 01 (full),
TSM (dashed), true (do«ed)

From Figure 4.6 and 4.7 we see that the impulse and step responses obtained from DI are
small. This is due to the fact that the correlated noise term contributes in a negative way to the
estimated parameters and consequently to the impulse and step response.
The noise is mainly active in the frequency region round 0.55 rad/s. This is the oscillation
frequency of the impulse and step response. The oscillation behavior cannot be found with 01.
This can also be seen in the bode diagram (Figure 4.8). The peak in the process magnitude
response is not detected. The total energy in the impulse response obtained by DI is too low.
This results in a difference in the steady state value. This difference may be observed in Figure
4.7 and 4.8. The fact that the steady state value of the process obtained with TSM is not
correct, arises from the variance in the estimation.
Bode diagram of G(z). via TSM and 01 inc!. true response
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Figure 4.8

Bode diagram of G(z) obtained by 01 (fUll) and TSM
(dashed). True bode diagram: do«ed.

Ifwe take a look at Figure 4.9, we see that the PSD (Power Spectral Density) of the residue
obtained from DI is white. This is not correct. The PSD should be similar to the noise
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spectrum. In contrast to DI, TSM comes up with the colored spectrum. This means that
consequently the process estimate is better with TSM than with DI, as discussed.
PSO of output signal residues from 01 and TSM

10'3 .----~~~ ........-~~~.,.-~~~......,.-~~ .............

..

::;.

.

(ij"'j\1!IJ~~\

1cf

1(52 L..-~~~""""""_ _~~"""""'_~~~....L-~~~""""

1 (54

Figure 4.9

PSO of residues in case of 01 (full) and TSM (dotted)

Now that we have shown that TSM is better for closed loop identification in case of colored
noise, further analysis of the TSM can be done. Several aspects like reference signal design,
and bias and variance propagation will be discussed.

4.3 Bias and Variance in the Two Step Method
Since there are two subsequent open loop identification steps in the Two Step Method,
estimation results in the first step will influence the finally estimated process transfer. This
section treats the several errors that may influence the error in the estimation in either step. The
strategy is to take a look at the two steps individually, and then link them together.
The bias expression is derived for the time domain. For the frequency domain the bias and
variance errors are regarded.

4.3.1 Error Propagation in the TSM
To understand why the estimated process differs from the true process, the errors made in the
two steps have to be tracked from the beginning. This section treats a qualitative view at those
errors. For this analysis the sensitivity transfer is used. Similar expression may be derived for
the control sensitivity or even for a combined version of the two.
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Estimation step 1: estimating the sensitivity transfer S(q)
The sensitivity transfer is detennined from r(t) and u(t) according to
S(q,() s) = ID(r H u)
The error in the estimation consists of a bias error and a variance error:
(eq.4.19)

The auxiliary signal uaw,(t) is created according to

uaw: (t)

=S(q, () s )r(t) =[So (q) + Mbia< + M var ]r(t) =u~ (t) + U bia, (t) + u var (t)

with u~ (t) the true noise-free input signal,
estimation of S(q) and

tl var

(t) the contribution due to the bias in the

(t) the contribution due to the variance in the estimation of S(q)

Figure 4.10

U bias

Ubia<

(eq.4.20)

System configuration after step 1, with
additional input disturbances caused by
bias and variance in the first step

(t) and u var (t) are correlated with the disturbance v(t) by definition. This may seem a bit

strange, because we wanted to circumvent correlation between the input and output signal.
However, the contribution of tibia< (t) and u var (t) in uaw,(t) is significantly smaller than the
contribution of - Ro(q)v(t) in u(t). Further more, the bias and variance contributions may be
reduced by a proper choice of model, reference signal and experiment length.

Estimation step 2: estimating the process transfer G(q)
Assume that the noise-free input signal is constructed exact;

Ubia<

(t) =0,

U var

(t) =0.

The process transfer is determined from uaux(t) and y(t) according to
G(q'()G) =ID(u aux

H

Y)

In this estimation step there may also be bias and variance errors:
G(q, () G)

= Go (q) + l1G bia<.G

+ l1G var.G

(eq.4.21)

The variance error in this step arises from the fact that r(t) and v(t) are correlated. This may be
due to actual correlation (even with infinite time) or correlation due to finite time.
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Ifwe now consider the additional input signal disturbances (which are fixed errors from this
point on), the error in the process estimated increases. In table 4.2 the consequences for the
bias and variance errors in G resulting from the bias and variance errors in S are shown
table 4.2 Bias and variance in the process estimate

.........................................................L~.~~~ . ~~ . ~.~.£~.~.~ ~.~.~p.
.. ~~.~.~..~.~..~.~.~~ ..~.~.~~

Variance in first step

.J ~.~~.~.~

9.

! Variance in G

L.y~.~~.~.~£~ ..~.~..~~£Q~~ ..~~~P .

.l..y~.~.~.~~~ . !~ ..9.
i Variance in G

.

From table 4.2 we see that the resulting variance error in G is very dominant. To restrict the
variance in G, the estimated sensitivity transfer has to be very accurate; the bias and variance
in S have to be small. Figure 4.11 shows two estimations ofG(z). One obtained via the
estimated sensitivity transfer, and one obtained via the true sensitivity transfer. The noise
acting on the output of the system has similar characteristics as the process itself. The first
estimate will be referred to as

Gs ' the second estimate will be referred to as GSo
Bode diagram of G(z)
...........T'T'T'O.--------.-...........~........-~---.--......,...,...,

1<i r-~~~,..,.,--~~
mag

o
phaSE

.............J....._-'--~~.......J.._~~~...........J

_5L-~~~~..L-~~~

10.4

Figure 4.11

10-2
frequency [rad/s]
Estimate of G(z) via estimated of S(z) (fUll) and true S(z) (dashed). True
frequency response of G(z) is dotted

There are four direct observations:
1.

Steady state error of

2.

The variances of

equal
3. The variance of
that area
4. The bias error in
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GSo

GSo

GSo
and

is smaller than the steady state error in

Gs

Gs '

in the area just before the peak are approximately

in the area of the peak is smaller than the variance of

Gs

In

Gso ' in the peak area, is smaller than the bias error in Gs
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Analysis:
I. The variance of S is small for low frequencies. The error in S is mainly caused
by bias in the first estimation. The bias will introduce a bias in the auxiliary input
signal. Consequently the bias in G will increase.
2. The noise acting on the output ofthe process is relatively small in the area before
the peak. This means that the variance of S in that area is also small. The
variance of Gs• and Gs arises mainly from variance in the second step.
3. The variance in S increases when the frequency enters the peak area. Variance in
G is no longer solely caused by variance in the second step, but suffers also from
variance in the first step.
4. The frequency area where G(z) has its peak upwards, is the frequency area where
S(z) has a peak dO\V1lwards. This means that estimation of S(z) in that area is less
accurate than in the rest of the frequency area. Consequently this bias error in S
causes for an additional bias error in the estimation of G.
Now that we have a qualitative view at the error propagation in the TSM, we may consider
bias and variance expressions separate.

4.3.2 Bias in the TSM: Time Domain Analysis
Consider the closed loop system as in Figure 3.1, and the closed loop system relations as in eq.
3.1 and eq. 3.2.

Assumptions and definitions
Assume FIR modeling. This means that no effort is put into modeling the noise characteristics.
This is not necessary because the noise model is not used during TSM. FIR also means that
there are no AR-parameters. Consequently the system model may not generate output values
from previous output values. Due to this aspect, the FIR model has to be estimated with many
parameters to capture all relevant dynamics, leading to an increase of variance. However, a
great advantage is that bias may be read directly from the FIR parameters. Furthermore, the
variance may be reduced using a large dataset. The following notations are used:

Parameterizations:
Process Go(z)
Noise innovation filter Ho(z)
Sensitivity So(z)
Control sensitivity Ro(z)
The estimated parameter vectors will be denoted as Ox,
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Regression vectors:

where the subscripts x respectively stand for: reference signal, input signal, output
signal, auxiliary input signal.

Regression matrices:

Strategy

eo,

Use direct identification to obtain the process model
or ID(u(t) ~ y(t» . Then
replace the noise-polluted input signal u(t) by the auxiliary signal Uau.,,(t).

Ident!fication ofG(z)
The output regression vector may be written as
(eq.4.22)

FIR model representation:
¢y,m(t)

=Que om

(eq.4.23)

The model parameters may be obtained from
(eq.4.24)

where the subscript m stands for model,

Because of the disturbance in the output signal, ¢y,m(t) has to be replaced by ¢y(t). This
results into
(eq.4.25)

where [Q~

Q

u]

the autocovariance matrix of u(t) . Note that in case of open loop

es

equals

the unit vector.
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Instead of the actual input signal u(t), the auxiliary input signal ¢uc:au: (t) is used. ¢u

GlU

(t) is

obtained from
(eq.4.26)

(eq.4.27)

So

(eq.4.28)

The subscripts 0 and B respectively stand for noise:free, and bias. In matrix notation this is
nU<>L«t)=[[¢uo +¢uB](t)
nu",,, (t)

[¢u o +¢uB](t-l)

... [¢u o +¢uB](t-N+I)]or

(eq.4.29)

= n uo (t) + nUB (t)

Now replace

n

u

(t) by

n =, (t)
u

(eq.4.30)

Eq. 4.30 and eq. 4.32 now determine the amount of bias on each parameter and the kind of bias
(bias in step 1 or step 2).
Bias in step 1 of the TSM (estimation of S(z» is governed by the expression for nUB (t). If
S(z) is estimated exact, nUB (t) equals zero, leaving only bias in the estimation ofG(z) which
thus only depends on the noise-free input signal.

4.3.3 Bias in the TSM: Frequency Domain Analysis
The estimated closed loop system is G(z, (}c,)·5(z, (}s) . The simulated output then equals
(eq.4.31)

The output error now equals
t:(t)

= y(t) -

y(t)

= [GoSo - G.~]r(t) + So v(t)

(eq.4.32)

The arguments (q, (} G) and (q, (} s) have been left out for brevity.
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The output error spectrum is obtained via the Fourier Transform, and results into
(eq.4.33)

The arguments (ei(O) and (eia> ,0) have been left out for brevity.
The model parameters are found by

=arg 9min
f~ cD c(w)dw
E9 -~

0G

(eq.4.34)

0

The bias is the difference between the true impulse response parameters and 0 G • Mind that the
estimated sensitivity frequency response used in this expression is fixed during the second step.
Ifwe substitute eq. 4.19. into eq. 4.33, we obtain
(eq.4.35)

This may be written in a more common form as presented in [GEV, 1996b]:

(eq.4.36)

4.3.4 Variance in the TSM
To determine the variance in the TSM, the same strategy as for the bias in the TSM is used.
For open loop identification the following variance expression holds:

(eq.4.37)

with

nG
N:

the number of estimated parameters
the number of samples

:

ISo (e i a»1

2

cD v (w) :

cD u (w):
""

the spectrum of the resulting noise contribution
the spectrum of the estimated auxiliary signal

Since the spectrum of the estimated auxiliary signal equals
cD u"" (w)

66

= IS(e,a> , Os

f cDr =ISo

2

(eia> , OJ + ,1.S·bia.< (eia> ,OS> + A.S· var (eia> , Os )1 cDr

(eq.4.38)
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The resulting variance equals (substitution of eq. 4.38 into eq. 4.37)

(eq.4.39)

4.4 Concluding Remarks
In this chapter we have explained the mechanism of the Two Step Method (4.1). To answer the
question: 'Is it necessary to use the TSM, or is DI sufficient?", we have given an example
which shows the difference between 01 and TSM in case of white noise disturbance and
colored noise disturbance. It turns out that if the noise is white, that 01 perform the process
estimation sufficiently accurate. In case of colored noise the 01 suffers from large steady state
error, high variance in the frequency area where the noise is mostly active and incapability of
detecting the peak in the frequency response of the process (see 4.2.2).
v

The bias and variance expressions for the TSM have been derived • We saw that the process
estimation is sensitive to the accuracy of the estimated sensitivity transfer L~ Errors in Swill
•

mostly show up as variance errors in G (4.3).
In Chapter Five several experiments will be done. Some of them regard possible enhancement
of the estimation results, some of them will explain troubleshooting with the TSM.
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Chapter Five

Designed
Experiments using
the Two Step Method

This chapter treats some designed experiments. The goal is to
take a look at the results of the Two Step Method in case of
distinct disturbances and how this affects the accuracy of the
estimated process model. Also identification by factorization is
treated in case of a special choice of the weighting filter for the
reference signal: the estimated sensitivity.
The reference signal plays a great role in identification. Some
comments towards reference signal design will also be given. This
concerns the subject on pre-filtering the excitation signal.
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5.1 Identification by Factorization
Identification by factorization is presented in section 3.2.4. If we set Wx(q) in eq. 3.33 equal to
the estimated sensitivity transfer, the factor N(q) exactly represents the estimated process in the
TSM. The question is: Is there any information left in the D:factor that we could use?
Consider the closed loop system relations:
y(t) = Go (q)So (q)r(t) + So (q)H o(q)e(t)

(eq.5.1)
(eq.5.2)

If we rewrite these equations into
y(t)

= Go (q)So (q)[ S(q, as)

... = No (q)x(t)

r

x(t) + So (q)v(t)

=...

(eq.5.3)

+ So (q)v(t)

r

=So (q)[S(q, as) x(t) - C(q)So(q)v(t) =...
... = Do (q)x(t) - C(q)So (q)v(t)

u(t)

(eq.5.4)

with
(eq.5.5)

Do (q)

= So(q)[ S(q, as)

r

(eq.5.6)

x(t) =S(q,as)r(t)

we could obtain an estimate for G(z) according to
G(z,a N ,aD) = N(z,a N )[D(z,aD)r

(eq.5.7)

Ifwe assume exact estimations ofN(z) and D(z), the error in the process estimation is solely
due to the error in the sensitivity transfer function S(q, as) . Do(q) then represents the
multiplicative error in the estimation of the N-factor.
If we just consider the equations, the statement above is true. Fact is that we have to take a
look at what is really happening during estimation. If the estimation of the sensitivity transfer is
accurate (almost exact), the remaining information in the D-factor are the noise characteristics.
If we would compensate the N-factor with the D-factor, we would introduce the these noise
characteristics into the process estimation.
The power of this method lies in the fact that unmodeledprocess dynamics that are not present
in N will be added by introducing D- I . i , rather than to cancel undesired modeled noise
disturbances present in N.

The several transfers G(.), N(.), 0(.), 1(.) S(.) will be denotes in italic without arguments
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Consider six experiments:
1. Low power colored noise, inaccurate estimation of S due to a bad model choice,
Figure 5.1.
2. High power colored noise, inaccurate estimation of S due to a bad model choice,
Figure 5.2.
3. Low power colored noise, accurate estimation of S in terms of a good model
choice, Figure 5.3.
4. High power colored noise, accurate estimation of S in terms ofa good model
choice, Figure 5.4.
5. Low power colored noise, use of exact transfer S, Figure 5.5.
6. High power colored noise, use of exact transfer S, Figure 5.6

Use oflow/high power colored noise
The idea behind this choice is that with high power colored noise the estimation of S is
bad with respect to the estimation of S with low power noise. This mainly concerns the
variance in the estimation. The colored noise is generated by a white noise source with
that is filtered by a noise innovation filter H(q) as specified in Appendix A.
power

0-;

In case oflow power noise,

0-; equals 1. In case of high power noise, 0-;

equals 25.

Accuracy ofS
The accuracy under consideration is mainly in terms of the bias error due to a bad
model choice. In this experiment this means that that the sensitivity transfer is
estimated with 3 FIR parameters instead of the required 10 parameters. The D-factor is
estimated with 10 FIR parameters, the N-factor is estimated with 60 FIR parameters.
If the D-factor is estimated with a large number of parameters, for example 100
parameters, 10 parameters (rough estimate) would be used to model the error

So (q)[ S(q , Bs )

r'

the remaining parameters would be used to model the noise

characteristics. Since the N-factor does not contain any noise characteristics,
compensation by the D-factor would lead to an extra error in G.

System settings
The transfer functions of the process, controller and noise innovation filter that are
used during this experiment, are given in Appendix A. The reference signal r(t) is
applied at the process input. r(t) is a prbns with an amplitude equal to 1. The power of
r(t) equals
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5.1.1 Simulation Results
Figures 5.1 - 5.6 show the frequency responses of the estimated process for the six experiments
mentioned above.
Exp. conditions: low power noise, N60, D60,F3
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Experiment 1.
true: dotted. N-factor: full, Dol-factor: full (thick), NO-l : dashed

Exp. conditions: high power noise, N60, D10,F3
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Exp. conditions: low power noise, N60, 010,F10
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Exp.conditions:high power noise, N60, 010, F10
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1
true: dotted, N-factor: full, 0-1-factor: full (thick), NO- : dashed
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Exp.conditions: low power noise, N60, 010, F=S
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Figure 5.5

Exp.conditions: high power noise, N60, 010, F=S
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Experiment 6.
true: dotted, N-factor: full, O,1.factor: full (thick), NO,1; dashed
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5.1.2 Analysis of Identification by Factorization
Inaccurate estimate ofthe sensitivity transfer (experiments 1 and 2)

In case of experiments 1 and 2 the sensitivity transfer is estimated with too few FIR parameters
(3). In both cases we see that the peak at OJ = 0.1 rad / s is not detected. This is due to the
fact that the peak is not detected in the sensitivity estimate, Figure 5.7. Also the steady state
value is not
Frequency response of sensitivity estaimate, F3

-:]

~==~?21
1U 3

1U·

1~

1U\

1d

detected well. Ifwe estimate the D-factor, we
see that the lost information about the peak and
the steady state value appears in D. Ifwe
correct the N-factor with the inverse of the Dfactor, we obtain the peak at OJ = 0.1 rad / s .

.'J ~J

In case of high power noise (Figure 5.2), We
see similar results for the correction by the Dfactor. Due to the noise the variance in the
estimations ofNand D increase. The amount
1a'
1~
1U
1U
1if
of variance in the N-factor is opposite to the
frequency (radlsJ
variance in the D-factor due to the difference in
Figure 5.7
Frequency of estimated
the sign of the noise contributions in u(t) and
sensitivity: full, true frequency
response: dotted
y(t), see eq.3.1 and eq. 3.2. This means that by
compensating the N-factor by the inverse Dfactor, the variance contribution increases. Ifwe take a look at frequencies around 0.01 rad/s,
we see that the increase is not 100% due to the fact that the noise contribution in u(t) equals the
noise contibution is y(t) filtered by -C(q). Since C(q) is a high pass filter, with a cut-off
frequency higher that 0.0 I rad/s, the noise contribution in u(t) is less than the noise
contribution in y(t).
1

1

Accurate estimate ofthe sensitivity transfer (experiments 3 and 4)

The sensitivity transfer is estimated accurate. The only errors in the estimation are: a slightly
different steady state value and the peak is a little bit shifted to the right.
Frequency response of sensitivity estaimate, F3

::. ::: V
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1
lei'

: :/1 ]

10~

1~

1U 1
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frequency [radls)

Figure 5.8

ii

Frequency response of estimated
sensitivity transfer: full, true
frequency response: dotted

"we increase the number of samples to 16384,
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We see from Figure 5.3 that D almost equals
the unit transfer. In case of high power noise,
Figure 5.4, we see that there are some variance
errors, especially in the area around
OJ = 0.1 rad / s . These variance errors arise
from the a finite number of samples.iiThe
steady state value of the corrected estimate

r

(; = N( i>

is slightly better than the steady

state value of the uncorrected estimate N. This
is due to the implicit increase in the available
parameters which leads to more freedom in the
estimation, and consequently in the steady state
estimation.
this variance error mostly disappears.
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But what if there are no errors in the estimation of S? Experiments 5 and 6 treat this subject.

Exact estimation ofthe sensitivity transfer (experiments 5 and 6)
If the sensitivity transfer is estimated exact, the D-factor should exactly equal the unit transfer.
This is certainly not the case. Due to the freedom in the estimation of D, the noise contribution
is modeled. This error is due to the finite (low) number of samples, as discussed above.
Correction of the N-factor by D deteriorates the results in case of a high noise power (Figure
5.6).

5.1.3 Concluding Remarks
We have developped a mechanism to detennine the complexity of the FIR model used in the
estimation of the sensitivity transfer by introducing the D-factor. D may also be use to correct
the estimated process transfer in the TSM which equals the N-factor in the discussion above.
The estimated sensitivity transfer F is complementary to the estimated D-factor, see Figure 5.9.

F
D

>

I

Figure 5.9

I

!
<

F and D complementary

The method proves good perfonnance for bias errors due to bad model choice. It does not
iii
perfonn well when the errors arise fonn variance errors due to finite time, or variance errors
due to correlation between the reference signal and the noise. This is because both errors
appear with a positive sign in the estimation of N, and with a negative sign in the estimation of
D.
There is however an unsolved question:

Assume that the complexity ofthe sensitivity transfer F. is
unknown, how we would now the complexity ofD?
A possible solution is to choose a high order FIR model for D, but then the variance in the
estimation increases. This means that if we use D for the correction of N, we only introduce
errors into the final process estimate. So for the time being the answer to this question remains
unsolved.
A practical application of the method above is to monitor deviations in the process which lead
to differences in the sensitivity transfer. Assume the known/old sensitivity transfer to be Sold,.
This way the complexity of the sensitivity transfer and the D-factor are known.

iii
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These variance e"ors usually appear in bias expressions, but in fact they are really variance e"ors because
they appear as a consequence of a stochastic variable vet).
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Estimation of the process may be done by:

= Sold (q)r(t)

1.

x(t)

2.

N=ID(xHY)

3.

D=ID(XHU)

4.

G=N(br

Now the differences in the process are corrected. D is a measure for the changes in the process.
It expresses the sensitivityiV in the changes of the process.

5.2 Frequency Contents of the Reference Signal
The accuracy of the estimated model depends a great deal on the excitation signal, or as
referred to in this thesis, the reference signal. It is essential to trigger al the dynamics in the
process. This way the dynamics become visible. But how do we choose such a signal?

5.2.1 Pseudo Random Binary Noise
It is desired to use an impulse signal at the reference input. The numerical advantage is that the
spectrum is white for all frequencies, and the process generates the impulse response. Since this
is not possible in practice, an alternative is used that gives a white spectrum over the range of
frequencies where the process dynamics are present. This alternative signal is a Pseudo Binary
Noise Sequence (see Appendix B). This signal consists of values {-A, A}. Its design features
are:

Tsw

The switching time which is a stochastic variable.
The minimal switching time, which is the smallest time between two different
values.
The switching chance, in the literature often the non-switching chance is used.
The amplitude of the prbns.

Tprbns

P
A

The switching chance p equals 0.5 by definition. The resulting spectrum equals

<I> prbns (co)

=A2
Tb

.

This is a constant for all frequencies ([KLA, 1995]).

It is valid to say: 'The reference signal spectrum is white". What is meant is that the reference
signal spectrum is white over the bandwidth of interest.

iv

This sensitivity is not in the context of sensitivity transfer, but in the context as in 'derivative'.
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5.2.2 Optimal Reference Signal Spectrum in Open Loop
Identification
The accuracy of a model is mostly judged by its variance. Variance errors are worse than bias
errors since they are harder to solve. Bias errors may be solved by a good model choice.
Assume FIR modeling, and furthermore assume that the process is in the model set. The noise
is assumed to be white. In open loop identification it then is a valid choice to assume the best
reference signal spectrum to be white also. This has been shown in [KLA, 1995] using the
Hessian of the identification criterion. The Hessian is defined as the second derivative of the
identification criterion with respect to the parameter vector e.
Now we know how the Reference Signal Design (RSD) is performed in open loop
identification. In closed loop identification a similar RSD can be used.

5.2.3 Optimal RSD in eLP Identification using the TSM
In closed loop identification our main interest is to obtain an accurate process model. We have
discussed the necessity of closed loop measurements in Chapter One. RSD as in open loop
identification is not possible since we cannot design the process input signal directly. We have
to consider the fact that the output signal y(t) is fed back into the process via the controller.
In the TSM two open loop identification procedures are perfomed:

1. Estimation of S(z) based on r(t) and u(t).
2. Estimation ofG(z) based on Uall.,,(t) and y(t).
Since two different 'input' signals are used for identification (r(t) and uaux(t)), it is only fair to
consider both signals in RSD.
The first step is easy. Estimation of S(z) is directly done in an open loop way, using
expressions for open loop identification. In terms of RSD the best reference signal would be a
signal with a flat spectrum in the bandwidth of interest. This may be realised instantly.
Consequenctly the process input signal u(t) does not have a flat spectrum. An exception is
made when the closed loop system has one controller in the feedback loop that is perfectly
integrating. The sensitivity transfer than equals 1/2. Since these kind of systems do not show up
in practice, we may say that in general the spectrum of a process input signal of a closed loop
system is not flat when the reference signal has a flat spectrum.
We would like the spectrum of the process input signal to be flat as in the open loop case.
Consider eq. 4.9. We may derive from eq. 4.9. that the spectrum of the process input signal u(t)
(if we neglect the noise contribution) equals

<flu (w) = ISo (e i (")j2 <flr(w)

78

(eq.5.8)
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We would like to have a flat spectrum, so a valid choice of the spectrum of the reference signal
seems to be
(eq.5.9)

Since the spectrum of a prbns is flat as discussed in section 5.3.2, the resulting spectrum of the
process input signal is also flat. Since So (e iUl ) is not available, we have to settle for an
estimation of So (e iUl ): S(e iUl ,Bs) .
But if we use a reference signal spectrum as in eq. 5.9, and we apply theTSM, we do not obtain
an accurate estimate of So (e iUl ) . This leads to errors in S(e iUl , Bs) and G(e iUl ,B 0) as
discussed in Chapter Four, section 4.3.3. So we have to find a way to use the TSM and use the
optimal input spectrum.
It appears that one data set is not enough. The answer lies in taking at least t\\O data sets:
One for the estimation of S(e iUl ,B s) and one for the estimation of G(e iUl ,B 0) . The procedure
now goes as follows:
l.

Use a prbns for r(t), estimate ,§(e ieo , Bs) according to ID(r

2.

Create a new reference signal r * (t)

3.

Estimate G(eiUl,e o )'

= [,§( eieo ,Bs)

r

H

u) .

r(t) .

If we apply the TSM on the new data set, the errors in the second estimate ,§(e ieO ,Bs ) will
deteriorate the estimated process G(e iUl , Bo )' But what should we do then?
Assume that the true sensitivity transfer is available. The new reference signal now equals
r* (t)

= [So (q) r' r(t)

(eq.5.10)

Consequently the process input signal equals
u(t) = So (q)[ So (q)

r' r(t) - Ro(q)v(t) = r(t) - Ro(q)v(t)

(eq.5.11)

The spectrum equals
<t> u «(0)

= <t> r «(0) + IRa (e ieo

f

<1> v «(0)

= <1> prom «(0) + IRa (e ieo )1

2

<1> v «(0)

(eq.5.12)

We now see that u(t) equals the original reference signal r(t), disturbed with the closed loop
noise. The output signal is now determined by
(eq.5.13)
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The corresponding ouput spectrum equals
<D y (co)

= IGo(elm

f <Dr (co) + ISo (elm f <D y(co) =IGo(elm )1 <D
2

prbns

(co) + ISo (e'mf <D y(co)

(eq.5.14)

If we now use y(t) and r(t) for identification, we obtain an estimated ofG(q). It is necessary to
use r(t) for identification instead ofu(t) since u(t) contains a noise term..
The spectra ofthe process input signal and output signal respectively equal
(eq.5.15)

and
(eq.5.16)

S(e im , () s) is assumed to be as accurate as possible. This means that

{Iso (e ,m )1 Lls(e ,m f
2

r
1

}

is close to 1. This error resembles the error that is made with the

regular TSM dicussed in section 4.1. The difference lies in the fact that the process is excited
better than with regular TSM.

ID(H u)=(S)

--~'\

(
r(t)

t(~ Go

Figure 5.10

y(t)

Determining the sensitivity
transfer S with prbns excitation

(I)

4c

~-----------,,ID(r-+Y)=(G)

Figure 5.11

80

Determining the process transfer
G with filtered prbns excitation
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5.2.4 Simulation Results
The goal of this experiment is to detennine whether or not the method described above yields
better results than the regular TSM. The disturbance in set to a colored noise sequence
v(t)=H(q)e(t), with H(q) as in Appendix A. The power of the white noise e(t) equals
= 25 .
The sensitivity is estimated with 10 FIR parameters, the process is estimated with 100 FIR
parameters.

0";

The "double" excitation scheme is shown in Figure 5.12. This Double Excitation Method will
be referred to as DEM for brevity.

excitation

----'';-----(i) prb ns

~

EJ

i~

t..=:L.J

v(t)
r + y(t)

I~I+-

-1- 8
l-

t...::}j

EJ
-

,-='t]

r(t)-+--+-+(-) u(t) •

~--

r-=::\l

(1)

(1)

1_

- I

~

~f-----

Equal ref. signal
power

Figure 5.12

Scheme representing the "double" excitation:
00: excitation to obtain sensitivity transfer estimate
@: excitation to obtain process transfer estimate

The shadowed boxes contain a representation for the frequency contents of the signals.
Step response of G(z), T5M and OEM
PSD of old excitatioo signal and new excitation signal
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PSO of reference signals.
Prbns: dotted, filtered prbns: full

Figure 5.14

Step responses of G(z) obtained
with TSM and OEM. Via TSM: fUll,
via OEM: dashed. True step
response: dotted
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1ci

Bode Diagram of G(z), TSM and DEM

,----~~~~~~~

..........---~,_____-~-....,

mag

1cf

phase

o

1cf
Figure 5.15

Frequency response of G(z) obtained with TSM (full) and
OEM (dashed). True step response: dotted

From Figure 5.13 we see that the total power in the exitation signals is constant. The energy is
differently divided over the frequency range. For the higher frequencies (OJ> 0.2 rad / s ), the
energy is less.
The difference with TSM is that the process input signal amplified for frequencies which have
been attenuated by the sensitivity transfer. We see that DEM gives a smaller steady state error
than TSM. This is to be expected since the excitation signal drives more energy into the system
for low frequencies.
Figure 5.14 shows the step responses of the estimated processes. We now clearly see that the
steady state value of the process obtained by DEM is better than the steady state value obtained
by TSM. The steady state error differs from zero because the energy is mostly injected in the
area around {O = 0.1 rad / s . Since that area contains more frequency points than the low
ferquencyarea, it is only natural that the estimation is more accurate in that area
The question remains whether the results presented above are usefull. The process dynamics
for OJ > 0.2 rad / s are not as important as the process dynamics for {O < 0.2 rad / s . The rolev
off is due to the fact that the process has physicallimitations. This means that we may afford
some inaccuracy in the higher frequency range.

5.3 Optimal RSD in Open Loop Identification
Assumption:
A prbns is the optimal excitation signal for FIR estimation in open loop, even if a
colored disturbance is acting on the system. This is due to the fact that FIR assumes
the noise source to be white ([KLA, 1995]).
v
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Any physical system is strictly proper
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Question:
The question is: "Is this is a valid assumption?" The residue &(t) = y(t) - y(t) will be
colored in the direction of the disturbance v(t). Is a colored excitation signal better to
identify in open loop when a colored disturbance is acting on the output?

Conditions
•
•
•
•
•

The signal to noise ratio should be equal for all experiments.
FIR estimation.
Large data set n, (if n is very large, the variance decreases drastic).
Consider frequency responses.
G E cf7 , the process G is in the model set c!1.

Experiments
The process Go(z) is a second order process. Go (e iaJ ) is low pass. The noise innovation filter
H(q) has similar properties as Go(q). (See Appendix A).
There are six experiments. They are sho\m in table 5.1.
table 5.1 Experiments regarding RSD

Excitation
Prbns
Prbns filtered by GO-1(q)
Prbns filtered by H(q)

Disturbance
White noise
Colored noise
Experiment 1
Experiment 4
Experiment 2
Experiment 5
Experiment 3
Experiment 6

Goal
The goal of this experiment is to take a look at the variances in the estimation for the
frequency response. There may be errors due to finite time correlation. This may be
reduced by increasing the number of samples. Preliminary experiments showed that for
n= 16384 the variance due to finite time is reduced to a neglectible amount. Since the
experiment has to be done a number of times, it is undesired to choose such a large
data set. The data sets used in these experiments contain 4096 samples. The variance
due to finite time correlation is present. Since we now know that there is an extra error,
this does not hamper our investigation.

Correcting for the input power 1: pre:filtering
To obtain valid results, the input power should be kept constant throughout the
experiments. This is done by correcting the amplitude of the prbns. From section 5.2.1
A2
we have seen that the total power of a prbns equals -

1;,

/).0) ,

where

/).0)

equals the

frequency interval under consideration. The amplitude A is corrected such that the total
power is a constant.

A.P. long Tjien Fa

83

Closed Loop Identification in the Process Industry

The total input power ofa filtered prbns equals

f

.

OJEf..OJ

correction factor for the amplitude-squared equals PF

2

A2

IF(e"ll)1 r:dro. The
b

=[ fIF(eim*OJ]-'.

The new

met>m

amplitude becomes: Anew

= A~P F

Correcting for the input power II: noise model

In case of colored noise, we have to correct for the noise innovation filter. This goes in
a similar manner. We define a correction factor

The total correction factor becomes
(eq.5.17)

The new amplitude of the prbns becomes Anew = AJP.

Parameter settings
•
•
•
•

Number of estimated FIR parameters: 100
Number of samples: n = 4096
Number of experiment runs: 10 each
Number of points in the frequency response: 1024

5.3.1 Simulation Results
The mean frequency response, the variance in the frequency response and the variance in the
step response are shown for each experiment.
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Bode plot 01 G(z), mean of frequency responses, X1
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Step Response of G and variance bounds, X1
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Bode plot of G(z), mean of frequency responses, X2
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Bode diagram of G(z) with variance bounderies, X2
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Bode plot of G(zj, mean of frequency responses, X3
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true: dotted. Experiment 3
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Bode plot of G(z), mean of frequency responses, X4
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Bode plot of G(z), mean of frequency responses, X5
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Bode plot of G{z), mean of frequency responses, X6
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5.3.2 Analysis of Optimal RSD in Open Loop
The estimation results are presented in three figures for each experiment.

1.

Mean Frequency
Response

2.

Variance in the
Frequency Response

3.

Variance in the Step
Response

Mean Frequency Response
The mean frequency response represents the bias in the estimation. The bias depends
on the model choice and the data length N. The error due to the latter may be reduced
using more data.

Variance in the Frequency Response
The variance in the frequency response is computed for each frequency. The
representation of the variance in the estimation is as follows:

upper bound = E {G(e iro ,B G )} x (1'2 {G(e iro ,BG )}
lower bound = E {G(e iro ,B G )} / (1'2 {G(e jro ,B G )}
The operations are performed for each frequency. Since the results are plotted on a
double log scale, this results into

10gl0 (upper bound) = 10g10(E {G(e iro , BG )}) + 10g10((1'2 {G(e jro , BG )})
log 10 (lower bound) = log

10(E {G(e

iro

,

BG)}) _log 10 ((1'2 {G(e iro , BG)})

For a variance equal to one, the upper and lower bounds cross at the mean frequency
response.

Variance in the Step Response
The variance in the step response is computed by determining the variance on the step
response parameters each. The representation is as follows:

upper bound = E {FSR( G)}+ (1' 2 {FSR( G}
lower bound = E {FSR(G} - (1'2 {FSR(G}
FSR(G) denotes the step response of the estimated process
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1. It turns out that for a white disturbance at the output a white noise excitation signal is the
best solution. This choice yields smallest variance in the estimation.
2.

For a colored disturbance at the output, it turns out that a white noise excitation filtered by
the noise filter is the best solution, because of the small amount of variance that this choice
yields.

Let us take a look at the reason why statement 1 and 2 seem true.

For a white disturbance a white noise excitation signal is needed, reasoning:
For the spectrum of the output error we may write
<1l £ (w)

= IG0 (e iCO ) - G( e ico , eo )1

...+2IGo(eiCO) -

G(e

iCO

2

,eaf <1l

<1l r (w) + <1l e (W )+...
(eq. 5.18)

re (OJ)

where
<1l re (w) equals the cross-spectrum density.
It is true that the identification of G( e iCO ) goes better when more energy is injected in
the system where the frequency response is small. However, every form of coloring of
the reference signal leads to a larger correlation term due to the noise acting on the
system, with finite data. This results in a larger term <1> re (w) .This means that an extra
bias is present which appears to be greater than the benefit from the increase in
accuracy in the process estimation.

For a colored disturbance a colored excitation signal is needed, reasoning:
The optimal reference signal depends on the noise that is acting on the system, and not
on the noise model assumed in identification (as stated in [KLA, 1995 D. SO for a white
noise disturbance, we need a white noise excitation signal as we discussed above.
This implies that for a colored disturbance, a colored excitation signal is needed.
Ifwe take a look at a colored noise disturbance v(t)=H(q)e(t), the error spectrum looks
like
<1> c (w)

= Ii1G(e iCO , eo )1

2

<1> r. (w) + IH(e

iCO

f

<1> e (W )+...
(eq.5.19)

2

...+21i1G(e ,e o )1 <1>",(W)
iCO

2

2

where <1> r. (W) = 1H ( e i co ) 1 <1> r (W ) = IH ( e i co ) 1 <1> prbns ( W )
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Ifr(t) and e(t) are uncorrelated, and they are both filtered by H(q), they remain
uncorrelated since they are both colored in the same direction. So the error due to a
noise colored reference signal equals
(eq.5.20)

The model parameters are obtained by
(eq.5.21)

With FIR estimation there is no noise model. Therefore there is no way to minimize the
noise contribution. We may write
(eq.5.22)

Since

~{
f IH(e )1-"Lr OJ
jev

is a constant, we have arived at eq. 5.18, with cD re (OJ) equal

-~

to zero for a white noise reference signal and a white noise disturbance. So if the
reference signal is filtered by the noise innovation filter, we obtain optimal
identification results.

So if we consider these choices in the open loop case, we may use the identification scheme
proposed in section 5.2. for optimal closed loop identification with the TSM.

5.3.3 Concluding Remarks
The simulation show that the reasoning above is plausible.What actually has been done is that
we have put more energy into the frequency area where the noise is mostly active. The bias in
the estimates will decrease.
The variance expressions for the estimated process transfer in case of colored noise (eq. 2.38)
become
2

0'2

{c( e

iev

,

0G

)}I

=!!..r= prbnr

N

. ) 1 A
H(e lCV
I

A p rb nr

e

(eq.5.23)

(eq.5.24)
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(eq.5.25)

for all experiments goes

E

{IH(e

iW

)12 A e }

-...,--'-------'-....,-=constant
2
E

{IF(e

iW

(eq.5.26)

)1 A Prbns}

where
n:

N:
Ae

:

A prbn5 :

number of estimated parameters
number of data samples
power of the white noise sequence e(t)
power of the prbns sequence prbns(t)
reference signal pre-filter

Since eq. 5.26 holds, the total variance in the estimation is equal for all experiments. The only
difference is the distribution of the variance over the frequency range.

5.4 References
[GEV, 1996]

Gevers, M. and L. Ljung, P.M.J. van den Hot
Model Predictive Heuristic Control: Applications to an Industrial Process
Automatica
1978, Vol 14, p. 413-428

[HOF,1995]

Hot, P.M.J. van den and R.J.P. Schrama, R.A. de Callaton, a.H. Bosgra
Identification of Normalized Coprime Plant Factors From Closed Loop Experimental Data
European Journal of Control,
Vol 1 (1995), p. 62-74

[KLA,1995]

Klauw, A.C. van der
Closed-Loop Identification Issues in the Process Industry
Ph.D
1995, Delft University of Technology

[SCH,1992]

Schrama, R.J.P.
Approximate Identification and Control Design
Ph.D.
1992, Delft University of Technology

94

AP. long Tjien Fa

Chapter Six

Conclusions and
Recommendations

The conclusions and recommendations are formulated in this
chapter. The conclusions are formulated on the basis of
statements in the literature, analysis and experiments.
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6.1 Conclusions
This section fonnulates conclusions with respect to several areas of concern that have been
presented in this thesis.

6.1.1 Direct Identification in closed loop
Closed loop identification is different from open loop identification because of the feedback in
the system. The noise acting on the output of the system is fed back into the process, leading to
a noise contribution in both the process input signal and process output signal.
If direct identification is used to get a process estimate, the noise tenn cannot be canceled by
means of correlation. This leads to an extra bias ternl in the estimate which is fatal in most
cases.
1. In case of a white noise disturbance, the estimate is fairly accurate. The estimate
suffers from a drift in the step response: for an increasing number of FSR
parameters, the steady state value increases. The fact that the error in the estimate
is restricted to this drift error due to the minimal correlation between the noise
contribution in the input signal and the output signal.
2.

For colored noise disturbances this is different. The bias on each FIRlFSR
parameter is larger than with a white noise disturbance since there is a contribution
of all shifted correlation tenns (E

{u

v

(t), y v (t - T)} "# 0,

'vi T ).

The closed loop phenomenon of inaccurate estimates with direct identification due to the
simultaneous contribution of the noise in both the input and output signal, may be
circumvented by using two estimates which together result in an estimate of the process. Each
estimation step is based on a noise correlated signal (by force), and a noise-free signal (based
on the noise free reference signal). This makes the estimates standard open loop identification
procedures.

6.1.2 Closed Loop Methods
Common closed loop identification methods are Indirect Identification (II), Joint-Input-Output
Identification (JIO), Coprime Factorization (CF), Dual You la-Kucera Factorization (DY) and
the Two Step Method (TSM). The controller C is not always known. So in general Indirect
Identification and Dual Youla-Kucera Factorization cannot be used. JIO, CF and TSM are
basically the same. The main difference lies in the choice of the pre-filter F, which together
with the reference signal fonns an auxiliary signal that is used for identification. For reasons of
simplicity and feasibility the TSM is preferred.
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6.1.3 Error propagation
The two steps in the Two Step Method (see Chapter Four) are open loop identification
procedures. Because the results of the first step are used in the second step, the errors made in
the first step propagate to the second step. Bias in the first step contributes in an increase in
bias and variance in the second step. Variance in the first step leads to an increase of variance
in the second step. The argumentation above implicates that an accurate estimate of the
sensitivity transfer is a must. Especially the bias in the estimate should be as small as possible.
The bias in each step arises from a bad model choice and from a finite amount of data. A finite
amount of data may introduce extra bias when the algorithm (correlation analysis) fails to see
that the reference signal and the noise signal are uncorrelated (in case of persistently exciting,
sufficiently rich reference signal). In case of the performed experiments: estimation of 100 FIR
parameters with 4096 samples results into a fairly accurate approximation of the process, but
the bias can be observed clearly. The increase in the number of samples to 16384 reduces the
bias enormously, such that the bias (due to a finite data set) cannot be observed anymore.

6.1.4 Tuning of the Bias and Variance
Tuning of the errors in the estimations is possible. For tuning of the bias distribution in the
frequency domain only the error filter, or prediction error filter may be used. For tuning of the
variance distribution in the frequency domain, the reference signal filter may be used (section
5.3). This is based on the fact that the signal-to-noise ratio at every frequency is designed with
the reference signal filter.
Since the two step method consists of two open loop identification steps, the bias and variance
may be be tuned accordingly.

6.1.5 General Conclusions Concerning the TSM
All in all, the two step method turns out to be a robust solution for the identification of stable
processes in closed loop. Certainly because of its simplicity and flexibility towards standard
open loop identification tools and methods. Nevertheless there may be some improvements in
the two step method.

6.1.6 Improvements in the Two Step Method
6.1.6.1 Identification by Factorization TSM
Ifwe use factorized identification (G = N(D)-l), and we set the pre-filter F equal to the
sensitivity transfer, then the estimate of N equals the estimate obtained in the two step method.
If there is a structured error in the estimate of the sensitivity transfer, e.g. bias due to a small
number of FIR parameters, D contains the information which is lost due to this bad model
choice. Correction by D yields a better estimate of the process. There is an implicit increase in
the number of parameters with which the process is estimated.
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This is not true for extremely accurate estimations of the sensitivity transfer. In this case D
contains noise infonnation. Correction with D introduces 'noise' in the estimate of N, and thus
a deterioration of the process estimate.
The method is proves not robust for bias due to finit data sets. The bias error in the N-factor is
opposite to the bias error in the D-factor. Correction by using D deteriorates the process
estimate.
In practice this method can be used to monitor process deviation over a certain time span. If a
process has to be identified again, the last known sensitivity transfer is available. This transfer
may be used as a pre-filter F. The infonnation in D is a representation of the changing process
dynamics.

6.1.6.2 Double Excitation Method (DEM) and Reference Signal Design (RSD)
If we consider an optimal reference signal ropt( t) with a spectrum <D opt «(() to be optimal for
open loop identification, it is only natural that this signal is used in both identification steps.
The Double Excitation Method (DEM) gives better results than regular TSM. The implicit
weighting by the sensitivity transfer in the auxiliary signal used in the TSM is cancelled by prefiltering the reference signal with the inverse sensitivity dynamics. This is an enhancement in
the signal to noise ratio, thus in the variance in the estimation.
The optimal reference signal spectrum <D opt «(0) needs to be large for frequencies where the
noise is large to obtain an appropriate signal-to-noise ratio for those frequencies. Experiments
show that the optimal spectrum equals the spectmm of a prbns filtered by the noise filter.

6.2 Recommendations
Investigate the capabilities ofusing an ARX model in closed loop with DI

It has been stated that identification in closed loop is possible using an ARX
model. This may be possible with a right choice of the noise model.
Expand the results ofthe TSMfor ,S1S0 to MIMO

In the process industry usually MIMO processes are present. What are the
benefits and restrictions when using the TSM
Investigate the influence o.(non-linear behavior on the TSM

Chemical processes are mostly non-linear. How does this affect the TSM?
Practical assignment 1: Identification 0.( the balancing stick with the TSM

Ing. W.H.A. Hendrix has prepared the system such that a reference signal
designed in MATLAB may be set on the reference input of the system.
Datamay be extracted via a text file. Is it possible to obtain a more relevant
model of the stick using closed loop identification
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Practical assignment 2: Investigate the several closed loop methods with CLOS1D
The Delft University of Technology provided a closed loop identification shell
named CLOSID. With this shell the several closed loop identification methods
may be tested. A comparisson between the closed loop identification method
can be made
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Appendix A:
System used for Simulation
The closed loop system under study contains a process Go(z) and a controller C(z). In case of
colored noise, the noise is generated by a noise inovation filter H(q). Figure A.I shows the
closed loop system.

Figure A.1

Closed loop system
under study

Properties ofG(z):
• Go(z)is a second order process containing a direct feedthrough term
• Within 100 samples G(z) is in steady state, with a value of 3.45 for a unit step, see
Figure A3
• G(z) has no delay, see Figure Al
Properties ofC(z):
• C(z) is a non-integrating controller
• It cancels the zeros of G(z).
Properties ofS(z) are:
• Within 10 samples S(z) is in steady state with a value ofO.5918 for a unit step, see
Figure A5.
• S(z) has no delay
• Because G(z) is LTI and C(z) is LTI, S(z) is LTI

Transfer Functions
The process transferfunction G(z):
G(z)

=

Z2
Z2 -

=I +

1.6z + 0.89

1.6z - 0.89
1.6z + 0.89

Z2 -

The controller transfer function C(z):
C(z)

= z - .,0.8
z-
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The sensitivity transfer function S(z)
S(z) =

Z4 _ 1.6 Z3 + 0.89 Z2
2

4

-

0.62

3

+ 0.092

Z2 Z2 - 1.6z + 0.89

2

Z2

(Z-0.3)2

The control sensitivity transfer function R(z)
4
3
2
R(z) = z 524
- . z + 217
. z - 071
. Z
Z6 - 0.6z 5 + 0.09z 4

Z2 Z3 - 2.4z 2 + 2.l7z - 0.71
Z2 (z _ 0.3)2

Z2

The total closed loop transferfunction F(z)
F(z) =

2

4

-

0.62

3

+ 0.092 2

Impulse Responses
Impulse response of G(z)

Impulse response of S(z)
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Impulse response of S(z)

Step Responses
Step Response of G(z)

step response of S{z)
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Bode Diagrams
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Appendix B:
Reference Signal Design
Appendix B describes how to design a reference signal according to the bandwidth of the
process.
The prbns has a sinc spectrum, see Figure B.l.
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Top: sinc function with margins (1/2 and 1/3)
Bottom: double log plot of sinc function

Plain Pseudo Random Binary Noise Sequence (prbns)

General design variables of the prbns are:
•

Tprbns

•

amp

•

n

Minimal time between two switching moments
Amplitude of the signal
Number of samples

h

,

-

-

~

-

t

f--

'------

Figure B.2

-

~

--

n

Prbns

Figure B.l shows a sinc function with five lumps. At the first zero crossing (after the first
lump), the maximum frequency of the prbns is defined (fo). This frequency is related to T prbns
according to
1
Tprbns = fo
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How do we choose fo? fo is linked to the maximum frequency occurring in the process
dynamics, fBw . Here the subscript BW stands for Band Width. The Bandwidth of the process is
defined as the frequency occurring at 20 dB below the spectral gain at the low frequencies in
the psd. This is 1% of the psd at low frequencies, [BAC, 1993].
PSD of ref. sign. and y(l)
30 .------~-__.__--___,___--___,___-__.__---____n
SM (dB)

213

1/3

20

to

LF speclrum level

10

-20
-30

'--------~---'------~--~-~--------"

o

0.25

0.5

0.75

Frequency
Figure B.3

PSD of impulse response of G(z): full, psd of prbns:
dotted

Assume that the input of the process G(z) is zero mean white noise. Then the PSD of the output
signal y(t) can be computed. Set the sample frequency fs to 1 Hz, according to the chosen
sample time in Simulink. Figure B.3 shows the PSD ofy(t). It can be read from Figure B.3 that
the fBw = 0.33 Hz.
From Figure B.l it can be seen that at a third offo the amplitude is still 83%. This is the
measure that will be used. So fo is set to three times the process bandwidth, or

fo

= 3 * fBw = 3 * 0.33Hz = ]Hz

Now we set T prbns to ]/fo , or Tprbns

(eq. B.2)

= Is.
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Appendix C:
Derivation of the Closed Loop Bias
Expression for DI
Appendix C describes how eq. 3.12 is derived.
For the output signal y(t) goes
y(t)

= Go (q)u(t) + v(t)

(eq. c.1)

The identification between u(t) and y(t), ID(u H y) results in a model CD] (q,e a ). The
simulated output equals
(eq. c.2)

The resulting output error equals
c:(t ,e a )

= y(t) -

y(t)

= [Go (q) -

CD] (q,e(,) ]1I(t) + v(t)

(eq. c.3)

Since u(t) equals So(q)r(t)-C(q)So(q)v(t), the output error becomes
c:(t, e a)

=[Go (q) -

e

C Dl (q, G) ](So (q)r(t) - C(q)So (q)v(t)) + v(t)

(eq. c.4)

Rewriting eq. c.4 results into
c:(t,e a ) =[G o - CD] ]Sor(t) -[Go - C Dl ]CSov(t) +v(t)

=

=[G o - CD] ]Sor(t) - GoCSov(t) + CC.S'ov(t) +v(t) =...

(eq. c.5)

,
So
-_ [Go - G~]
Dl .sor(t) + S v(t)
The arguments q and
A

A

S equals S(q,e a ) =

e

G

have been left out for brevity.
1
A

1+ C(q)G(q, eo)

To obtain the frequency response of the output error, a Fourier transform is performed
resulting into
(eq. c.6)

where the arguments e iw have been left out for brevity.
The filtered prediction error now equals
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(eq. c.7)
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