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ABSTRACT

APPLICATION OF THE BOX-JENKINS TECHNIQUE FOR SYSTEM

IDENTIFICATION OF AN AIRFIN HEAT EXCHANGER PROCESS

Joseph D. Given

The Box-Jenkins technique is a time serijes analysis

approach to stochastic model building. The Box-Jenkins
approach yields a discrete, linear, empirical stochastic
model possessing  wmaximum simplicity consistent with
representational adequacy. Furthermore, the technique may

be applied either on-line or off-line, under open—-loop or
closed-loop operation and in the presence of significant
noise, Despite these advantages, the approach has not seen
general acceptance :pr widespread use in the industriai

milieu,

The effectiveness and suitability of the Box-Jenkins
approach for industrial implementation was investigated by
application to an airfin heat exchanger process at the
Imperial 0il Refinery in Sarnia, Ontario. The current
control strafegy was considered inadequate; identification
(-odélling)'of the system and development of an appropriate

control strategy were deemed necessary.

W,



The Box-Jenkins technique was demonstrated to be =&
simple iterative procedure which is easily implemented.
However, results of the analysis of the initiasl datae were
strongly questioned. The identification procedure was
repeated with new data provided by the Refinery. The
results of the second analysis were consistent with expected
behaviour and the physical reality of the system. The cause
for the observed discrepancy in results was determined to be
inadequate data and not due to any Tailure of the Box-

Jenkins technique.

The effects of noise level, sampling rate and control
rate were also assessed with computer simulations. These
studies demonstrated the suitability of the approach for
industrial applications and its robustness for system

identification in the presence of significant noise.

A preliminary examination of the process suggested
adaptive control as a possible control strategy. Due to
inadequate data, a thorough investigation and possible
inplenentafion of adaptive control were not feasible.

However, a review of adaptive control strategies was

performed.
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1.0 INTRODUCTION

Process control of a chemical plant is concerned with
the operation of its various subsystems so as to optimize or
maintain specified performance criteria. In practice, the
control engineer is faced with the problem of identification
of the system model and its parameters. To achieve this,
the effects of the input variables on the output wvariables
of interest must be generated theoretically and/or
experimentally. The quality of this knowledge determiﬁes
the reliability and effectiveness of the resulting control

actions.

The problem of identifying variables which affect the
process or system under study and the subsequent development
and deiermination of a characteristic system model is
referred to as system identification. This thesis will be

concerned with system identification.

Often when studying a particular systgm, the system
model may be dérived through the application of physical
and chemical principles. Models derived using theoretical
relationships are classified as mechanistic. Models may
also ~ be built based upon  experimentally obtained
input/output data. This type of model is referred to as aﬁ‘

empirical model. The empirical approach is an useful tool



when the system, as in most practical applications, «cannot

be represented or modeled from first principles due to the

lack of knowledge concerning some variables or the
complexity of the process itself. Although the empirical
approach may be applied blindly, an engineering

understanding of the process, no matter what degree, is
always preferable, In practice a combination of the two
generally occurs. This thesis will be concerned with

empirical modeling techniques.

Models, whether mechanistic or empirical, may also be
classified as either deterministic or stochastic. Any model
which describes the system exactly is said to be
deterministic. In practice, unknown or unmeasured
variables often affect the output variables thereby making
the development of a deterministic representation
impossible. On the other hand, it is feasible to develop a
model which will predict limits having a specified
probability of containing the true value of the reaponse of
interest. This type of model is said to be stochastic.
Stochastic representations take into account the -random
nature of process measurement whereas deterministic models
assume that all variations in process measurements have been
taken into consideration. Since chemical plants are
generally afflicted with noise, which is non-deterministic,

this thesig deals with stochastic models.

Process models may be continuous or discrete, A



continuous model provides estimates of the output response
to given input(s) at any time t. Models which vyield
estimates of system output at specific time intervals are
classified as discrete. Many dynamic systems fall into the
discrete time category since their system outputs may only
be measured at discrete instances of time (i.e.t”tﬁh;t¢2h"9.
Furthermore, the increasing use of digital computers for
process monitoring has given rise to an abundance of
discrete or sampled-data systems. For these reasons this
thesis will focus on discrete system identification

techniques.

Empirical modeling, which uses input and output data,
that is to say a history of measurements to fit mathematical
models, provides an approximate description of the
input/output characteristics of the process and is therefore
by definition also stochastic. Identificafion techniques
‘taking into account statistical considerations such as
measurement error and considering input and 6utput variables
as random variables are a branch of a wider Estimation
Theory. The first modern applications of statistical
estimation theory to system identification and model
estimation occurred in the 1930’s in the field of
econometrics. The major contributions in the physical
sciences to the application of these techniques for the
construction end estimation of ‘athe-atical models have been

by Professor é.B.P. Box and his associates.



Muny of the statistical methods available in the
literature for model identification and estimation are
restricted to, or assume, random semples of independent
observations. Sequential observations >f dynamic systeus
rurcly demonstrate independence between samples. When
dependence between observations is significant or the nature
of Lhis dependence is of vital interest itself, a scparate
body of statistical techniques, capable of dealing with this
situutiunr | is necessary for system analysis and

identification. Such a body of techniques is referred to as

Time Series Analysis.

The Box-Jenkins approach is one method of time
series analysis developed by G.E.P. Box a.d G.M. Jenkins.
The approach is concerned with the building of stochastic
wodels from discrete time series in the time domain and
their subsequent application in identification, prediction
and control strategies. The methodology of the technique is
described in reference {1]. The Box-Jenkins wapproach to
syslem identification yields a discrete, linear, enpiriéal.l
stochustic model possessing maximum simplicity consistent
wilth representational adequacy. Furthermore the method is

applicable to on-line identification and adaptive control.

‘The Box-Jenkins technique can develop atatistical
models for discrete data in real time without the assumption
of independent sample obiervntionl. ! The method does not

require open loop data collection and is effective in



dealing with poisy and non-stationary data. Multiple

input/output systems may also be modeled adequately by this

approach.

Despite these appealing features, the methodology
proposed by Box and Jenkins has not seen general acceptance
in the industrial milieu due primarily to the 1lack of
published industrial applications. The applications cited
in the literature are for the most part simulations and 1lab
or pilot scale operations. The major objective of the
thesis is the application and evaluation of the Box-Jenkins
approach using industrial data. The effectiveness of the
method in developing an adequate parametric model for
subsequent system control application will be the main topic

of interesgst of this research.

The industrial system examined was an airfin heat
exchanger system in operation at the Imperial 0il Refinery
in Sarnia, Onﬁario. A achematic diagram of the syatem is
shown in Figure 1. A feedatream of unknown volume,
composition and temperature enters the airfin heat exchanger
whose output stream, of known temperature only, is fed into
a drum. A second process stream of unknown, uncontrolled
quantity from knock-out drums also enters the same drus.
The primary control objective is to maintain ‘the drum
temperature at the desired setpoint. The current control
logic for achieviﬁg this objective involves a cascade

control wherein the desired setpoint is maintained through
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manipulation of the pleneum temperature setpoint which then
udjusts the position of the louvres which control sir flow
into the ‘heat exchanger. Theoretically, modification of
louvre position should induce a temperature chunge in the
oullet stream leaving the heat exchanger. The control

strutegy is considered inadequate, since the system becomes
unstable under closed loop operation and cannct maintain the

drum temperuature at the desired setpoint.

In summary thia thesis encompasses the following

objectives:

i) Tumiliarization with and applicution of the Box-
Jenkins approach for system identification,

ii) development of an adequate transfer function
representation of the airfin heat exchanger
process,

iii) simulation of the proceass system and
determination of a control strategy which will
.neet the control objective,

iv) evaluation of the suitability and effectiveness
of ihe Box-Jenkins app;oach rar didentification
and control of induatrial processes,

v) investigation of the feasibility of improved
process control through the implementation of un

adaptive control algorithm.

Initial discussions with IlperiQI.Oil presented the

possibility that adaptive control might be an apprépriate
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8

alternative for control of the syatem. However, due to the
difficulties encountered with the system, the extension to
sduplive control was not undertaken but a review of the
lileruture on adaptive control was perform.d and is included

as Appendix 1.



2.0 SYSTEM IDENTIFICATION

The problem of system identification is generally
defined as the determination of an appropriate model to
describe a system or process. Eykhoff (2] - defines a model as
being a representation of the essential aspects of an
existing system (or a system to be constructed) which

presents knowledge of that system in a usable form.

It is important to emphasize the importance of the
usable form of the model. For most engineers, system
identification is not an end unto itself but rather a means
to an end. System identification provides the necessary
framework for the design of an adequate éontrollef.
Furthermore identification is closely related to prediction
where the purpose of identification is to facilitate a

prediction of the future behavior of the identified systenm.

System identification is composed of the following

steps;

i) Determination of the model structure and order
ii) Estimation of the model parameters
1ii) Investigation and determination of model adequacy

iv) Application of the model

Hsia ([3] states that system identification can be
separated into two categories: the complete identification
problem and the partial identification problem. The first

category deals with situations where there is a total lack
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of information concerning the system under study. This type
of problem is also called the "black box" problem. No past
knowledge or experience with the system is available, the
engineer possesses no a priori information with which to
#uide him for the determination of model structure. Both
Haia [3] and Eykhoff [2] concur that most engineering
situations do not fall into the "black box" group but rather
Lhut  of the "gray box" problem or partial identification.
problem, The gray box problem encompasses all
identification problems where the investigator possesses
sowe @ priori information of the system under consideration.
Even the fact that the system is a distillation column and

not & lunar vehicle implies a pPriori knowledge.

There exists in the literature a considerable number
of system identification techniques, Tke purpose of this
chapter is not to review all of the different methodologies
availuble but to present the major approaches and their
applicability. None of the different identification
approaches that are presented can ge employed to identify
systems of all kinds. Therefore a classification procedure
for wusystem identification will be present.d which separates
the techniques based on their nﬁility to handle different
identification situations such as linearity/nonlinearity.
stationarity etc. This.claasification will then be applied
to the industrial problem under study to determine which

class of available identification techniqhes is suitable for
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our problemn. A detailed review of applicable methodologies
will then be presented with the description and relative
merits of each approach. The Box-Jenkins approach is shown
through this enalysis to have high potential for industrial
application. It will be described in detail along with a

review of published applications.

2.1 Classification of System Identification Methodologies

The following <classification is partially based on
reference material by Isermann [4, 5], .Astrom and Bykhoff

[6] and Graupe [7].

System identification methodologies have been
separated according to:
i) Model type characteristics
ii) 1Input characteristics
iii) Identification problem characteristics
Each classification will now be preseated, listing and

describing briefly the individual criteria for each subset.

2.1.1 Classification by Model Type

Linear or Nonlinear Model: A system is said to be linear if

the properties of proportionality and superposition are
present i.e. for the following general system
y(t) = T[x(t))
Tlax(t) + bx(t)]

"

aT{x(t)] + bT[x(t)]
ay(t) + by(t)

where T denotes a transformation of x(t)
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If the above equality does not held true the system is said

to be nonlinear.

tationary or Non-Stationary Model: The distinction betweepn

stationary and non-stationary models is that the latter
refers to models whose parameters vary with time. Box and
Jenkins [1] state in more precise terms that a system is
stationary if the joint distribution of any set of
observations 1is unaffected by shifting all the times of

observation forward or backward by an integer amount k.

Parametric or Non-Parametric Model: Systems may be

characterized by a variety of representations either non-
parametric or parametric. Impulse response and spectral
densities are examples of non—-parametric representetions
while differential equations are an example of parametric

modeling.

The non-parametric representation of 8 system does not
require that the order of the process be known a priori or
specified explicitly. However, the non-parametric approach
is intrinsically of infinite dimension. An example of a

non-parametric estimation technique is spectral analysis.

Parametric techniques allow the system to be defined
with a minimum number of parameters while maintaining the
representational integrity of the lodef. But one drawback
of the parametric representation is that the order of the

system must be known or specified o priori. Parametric
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representations developed using the wrong model order may
prove to be inadequate or produce results with substantial

error bounds unrelated to the actual noise level of the

system.

The non-structural approach for describing a system is
analogous to the representation of an empirical distribution
function by a histogram. They allow the system or data to
"speak for themselves" and are an important first step in
their respective analyses. Furthermore, the non-parametric
approach may involve the estimation of many lag correlations
and/or many spectral ordinates where a parametric model of
one or two parameters could represent the systen. Each
correlation and each spectral ordinate is itself a parameter
to be estimated. Therefore, non-parametric approaches might
be very prodigal with parameters whereas the parametric
approach could be parsimonious. Some parametric methods
incorporate a non-parametric procedure as a first atep or
tool for the identification of the model order thereby
gaining the best of both worlds, the correct model order and
a parsimonious parameter representation of the syastenm. Th;

Box-Jenkins technique is an example of this approach.

Deterministic or Stochastic System Model: If the system can

be predicted exactly, it is said to be a deterministic
representation of the system. However, in most practical
situations, the system under study requires a stochastic

model, in that the future is only partly determined by the
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measured variables. Deterministic models assume that all
variation in process measurements have been accounted for,
while stochastic models take into consideration the randonm

nature of process measurement.

Continuous or Discrete Model: A system may be either

discrete or continuous. When the input and output variables
are known for any instant of time, the system is said to be
continuous. The discrete case occurs when the system is
sampled at specific instances of time (usually equispaced
intervals). The transformation from the continuous model
representation to a discrete formulation is usually

straightforward [7]1.

2.1.2 Classification by Input Class

Open Loop or Closed Loop Identification: Identification of

the dynamic parameters of a system is valid only if the
measurements or data reflect a transient state in the
system. Dynamic parameters cannot be identified by any

technique when the system is at atéady state.

Since, during normal operation in industry, a system
is usually subject to control to maintain a certain level of
operation, variations in both the input and output variables
are small. Therefore normal operating data quite often does
not sufficiently excite the systex to allow g£ood
identification of the dynamic parameters. This situation

then requires the use of induced perturbations either
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deterministic such as a step, impulse or sine wave input, or

random such as & white noise input.

The earliest or «classical methods of engineering
identification are those based on the use of deterministic
inputs and measurement of the system response. Since
special inputs rather then normal operation inputs are
necessary, it is obvious that the above techniques must be
performed under open loop conditions. Some authors, such as
Graupe [71, refer to this condition as off-line
identification but the use of the term off-line
identification in this text will be reserved for batch
pProcessing identification (discussed in =a subsequent
section). In the industrial milieu, in general, no systenm
is operating independently or uncontrolled therefore the
condition of open loop implies non-normal operating
conditions or the off-line sitﬁation as described by Graupe
[7]. The advantage of the special input signals is that

significant sinplifications in the computations can be

achieved.

These techniques however have certain disadvantages
which make them unattractive and difficult to implement for
the industrial case. Firstly, the condition of open loop
operation may render the system unstable which is
unacceptable. Secondly, the perturbations used must be of a
magnitude that is both relevant and tolerable by the systen.

These restrictions on input variation may nmot produce system
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responses large enocugh to be distinguished from the inherent
nuoise in the system. Therefore the ddcterministic input
upproach assumes a noise-free system or the use of high
level inputs necessary to override the noise, both of which
muay be unacceptable alternatives. Finally this upproacﬁ
ussumes linear stationary processes such that - the
input/output relations are.consistent for one or all sets of
input{s). Linearity and stationarity of the system may and
#uenerally ure sassumed over the normsl operating range of the
system but cannot be extended in most cases over the total
possible range of operation of the system thereby implying
thaut models derived under open loop conditions may not

ndequately describe the system under normal closed loop

vperation.

The use of ra;doa input functions and the correlation
function approach facilitates system identification wunder
both open and closed loop operation. These techniques have
several characteristics which are appealing for industrial
application. One advantage iﬁ the option of using open or
closed loop operating conditionﬁ during data collection,
The use of closed loop identification alleviates several of
the probleﬁs ussociated with the open loop condition such as
stubility of the system, and the validity of the model under
restricted linearity conditions since the data collection is

performed such that the model will be valid over the nornéll

operating ranges of the system.
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Furthermore the assumption of a noise free system is
not required and the level or variance of the white noise
input need not be exceedingly high to obtain good
identification. The one drawback for closed loop
identification wusing this approach is that the control
scheme be adequate and the system be stable during closed
loop operation. However, if these conditions are not
present, the advantages of using closed loop data over open
loop data become almost insignificant since the stability of
the system is not guaranteed in either case. Closed loop
identification is discussed in more detail by MacGregor [8)

and Astrom and Eykhoff [6].

Off-line or On-line Identification: As a result of the use

of process computers & system identification scheme can be

performed either off-line or on-line.

For off-line identification the data collection and
identification analysis are performed separately.
Measurements are taken during real tinme, astored and
transferred for evaluation. Batch processing, i.e. all the
data are analyzed at once, is usually applied which allows

for direct, or one shot, identification schemes.

On-line or real time identification involves using
process data sequentially as it becomes available. The
analysis may be performed after each sample of data is

measured or on sequential finite sets of data.
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Single or Multi-input System: There is a straightforward

and obvious distinction between the single and multi-input
silustions. This classification is of initerest due to the
fact that identification techniques are considerably

siwplified if the system is affected by only one input,

ral her then a combination of several simultaneous
dislurbunces or inputs. Also, several identification
techniques, such as the majority of the classical

lechniques, cannot handle multi-irnput system identification.

2.1.3 Identification Problem Characieristics
This classification mesy be the most important and least
definable of the three presented, the clagssification
catvgory being the amount or degree of a priori information
concerning the system to be identified. It also implies the
degree of difficulty associated with a given identification
problemn, All of the previously discussed classifications
depend upon yhe available'a priori knowledge of the system.
The a priori knowledge or lack thereof directly influences
the data collection and choice of identification tehhnique.
[dentification approaches that presume or require less a
priori knowledge are, of necessity, less accurate and are
wore mathematically involved and complex wlhile needing more
computational power then those techniques which assume more
prior knowledge of the syatem.

2.1.4 Classification _of the Airfin Heat Exchanger
Identificution Problem

The data ' provided by Imperial 0il are discrete and
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gathered during open loop-operation. The input signal is a
rundom time series. Although the initial data are open
loop, the final goal of the 1investigation is the
inplementation of an adequate, stable contrdller which may
necessitate closed-loop identification at a later stage for
verification of model adequacy during normual operating

conditions. The available a priori knowledge is very
limited. Thus a mechanistic model is out of the question

und an empirical representation is required.

It is assumed that a linear model representation will
accurately describe the system over the desired operating
range wulthough the system may possess some non-linear

characteristics. This assumption is common practice [9].

Due to wunmeasured disturbances in both flow and
temperature the condition of stationarity is not a valid
ussumption since system paremeters are expected to be time
varying to sowme degree. A stochastic representation is
necessitated due to the unknown nature of several key
variubles which affect the output. fhe initial
investigation is being performed off-line although on-line
identification will be required for closed-loop
idenlification and the implementation of the uadaptive

contr61 scheme should it prove feasible.

Although the current system is a siugle input-single
output configuration, this investigation ggy'provide Jjust

cause for the consideration of additional;{nput variables to
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provide adequate control.

A parametric representation is deemed appropriate, to
facilitate implementation of a control law. The presence of
noise in the system is significant and of an unknown
nature, that is to say it cannot be assumed to be white

noise.

To summarize, the identification procedure required
for this study must be able to develop or build a linear,
parametric, discrete stochastic model with limited o priori
knowledge. Furthermore, the method muat be capable of
performing this analysis under open-loop or closed-loop
operation, either off-line or on-line in th presence of
significant noise and possible nonstationarities in the
system. An additional requirement of the approach is the

possibility of extension to a multi-input configuration.

2.2 Review of Identification Techniques

2.2.1 Introduction

Of the wide assortment of available techniques for
system identification only those techniques which are
applicable to the airfin heat exchanger problem are covered
here. The subsequent review of these approaches will
denonatrateﬁ,the notivatiph for using the Box-Jenkins

approach. =~

2.2.2 Review of Applicable Identification Techniques

The criteria for selecting an appropriate technique
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were outlined in the previous section, the review of the

literature for appropriate techniques is the next step.

The classical methods of system identification are
inappropriate for application here, Step response
identification has the step function as its special input.
But its restrictions include the need for adequate filtering
of noise and the assumed stationarity of the system over the
response interval exhibited by the system. The frequency
response technique is based on the work by Nyquist {10)] and
Bode [11]. But this technique is only suitable for linear,
stationary, open-loop identification and the presence of
noise greatly undermines its accuracy. The impulse response
approach suffers from the sanme inadequacies, further
heightened by its inability to handle identification of
linearized forms of nonlinear systems [7]. None of the
clessical methods can cope well with noise since each
approach ignores the presence of noise Ly assuming a

deterministic noise-free systenm (8].

The following identification techniques drawn from the
literature were considered acceptable alternatives for the
problem under investigation using the selection criteria of

section.2.1.4:

i) LEAST SQUARES REGRESSION (LS)
ii) GENERALIZED LEAST SQUARES (GLS)
iii) INSTRUMENTAL VARIABLES (IVA)

iv) MAXIMUM LIKELIHOOD (ML)
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v) STOCHASTIC APPROXIMATION {STA)

vi) CORRELATION AND LEAST SQUARES (com)

The identification techniques will be Presented and
oul lined individually with a short description and
svaluation of Lhelir respective advantages, disadvantages and
suttubility vis a vis the identification problew. This

analysis will identify the Box-Jenkins approach as the

oplimal cholce of available system identification

techniques,

Least Squares Regression (LS)

Consider a linear, timne-invariant, discrete-time
syslem wilh a single input and single output. It is
astumed that the system can be represented by the following

model notation called the canonical representation..

y K)+ay k=D)+...+ay (k-n)=bulk=1). ot b, uk=n) (1)

In equation (1) uUlk) is the value of the input and

¥k}  is the value of the output. The a‘s and b*s are the

model coeffecients.

Given the following definitions:

AT = 1ea0t va,02e . v g 2)

B*@ = batebgZe.. . ebg (3)
equation (1) may be written as

Ay K)~Bq") ulk) (4)
where is identical to the backahift operator B as

delined by Box and Jenkins [1].
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The loss function is a quantitative measure of the

¢quivalence of the model output given o purticulur set of

purumeters with the measured system (atput. The loss
funclion V is a function of the process output Y. und the
woduel output, yll- .

V=Viyy,)

The goodness of fit is therefore optimized by making

the loss function as small as possible.

The loss function for the lLeast Squares approach is

Kea

V=3 ek) &)

k=n

where ek) is the generalized error or residual defined by

e(k) = (ylk) - Y..(k)) : (6)
To determine the minimum of the loss function we
introduce
Y =[vied] 0= [y -ya1) .. o W) ... GO
vin+2)| - “yln+1) .., ¥(2)| uln+l) ... u(2)
v(l;-rN)
- = =y(neN-1) ., <yi Dl ulneN-1) .. u(N))

b'-;-_a-_,az... 3, b b, !ﬂ
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Then the error equation (6) reduces to
A
e=y-0¢b )]

If OTO is not singular then the loas function is

minimized when

”
b=(W¢ﬂwy (8)
A more detailed discussion of Least Squares

estimation can be found in Hsia [3]. Press et al [7] state
that Least Squares fitting is a. maximum likelihood
esti-agion of the fitted parameters if the measurement
errors are independant and normally distributed with
constant standard deviation. Isermann [5] states that the
Least Squares technique can be used as a recursive on-line
parameter estimation tool. Heia ({3] discusses the
application of the real time Least Squares algorithm for
tracking time varying parameters. One requirement of this
approach is that the residuals must be uncorrelated to
obtain unbiased parameter estimates. Correlated residuals
can provoke erroneous results therefore the method is
critically dependent upon the assumption of uncorrelated
residuals. Hsia [3] and MacGregor [8] conclude that the
Least Squares approach is suitable fcr systems with small
noise disturbances only, where the condition of white noise
can be assumed. This condition fails in the presence of
strong or coloured noise disturbances. Another serious

drawback is that the a priori choice of model order is
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required Lo prevent erroneous results. Astrom and Eykhofl
L 5] stale the initial choice of model order is critical.
Finally the Least Squares approach assumes stationarity or
quusi-stationarity of the system partaeters over the
measurement period.
Guneralized Least Squares {(GLS)

The Generalized Least Squares (GLS) technique is a

modificution of the (LS) approach developed to eliminate the

necessary condition of uncorrelated residuals. The (GLS)
melhodology can provide more accurate estimates in the
presence of correlated residuals.
Given the following system

A" ") y(k) =B"(q"") ufk) + vik) (©)

¥(k) and u(k) are the system output and input respectively
and A"(6")) andB*(@Vare as previously defined in equations (2)
aund (3). ¥(k) is a sequence of correlated random variables.
We ;ssume that ¥Kk) can be fepreaented L9
vk} = 6%(g™") e(k) | (10)
Where e(k) is an uncorrelated random variable or
residual ﬁnd 6"(q"is the transfer function. The individuul

weights in 67(Q"!) are called the impulse response function.

Substituting equation (10) into equation (S) yields
the following equation

A" y(k) =8 ) uk) + 6*(g"") elk) (11)
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Define the following variables

V) = 1 yk) (12)
6*(g-1)

Wk) = 1. uk) (13)
6*(g-1)

Substituting equations (12) and (13) intv equation

{11) the equation becomes
A"(q") Vik) =B"(q"") Ulk) + e(k) (14)

Therefrre, if V(k) and 'lr(k) are now considered the
system oulput and input, the identification problem is
reduced to an ordinary Least Squares problenm. This 1is
evident when one compares equation (14) with equation (6),.
The {GLS) approach can be interpreted as a (LS)
identification problex with the same loss function, equation

(5), but with the generalized error defined as

oK) = 1 (y(k) -y k) (15)
6*(g-1)

In practice, correlation of the residuals and the
transfer funclion 3.(Q") are seldom known a priori. Clarke
112] has proposed an iterative procedure for determining
the impulse tranafer function. This iterative upproach
essentially produces a (LS) fit with uncorrelated residuals.
The (GLS) approach overcomes a major drawbuck of the (LS)
technique b;t increases _the degree of a priori knowledge
requifed. A further disadvantage stated by Astrom and
Eyhhoff [6] is the: absence of any nﬁote-atic‘eriteria for
Ahe choice of order%for both the aystem and noise models.

Anocther wmajor deterrent is the lack of a theorétiqal proof’
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ol convergence for Cluarke's technique although it hus been

successfully implemented with an ad hoc choice of nodel

order in specific examples. Unreliasble convergence of the

(GLS) technique is the conclusion drawn by Isermann et gl

(18] in their review of six on-line identificution schemes.

Isermann [5) also reports the possibility of biased
eslinates using (GLS).

Ingtrumental Variables (IVA)

When the system dynanics are the only focus of the
unulysis and a model of the environmental effecls, i.e.
disturbances of various kinds other than the identified
sysltem input which corrupt the system output, is not deemed
a4 necessity, there exists a technique for detlermining. the
syslem model while avoiding the difficulties vgsovciated with
correlated residuals. The approach is called Instrumental

.Vuriables (IVA).

The (LS) estimation

b - (eTor ety | (16)

is obtuined by premultiplying equation (7) with O and
| neglecting Qte . The estimate 3 will be unbiased if the
Lerm Qte has a zero mean. The meun is non zcro when the

residuals are correlated.

The (IVA) approach modifies equation (M by

T
multiplication with “’ s where VV is the instrumental
muirix whose elements are functions of the measured data

wilh the following properties:
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E (WTQJ nonsingular . (17)

E (WTe) is zero (18)

where E is the expected value

The purameter estimutes obtained from Lhe (1vaA)

vyquiation will then be
T r 2 T
WyYy=Weob+We (19)
Subslitution of equation (18) into the ubove c¢quation

yields Lhe following equation for .the parameter estimates.
T | IR
Wy=wWeob (20)

The puarameter estimates obtained from equation {20)

will then be unbiased.

The (IVA) approach, 1like the GLS technique, is g
modified derivation of the original LS technique. This
methodology wus developed to perform system identification
in  the presence of substantial noise, The (IVA) approach
will produce unbiused estimutes of the system dynamics, Qhen
properly implemented, while ignoring system disturbuances.
No ‘informuation concerninﬁ the noise charn?teriatics can be
derived from thjatlethod. ‘A further dicadvantage reported
by lsermunn et al [13] is the poor reliubility exhibited by
Lthe technique. He farther states that the degree of a
priori  knowledge for implementation is significantly
increased by the necessity of choice of the initial
instrumental matrix w . ' ilerlann [5] further

concludes, in a Jlater erticle, that the (IVA) approach
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Pussesses no reliable convergence.

Maximum Likelihood Estimation (ML)

The muaximum likelihood approach postulates that the
system wunder study possesses correlated residusls. The

single input-single output system can be represented by

AN y(k) =B (@ ulk) + AC™(q"") e(k) (21)

where A™q") , B"(gM) . YK) , uWk) and elk) are us
previously defined. C'(Q") is of the same form as A‘(Q"’ and

B*a" (i.c. a polynomial).

The parameters in equation (21) cun be estimated using

maximum likelihood theory. The likelihood function L is

given by N

-log L®A) =(1/7203) 3 €2k) + /2)10gh + (WD log2m  (22)
kel

€*(a") ek) = A"q"") (k) ~ B™(g*") ulk) (23)
€)= Aelk) | (24)

The likelihood funclion is considered as a function of
@ . @ vector whose components are the parameters 8,8,
e Bbyby by, € .. €, the initial conditions  of
equation (23) and A . The log of the likelihood function
is  linear in the purameters & and b but strongly
nonlinear in § . The optimization of L with respect to
© and A can be performed separately. First 0 s
delermined suc# that the logn function

V() = Itzf.’uo | (25)
is minimized with respect to @ . The optimization of |
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willh respect to AN is then performed analytically yielding

the following equation

M= (1/N) min g WO) (26)

The (ML) estimates possess deuiruble asymptotic
properties and estimates of parameter precision can also Dbe
culculated (refer to Astro;. Bohlin and Wensmark [14) for a
detuiled discussion). The (ML) approac)l. may be considered
us a (GLS) method whose filter function, G = 1l/¢ , is
delermined automatically [6]. Bohlin [15] states that the
cslimautes are consistent, asymptotically normal und
efficient (i.e. minimum variance) under the conditions that
the likelihood function.is correct, the input and process
dislurbances are uncorrelated and that the system is
"pursistently excited". Saridis [16] stutes that, for
stable syatems, a proof of convergence for the on-line
wlgorithm is possible but initial paranetgr estimutes must
be close to the true values to guarantee convergence. He
also adds that the assumption of m Gaussian distribution for
all random variables involved is a major disadvantage of the
melhod. Bohlin [15] supports these arguments and further
ﬁddQ that the prerequisites for successful identification

ure not ulways known to be satisfied & priori. Isermunn (5]

reports a slow convergence rite for the (ML) recursive

procedure.

Stochustic Approximation (STA

Stochastic Approximation "tochniquea (STA) were
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developed to provide system identification while taking into
consideration the stochastic nature of the sappled data,
that is to say, the preasence of measurement error. The
available recursive (STA) elgorithms are generally based on
the Robbins-Monro or Kiefer-Wolfowitz alg;rithns [3]. These
basic (STA) techniques yield biased estimates if the
generalized error is used for minimization. Saridis and
Stein [7] demonstrated that unbiased estimates of the
impulse response are possible by minimizing the output
error. The algorithm proposed by Saradis and Stein
converges in the mean square sense to the true parameter
values if the following conditions hold:
i) the input is an independent random variable with
expected value of the mean equal to zero
ii) the noise is an independent random variable with

expected mean value equal to zero

Isermann et al [13] demonstrated a very good
performance with large identification time periods for the
(STA) approach however the overall reliability of the
technique is poor and the necessary a priori knowledge is
considerable. They also reported that short identification
time periods produce results with large variances.

Correlation Analysis with Least Squares Parameter Estimation
{(COR)

A major drawback of the (LS), (GLS), (ML) and (IVA)

techniques is the required a priori knowledge or assuaption
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of model structure and order before implementation. The
(COR) approach eliminates this requirement by wutilizing a
two step identification procedure which first identifies
model order using a nonparametric stage, then performs a

parameter estimation procedure on the identified model.

Autocorrelation and crosscorrelation function analysis
provide the methodology used to determine or estimate mcdel
order. Parameter estimates are them calculated using Least
Squares. A more detailed discussion of parameter estimation
is found in Isermann et al [13]. Definitions of the
autocorrelation and crosscorrelation functions, will be
presented in a later chapter.

Correlation analysis with Least Squares estimation is
a two-step system identification technique which can be
ilﬁlenented both off-line and on-line. - The Box~Jenkins
approach using time series is a similar twp stage scheme of
identification and estimation although the maximum
likelihood approach rather than lLeast Squares is used for
parameter estimation. Isermann et al {13] 1list several
advantages of the (COR) approach: very little a priori
knowledge about the system and model structure is required;
the method requires small storage capacity and minimum
computational expense; structure, order and time delay of
the syaten model are easily determined; intermediate results
are accessible for evaluation of performance; initial
estinates of matrices eand parameters are unnecessary;

accuracy of results and computationasl expense can be easily



33

manipulated to produce either greater accuracy with
increased computations or reduced computational expenditure

at the cost of accuracy of the results; and finally

divergence is not possible.

Astrom and Eykhoff [6] also report that the a priori

knowledge recuired for implementation is minimal. Isermann

[5] further states in a later paper that the (COR) approach
exhibits good performance for a wide class of noise models
and possesses a simple procedure for verification of model
adequacy. Isermann et al [13] conclude that for general

linedr processes (COR) presents the most advantages in

comparison with six other identification techmniques.

In addition to these favorable characteristics, the
Box-Jenkins approach also possesses the following
advantages: the assumption of uncorrelated observations is
not mandatory for successful implementation; the model
identified possesses maximum simplicity consonant with
repreaentational adequacy; the technique does not require
open loop operation, if a known, eartificially generated
noise signal is added, and is effective in the presence of
considerable noise; the condition of stationarity of 'the
systes “is not required. Furthermore, the Box-Jenkins
approach can be extended to multi-input configurations.

Chatfield [18] states the following with respect to the Box-

Jenkins approach:
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-..these authors show how to identify a
linear parametric model for a system and
hence find a "good" control procedure. It
is interesting to note that a somewhat
similar approach has been developed by two
control engineers in Astrom and Bohlin,
though the latter do not give anywhere near
such detailed guidance on estimation,
diagnostic checking and the treatment of
non-stationary series."

The method developed by Astrom and Bohlin is described

in reference [19].

Summary

In summary the Box-Jenkins approach is considered the
most appropriate technique for resolving the identification
problem outlined in section 2.1.4. The (LS) technique is
inappropriate since it assumes stationarity of the data and
disturbances that are uncorrelated (i.e. white noise). The
(GLS) approach removes the nsaulptién of uncorrelated
residuals but requires a greater degree of a priori
information. Due to the possibility of biased estimates,
the non-existence of a systematic approach for determining
model order of both the system and noise models and
unreliable convergence the (GLS) is rej&cted as a8 plausible
alternative, The (IVA) technique which provides no
information concerning system noise characteristf&i?:;ip
removed from consideration due to its poor reliability;
inability to handle nonstationarities and the considerable
amount of a priori kpouled(e required. The (ML) approach
requires initial estimates of the pargleters which are close

to the true values. This necessary thdition and the
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uncertainty of whether or not all the prerequisites of the
technique are satisfied before implementation justify its
elimination from consideration. The (STA) approach is not
feasible for implementation due to ita poor reliability and
the considerable extent of required a priori knowledge of

the systen.

The Box-Jenkins approach fulfills all the necessary
requirements listed in section 2.1.4. The method requires
little a priori knowledge and is effective in the presence
of considerable noise. The method allows identification of
model order and encourages parsimony in parameterization of
the model. The assumption of stationarity is not required
for effective implementation. The procedure may be
performed off-line or on-line using open or closed loop data
collection. Furthermore, it can be extended to handle
multi-input configurations. Therefore the Box-Jenkins
approach will be used to perform the system identification

of the problea under study.

2.3 The Box-Jenkins Identification Procedure

The Box-Jenkins technique is concerned with the
development of stochastic models in the time domain for
discrete time series. Possible areas of application include
identification, description, prediction and control. The
area of interest for this study is the development of an

optimal control scheme for the airfin hcgt exchanger systen.
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2.4.1 The Box-Jenkins _Transfer Function-Noise Model
Representation

Box a-d Jenkins represent a discrete dynamic system,
that is to say, the dynamic relationship between input
X und output Y neasured at equispaced instants inp time,
by u difference equation. The system output Y, at time
1 s modelled as the 1i£ear combination of past values of

the input and output. The linear model may be written in

the [lollowing form using the backshift operator B which is
delined by

BX= X,

B % = %a

where X, is a discrete observation at time ! of a time

series X :

(1-38-...-8,8 Voo (0=wB=... -w8)X, - (27)
[f we define the following two operators 8(B) ang \ w(B)

BB)=(1-8B-...~38 (26)

W) =(w,=wB=-... -wb) (29)

we cun then write equation (27') in the following form
86 ¥, = w(B) BY X, (30)

3B) ¥, = 0B) X, (31

If Y, and X represent deviations at time t frox

appropriate mean values, or equilibr@nl. then to an adequate

spproximution, the system can be represented by a 1linear
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filter of the form
Y, =v.x,+v,x,_,+vzx,_2+ (32)
Yp = (v, +vB+v,B2+ . )X
Y, = v(B) X,

The output deviation at some time { is represented

as a linear aggregrate of input deviations at time
t, t-1,t-2,... . The operator V(B) is defined as the
transfer function of the filter and hence of the dynamic
system itself. The weights Vo ¥u Vo, Yol in equation (32)
are called the impulse response function of the system.
Furthermpore, the transfer function ¥(B) can be expressed

as the ratio of the polynomials (NB) and 5B) .

v(B) = ((B) / §(B) = 5" (B) {B) (33)

The Box-Jenkins approach for estimating an appropriate
model, relating an output Y and an inpuf X , is
identical to estimating the transfer function v(B) '5.'(3)0(5).
However the problem is compounded in practice since the
output Vg cannot be expected to follow exactly the
pattern determined by the transfer function even if' the
model used is appropriate and adequate. Disturbances of
various kinds other than X, ordinarily corrupt the sy'-tel.
Box and Jenkins consider disturbances, which can occur
anywhere in the system, in terms of the net effect_on the
output Y} , as shown in Figure 2. They further assume the

net efffect, or noise Ny , is independant of X, and is
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v(B) = p'(B)n(B)
a, $l Linear
Filter

v(B) = 3~'(B)Q(B)

X, Linear v(B)X,
Dynamic
# System

<

Y= ”(B)Xc + N,

Figure 2: The Box-Jenkinas transfer Function-Noise Model
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additive with respect to the influence of X, on the output

Yt
Y, =51B)QBIX, +N, (34)

The noise N, can be described by the following
linear filter with the input time series being a white noise

process,

Ny=¥(B)g, = p"(B)I(B) 3, (35)

The white noise process will be defined and discussed

in more detail in a later section.

It is necessary therefore, in practice, to estimate
the transfer function I(B) of thé linear filter describing
the noise and the transfer function ¥(B) describing the
dynamic relationship relating the input and output

varigbles.

However, both the transfer functions W¥B) and W(B) can
adequately be represented by a ratio of polyn;lials of low
degree in B that is to say containing only a few
Parameters ( r<2 , 5¢2 for the dynamic model and p$2 ,
G$2 for the noise model). Using the model form of a ratio
of polynomials allows the identification and estimation of
the smallest number of parameters necessary for adequate
representation. The principle of parsimony in the use of
parameters is extresely important since overparameterization
of the model form can lead to unnecessarily poor estimation

of the output Y' .
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A further complication encountered when trying to
model e dynamic system in practice is the presence of
nonstationary behaviour. Many time series in industry
exhibit this type of behaviour, and, in particular, do not
vary about a fixed mean. But although the fluctuations
occur about different levels for different times, the broad
behaviour, taking into account changes in lével, may be
similar. Box and Jenkins represent such a system by a model
which calls for the dth difference of the process to be
stationary. Using the noise model as an example.

p(B) N, = o(B) (1-BFN, = n(B) 8, (36)
that is

®(B) n, = 7(B) 3,

where

n = (1-BFN, = WN,
In practice d is usually 0, 1, or at most 2.

The model form of equation (36) deacribing the
relationship between a time series, fﬂ in this case, and a
white noise proceas is called an autoregressive integrated
moving average (ARIMA) model. Bquation (36) provides a
powerful model for describing stationary and non-stationary
times series. The order (p,d;q) of the ARIMA model is
defined by the number of autoregressive terms p, the degree
of difference required to induce stationary behaviour d ,

and the number of moving average teras qQ
(1-98~...-0BN(1-BFN=(n-nB8-... nBVs (7

In summary, Box and Jenkins represent a dynamic system
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conteaminated with some degree of noise by the feollowing

equality

Y, = v(B) X, +N, (38)
where Y, , vB), X and N are as previously
defined. Successful adequate representation of the system

requires the identification and estimation of both the

dynamic tranasfer function model and the noise model.

2.3.2 Building the Transfer Function~-Noise Model

The Box Jenkins approach to lodei building is an
interactive one comprising preliminary identification, model
fitting or parameter estimation and diagnostic checkl. The
preliminary identification procedure is deiigned to suggest
an appropriate model form or order. The estimation stage
provides maximum likelihood estimates of the syaten
parameters. Quite often the initial model form will prove
to be an inadequate representation of the system and hence
the third step of the model building approach, diagnostic
checking, . has been developed to not only detect model
inadequacy but to also suggest appropriate modifications for
a further iterative cycle. A short description of each
stage of this iterative procedure is now presented to
provide some additional insight info the technique. The
following sections are by no means intended to be an in-
depth analysis of the Box-Jenkins approach and interested

readers are referred to chapter 11 of Box and Jenkins (1]
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for a detailed discussion of the procedure and relevant

theory.

Preliminary Identification

The preliminary identification of the combined

tranafer function-noise model involves the following steps:

i) Calculation of the autocorrelation function of
the input time series,

ii) Determination of the pre-whitening operator for
the input time series,

iii) Application of the pre-~whitening operator to both
the input and output time series,

iv) Calculation of the cross correlation function of
the transformed input and output time series froam
step iii),

v) Preliminary identification of tentative model
orders, r, s and the delay parameter b,

vi) Calculation of initial estimates of the
preliminary model form,

vii) Computation of an estimate of the noise time
series using the preliminary transfer function
model,

viii) Calculation of the autocorrelation function of
the estimated noise leriei.

ix) Identification of preliminary tentative model

orders, P» 9 and Mde(ree of differencing d

required to induce stationarity of the estimated
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noise series,

Xx) Computation of initial parameter estimates of the

preliminary noise model.

In sumsary, the preliminary identificuation stage

provides a tentative class of models to be investigated and

lhe upproach commits the user to nothing more. Intuition or

@ "gut feeling" concerning model type may be superimposed,

substituted or used in conjunction with the preliminary

identification outlined in this section.

A description of the autocorrelation and
crosscorrelation functions and sumple calculations may be
found in Appendix 2. ‘Prewhitening of the input is
discussed in Appendix 3 but its Primary advantage is that

when implemented, consideruable simplification of the

identification procedure is achieved.

Huving identified a tentative fo.mulation for Lhe
wodel, efficient eatimates of the parameters are now needed.
R.A. Fisher [1], page 208, stated that efficient use of the
data for parameter qstination is re. uired to permit
relevéncy of diagnostic checks. If this requirement is: not
present inadequacy of model fit may be due to inefficient

fitting and not incorrect lodéi form selection.

'

The combined transfer~function-noise model must be

estimauted simultaneously even if the system noise model is
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not of interest. However, for atochastic control both
models weigh equally in importance.

If the starting values Y,, X+ % , where Xy

Yo and 8, are vectors with values of the input, output
und white noise series prior to the beginning of the series

ure known then given the data with any choice of puarumeters

Bdys ... B0y s - o s Oy P - - Py G ThyTigs - o -0 TY) .

il is possible to calculate successive values of % where
8=8,(b 3 0, p.nlx.y,.8) for t=1,2,...n . Assuming  the
caulculated series % to be normally distributed white
noisce then a-close approximation i;o the maximum 1likelihood
¢slinates of the true parameters [1] may be obtained by

winimization of the conditional sum of squares pi‘ residuals.
[

Shb.w.pn)e I 4205w, pnix,y.8) (39

{
where tel

‘-(hp-uo&f,

©= {00 ... )
p-(d.ﬁ.pz.....P.)
nemg ... )

Minimization of equation (39) yields conditional

muximum likelihood estimates. In pfactice X o Ye and

8 ure unknown and initial values of the inpul und output
time series are substituted for %, and Ye reapectively

und prior vulues of & assume their expected value of zero.

The cnlculation of the estimated residual time series

involves the following steps:

i) .Esti--tion of the output tisme series wusing
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equation (40)

V=518 B) X,., (40)
ii) Calculation of the noise series estimate
;L using equation (41)
NV =y, - B B X, (41)

iii) Generation of the conditional residual error time

series using equation (42)
=16 pB)N, | . 42)

The estimated residual error time series calculated for
a conditional set of parameters is then used for diagnostic

checking of model adequacy.

Diagnostic Checking of Model Adequacy

Identification and estimation of the combined transfer
function-noing model having been accomplished the
application of diagnostic checks is now appropriate.
Specific checks are implemented using the residuals of the
fitted model which allow the data itself to suggeat
modifications to the model. The procedure of overfitting
that is to extend the model in a particular direction is

also applicable here but assumes some a priori knowledge of

expected discrepancies.

Serious wmodel inadequacy of the combined transfer
function-noise model can usually be detected by analysis of

the residuals.
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The autocorrelation function r;Jk) of the estimated
residual error time series should behave as that for white
noise, that is to say, no marked correlation patterns should
be present. The crosscorrelation function rka) of the
input time series and estimated residuai error time series
should display no significant non zero terma. If these two
conditions hold true  then the conbiged transfer
function/noise model is considered to be ap adequate

representation of the system in question.

The presence of significant patterns in either or both
of the residual checks indicate model inadequacy, The
observed patterns that indicate model inadequacy also
provide insight into the model modifications necessary to
better fit the data and therefore initiate the next

iteration.

IPrenhitening of the input time series, although not &
necessary condition of the previous two stages of the wmodel
building procedure, is a prerequisite for the diagnostic
checking stage if the input'sariea is not a white noisc

series.

The philosophy of this stage of the model building
technique is twofold: . first, to provide evidende concerning
the model inadequacy and second, to provide insight into the
néeoo.nry modifications required to adequately fit the data
thereby initiating the next iteration, if necessary. The

diagnostic checks must be sensitive to discrepancies which
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sre likely to occur. No diagnostic checking procedure is
complete in that it is possible that characteristics of an

uncexpected kind in the data can be overlooked. However,

if a reasonably large data base is available and is snalyzed

using thoughtfully devised diagnostics which fail to

show
wodel inadequacies, the ‘user ehould rightly feel more
comfortable in applying that model. A more in-depth

description of the procedure is found in Box and Jenkins

f11.

2.4 __ Experimental Design

For identification of dynamic systems, experimentual
design determines the amount and type of information which
will be provided by the experiment(s). The selection of
input signals, sampling interval, open or closed loop
identificution, and on-line or off-line identification will

directly influence the results of the identification

technique.

Goodwin and Payne [20]), Astrom and Bykhoff {6] and
Isermann [5] all concur that any experimental design must
tuke into consideration the constraints on the allowable
experimental conditions. Goodwin and Payne [20) conclude by
stuting that the real purpose of experimental design is to
waximize the information content of the data within the

linits imposed by the given constraints.

Astrom and Eykhoff [6] and Isermann [5) state that the
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determination of the design criteria will depend heavily on
the finul goal of the identification problem and that
¢xumination of a priori information, final purpose of the
identification and process operating conditions will
determine the experimental design and the identification

Ltechnique chosen due to their interdepencance.

Significant simplifications in the computations can be
uchieved by selecting input signals of a special kind, for
exumple step functions. But from the point of view of
upplications, it seems desirable to use techniques which do
not make strict limitations on the input. Astrom and
Eykhoff [8], Isermann {5), and Box and Jenkins '[1]. and
MucGregor [B8] all present arguments concerning the use of
perturbation signals or normal operating conditions,
Whenever feasible, they all support the use of perturbation
signals, the choice being dependent on the identification
procedure, for better system identification. For the Box-
Juenkins approach both Box and Jenkins [1] and Isermann [5]
recommend a pseudo randowm binary sequence (PRBS) input. It
is an optimal input signal in that it significantly
siuplifies the identification procedure aad. when limited a
priori knowledge ‘is available, provides a sensible initial

choice of input [1}.

When  deciding between open—- and  'closed-loop
identification, the effects on the overall operation of the

process or entire plnnt is of major concern, as stated
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previously, When open loop identification can be rerformed
without significant disruption to the process, it is
recommended since the identification approach is greatly
simplified and a wider selection of identification
techniques is available, Isermann [5], Astrom and Eykhoff
[6], MacGregor [8], and Eykhoff (2] discuss the advantages

and disadvantages of either approach in considerable detail.

Deciding between on-line or off-line identification is
determined by the final goal of identification, the type of
process and availeble computing power. In brief, if a
stationary or slowly varying process is to be.identified for
general process analysis or for the design of control
algorithms, off-line identification is usually preferred;
for time varying processes and especially for adaptive

control, on-line identification is considered mandatory.

For the identification of diacrete-time models, the
sampling time has to be chosen correctly before the
experiment starts. Anderson [21] states that if a series is
observed too frequently, reduhdant data are in fact being
collected whereas, if it is recorded too rarely, high
frequency detail will be lost. Isermann [5] states that a
proper choice of salpling interval in most cases is not
critical, because the possible range between values that
are too small and those too large is relatively wide. He

then presents the following widely accepfed general rule of

thumb,
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T,SIT. =5.,.15 (43)

where Tgg is the 95% settling time of a transient function

and T; is the sampling rate.

Since the system in question did not have adequate
stable control, process constraints imposed by the process
engineers for the initial stage of the investigation were
not rigid and open-loop, perturbation-input data collection

was permitted.

2.5 Review of Industrial Applicaetions of the Box-Jenkins
Technique

Reported investigations of the Box-Jenkins procedure
for real time system identification and control in the
industrial or pilot-plant environment are very limited in

the literature,.

The earliest reference‘. by Bacon &and Howe [23],
appeared in 1972. The primary goal of the astudy was the
assessment of the utility of the Box-Jenkins approach for
the evaluation . and modification of an industrial process,
The industrial system consisted of a falling film evaporator
designed to effect a separation of a monomeric material from
unreacted raw materials. The authors concluded that the
methodology proposed by Box and Jenkins was adaptable to the
dynamics of a typical full scale chélical unit process.

Furthermore,. the procedure was found to bq extremely useful
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for the development of conventional and more importantly,
novel control functions that supplement existing control
schenes. Bacon &and Howe recommended the procedure for

other chemical processes.

Box and MacGregor [24] applied the Box-Jenkins
approach for analysis of closed 1loop dynamic-stochastic
systems. The <closed 1loop identification is achieved by
using a dither signal superinposed on the system. Box and
MacGregor stated that the use of a dither signal allows
accurate closed-lcop systenm identification and presented
examples from the process industries. They also identified
possible problems with the Box-Jenkins procedure if the

stated condition of open-loop operation is assused but is

not wvalid.

Phadke and Wu [25] demonstrated successful
implementation of a similar methodology for a multi-input- .

multi-output system under closed loop operation.

The usefulness was further investigated by Wright and
Bacon [26) using a pilot scale heat exchanger systenm. They
stated that statistical parametric lodelﬁng experience is
limited in the literatufe. The probable cause, in their
view, is the lack of familiarity with the underlying time
series analysis techniques. Wright and Bacon concluded
that the approach was a straightforward method of syasten
identification for a noise infected dynamic single input-

single output system.
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Goford, MacGregor and Wright ([27] presented the
successful application of a predictive stochastic
feedforward-feedback control of a heat exchanger stirred
tank syatem. The underlying system identification used was

the Box-Jenkins procedure.

Though limited in scope of applications, the
literature presented a favorable review of the Box-Jenkins
technique for system identification of industrial chemical
processes., However, a need for further investigations is
recognized. The scope of this thesis is to provide
additional reported experience and information concerning
the applicability of the Box-Jenkins approach for industrial

system identification problenms.
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3.0 DESCRIPTION OF THE AIRFIN EXCHANGER PROBLEM

The Box-Jenkins model building technique was applied

to a heat exchanger system at the Imperial 0il refinery in

Sarnia, Ontario.

3.1 Process System Description

The system studied consisted of an airfin heat
exchanger whose outlet stream is fed into a drum. A second

process stream, originating from knock-out drums is also fed

into the same drum. The system configuration is given in
Figure 3. The temperature of the drum outlet stream is the
‘system variable to be controlled. The flow rate and

temperature cf the inlet stream to the heat exchanger are
unmeasured and uncontrolled. The flow rate and temperature
of the second input ;tfeam te the drum are alsc unknown.
However, its total flow is never more than 10% of the_outlet
stream from the exchanger, The known or leasuredﬁ systen
variables are louvrg position, drum tepperature, exchanger
outlet temperature and pleneum temperature of the exchanger.
The single available manipulated variable is louvre position

of the heat exchanger, which is controlled pneumatically.

A

3.2 Problem Definition

The control objective was to maintasin the drum
temperature at the required setpoint. A schematic of the

control strategy-is illustrated in Figure 3. Deviations in
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drum temperature (PTI 5052C) were corrected through
manipulation of the temperature setpoint of the heat
exchanger outlet stream (PTI 5091C). The exchanger outlet
stream temperature {PT1 5091¢C) was controlled by
modification of the pleneum temperature (PTC525) setpoint.
Finally the pleneum tempereture (PTC525) of the heat
exchanger was maintained at its specified setpoint through

manipulation of the pneumalically activated louvres.

This control strategy was considered inadequate by
Imperial 0il. The system became unstable under closed laop
operation and failed to maintain the desired drum
temperature. A sacple of normal closed loop operating data
is plotted in Figure 4. Figure 4 demonstrates the
inadequacy of the éontrol since the measured temperatures
oscillate periodically over the time of observation { over
an hour). The data shown were gonsidered to be an accurate

representation of normal operating conditions.

3.3 Ob jectives

The primary objective was the investigation of the
airfin heat exchangér control problem using the Box-Jenkins
technique and the development of a satisfactory control
scheme. The planned stages of analysis to achieve this
objective were the following:

i) analysis of the airfin heat exchanger systenm,

=
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ii) development of an adequate model through
application of the Box-Jenkins model building
approach to measured system data provided by
Imperial 0il; the choice of process variables
restricted to those provided b; the Refinery,

C(iii) simulation of the airfin heat exchanger systen
using the transfer function—noiée models
developed in step (ii),

(iv) evaluation of system performance under different
control strategies using the computer simulation:
of the airfin heat exchanger system, and

v) investigation of the possible extension to

adaptive control for improved control of the

systen.

Due to difficulties to be described later, it was not

possible to perform the sildlation and control stages.

3.4 Available Data

The deaign of experiments for any process
identification determines, in large part, the success or
failure of the analysis. As discussed previously, .important
parameters, such as sampling interval, must be selected

with great care to ensure an accurate representation of the

system under study.

Unfortupately, in this case, the experimental design

vwas developed and determined exclusively by Imperial 0il.
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The author was afforded no opportunity for input into the
experimental design process. The data was collected and
forwarded to the university by the Refinery. The following

data were provided by Imperial 0il:

i) normal open loop data,

ii) normal closed loop data,
(iii) open Jloop operation with s PRBS input signal
applied to the pneumatic actuator of the louvres,
iv) pseudo open loop operation with a PRBS input
applied to the setpoint of the Pleneunm
temperature controller with all other control

loops inactive.

The sampling rate and control interval were preset at
15 seconds by the Refinery. The impact of these aspects of
the experimental design is discussed in a subsequent

section.

The initial investigation of the process systgl
produced aeelin;l& unrealistic results which were strongiy
contested by Imperial 0il. The author was subsequently
provided with another data set obtained using a step-
function perturbation to the pneumatic actuator of th;

louvres during open-loop operation.

The identification and parameter estimation of the
system were repeated with this data set. Results from both
analyses are presented. Discussion of the inconsistencies

of the results follows.
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4.0 ANALYSIS OF THE PHBS OPEN LOOP DATA

The Box Jenkins model building approach was used to

determine the combined transfer-function noise models

relating the known system temperatures to the lone available

munipulated variable, percentage of operating pressure Lo

Lhe louvres.

1.1

Selection of Data for Initial Investigantion

A PRBS input perturbation to the syatem, as  outlined

in Section 2.4, during open loop operation, greatly reduces
the computational effort and is considered the optimal
choice of input signal for the Box Jenkins approach when

available.

Since data collected under these conditions were made
available by Imperial 0il, the initial system analysis and
identification were performed using this data set.  Plots of
the measured system temperatures and manipulated ﬁariahlea

are provided in Figures 5, 6, 7, and 8.

A preliminary qualitative review of the data aus
plotted‘ in Figures 5 - 8 reised some concern about the
validity of the data or more specifically the stated
conditions of & random input and open—locr: data collection.
The cyclical or sinusoidal behaviour exhibited by the three
system output temperatures is u;expected if the system input
is actually a random process and data collection was

performed under open-loop conditions. An autocorrelation
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check of the system input, discussed in more detail in the
next section, verified that the input series was indeed a

PHBS input as stated by Imperial 0il.

The condition of open-loop operation for the PRBS data
wias  questioned due to the similarities of the observed
tewperature responses in Figures 6 — 8 when compared to the
tewperature responses exhibited under closed-loop operation

shown in Figures 24-27.

With these reservations, the Box-Jenkins model

building technique was applied using the I'RBS data provided.

4.2 Preliminary Identification

The first step of the preliminary identification
unalysis was to verify that the PRBS input time series could
be treated as white noise, The autocorrelation function of
Lthe munipulated variable was estimated and plotted in Figure
9 with its associated error bounds represented by the broken
lines. By definition, & white noise series is a series of
rundom shocks having a normal distribution with zero mean
and constant variance Q?z. The autocorrelation of a white

noise series will be zero for all positive lags, K>) .

In Figure 9, all values of the autocorrelation
function for k>0 fall within the error limits.
Therefore, the manipulated variable for the PRBS open loop

data aeffiay be considered as white noise.
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Bstimates of the crosscorrelation functions relating
the three meesured system temperatures (pleneum, exchanger
outlat stream and drum) to the manipulated variable were

. calculated and plotted respectively in Figures 10, 11, and
12, The approximate error bound; for the estimated
crosscorrelation functions, at the 95% confidence levei,
appear as broken 1lines in the plots. Statistical
independence between the time series ig concluded should all
estimates of the crosscorrelation function not be

significantly different from zero.

The crosscorrelation function of Figure 10 suggested a

model having the following form:

(1-3,8)Y, = w8 X,

Prewhitening renders the crosscorrelation function
estimate of the input and output varisbles directly
proportional to the impulse response funct}on. Therefore by
using the estimated values of the crosscorrelation function
which are considered to be significantly different from zero
and the procedure outlined in Box and Jenkins [1], the

following initial estimates of the paraneterg were obtained.

(D 8,=060 () wy=-0.18 (i) b=2

All values of the crosscorrelation fﬁnction for the
outlet stream temperature and manipulated variable time

series fell within-the;error bounds as shown in Figure 11.
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These results indicated that no statistically significant

dependence existed between the two variab'es.

The same results are reflected in Figure 12 for the
drum temperature and manipulated variable crosscorrelation

funclion estimates, No relationship between the two

variables is again indicated.

4.3 Conclusions of the Preliminary Identification Stage

Analysis of the PRBS input data set indicated that
both the heat exchanger outlet stream temperature and drum
temperature were statistically independunt of the lone
wmanipuluted variable. That is to say that no significant
dependence exists between those two sfstel temperature

variables and the manipulated variable.

These results indicated that adequate control of the“\
system drum telperaiure is not feasible using the current
manipulated variable. Furthermore, the indicated
relationships or lack tﬁereof aborts any attempts of an

adequate system model representation with thé current

mesasured system variables.

Intérpretation of these results relative to the
physical reality of the system provoked suspicion concerning
the vélidity of the results. These conclusions indicated
that outlet stream tenperaturé-and.drul temperature were
independeﬂt of the pleneum fenperature. 'This arose from the

observation that a change in pleneus temperature was related
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to a change in louvre position, but that the change was not
reflected in the outlet stream of the heat exchanger. This

disagreed with the basic premise of the airfin heat

exchanger, The 1lack of confidence in the results and our

suspicions were corrocborated by Imperial 0il.
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5.0 ANALYSTS OF THE STEP RESPONSE DATA

As & result of the unlikely conclusions drawn from the
PRBS data, Imperial 0il provided additional data, consisting
of u step function input applied to the louvre controller
during open loop operation and sampled at one minute

intervals.

The temperature responses, are shown in Figures 13,
14, and 15. Qualitative assesament indicated a significant
correlation or dependence between the manipulated variable
und ull three temperature responses (pleneum, outlet and
drum). The observed beheviours of the outlet and drum
temperature responses for the step reasponse data
contradicted results presented in sectio:. 4 using the PRBS

datua. The discrepancies in results will be discussed in

section 6.

5.1 Preliminary Identificatioh

The step function is not a white noise series
therefore determination of the pre~whitening operator for

the input series is required.

The célcu!ated autocorrelntion function fof the step
input is shown in Figure 16. As expected this input .series
was found to be nonstationary, the autocorrelations did not
"become insignificant at large values of the lag, - k. As
stuted previously homogeneous nonstationarities cah be

removed by:suitable.ﬂifferencinz (in general d ¢ 3 times) of
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the time series [22]. Thus, the first differences of the
input were determined; the autocorrelation function was
calculated and plotted in Figure 17. Stationarity was
achieved and yielded a white noise series. The appropriate

prewhitening operator is therefore simply the first degree

difference operator (1-8) .

The prewhitening operator was then applied to the
input time series and the three system temperatures. The
crosscorrelations between the transformed temperatures and

the prewhitened input were calculated and are shown in

Figures 18, 19, and 20.

The preliminary identification criteria of the Box-
Jenkin procedure was then applied to the estinated
crosscorrelation functions of the three bivariate proca.ie..

The model form{(s) initially suggested for each relationship
follow in table 1.

5.2 Estimation of fhe Transfer Function-Noise Model

The iterative estimation and diagnostic checking
stages of the Box—Jenkins technique, as outlined in section
2.3.2 were then applied to each of the proposed models for
the three bivariate stochastic pairings. Using the Box-
]Jenkin. critgria for model adequacy, iterations wers
performed until adequate transfer function-noise models for
each of the three bivariate stochastic processes were

deternined. . The final transfer ‘function—noiae " model

i
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Table 1: Initial Transfer FunctionMode! For The Airfin

Heat Exchanger System
* Process Temperature IdentifiedModel(s)
Pleneum Temp. VY= o 9)(,

VY= (- ©B) V%

Outlet Tem. (1-5,8) VY, &g VX.o

Drum Temp. (1-38) VY, = (g~ 0,8) V% ¢
(1-38-5,8%) Y, = oy FX ¢
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representations for each of the three bivariate processes

ere shown in Table 2.

The results of the quantitative analyéisfof the step
response data demonatrate a significant correlation between
all three system temperature variables and the manipulated

system input. | Furthermdre.‘ the choice .of‘-manipuiated

variuble is shown to be reasonable since a 15% deV1at10n 1nn‘

the manipuluted variable prodqces a sxgnlflcant output‘”

response for all three teiperﬁtﬁ;és. ' :'{f:fﬂﬂ

5.3 Conclusions TN

The analyéiﬁ .of the step\response data prov;ded by

Imperial 0il determined that sxgnlfxcant correlatlon exxsta

w-‘.

between the nan;pulated syntel 1nput and 311 three syaten_

r'i-!r \

temperature variables. Theae results are\lnconszstant ulthg

A
l

the conclusions drawn fron the analys;a of the PRBS data.

Discussion of the contradictory reaults follows. ﬂﬁ{ﬁff 

R R \,,
N v '

o
A}



Table2: CombinedTransferFuncti
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on-NoiseModels for the Airfin

Heat Exchanger System
mﬁuu Transfer Function Noise Mode)
o Oqtput

VR op. pross |

L (I.-0.70I)Y,--0.30&_, IN=a
V Pleneum T
VR op. prassi B

. (1-0.508)¢ = -0.30%,_, UN =3

VOutlet T
VS 69. pr.oss

| (1-0.808-0.058, = 0.1 1%, | VK =MA(1)
VOrumT process




85

6.0 DISCUSSION OF RESULTS

Striking inconsistencies existed between the results
obtained from the analyses of the different data sets
presented in the previous sections. Fpr neaﬁingful
conclusions to be drewn from this research, an explanation
of the observed discrepancies was necessary. Examination of
both the estimation procedure and the process operation lead
to four possible factors, which, taken separately or
together, could have possibly accounted for the observed

disagreements in results. These factors were:

(i) The data was inappropriate.
(ii) Process parameters changed between data collection
periods.
(iii) The computer algorithm used to perform the Box-
Jenkins identification procedure was inaccurate.
'(iv) The Box-Jenkins identification procedure is not an
adeéuate technique for use in industrial system

identification.

Bach of the possible causes for inconsistencies in the
results was investigated and the findings are presented in

the subsequent sections.

6.1 Inadequate Data

A possible cause for the contradictory results may be
inappropriate data. The purpose of the measured data is to

provide an accurate picture of the system under study.

)
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The step function open loop data are plotted in
Figures 13, 14, and 15. Significant dependence between the
manipulated variable and the measured system temperatures is
assumed to be true. The observed responsea indicated =
first or second order plus dead time model for the three

bivariate processes.

The system, under the stated condition of normal open-
loop opefating conditions, is represented in Figures 21, 22,
and 23. The airfin heat exchanger system was switched from
normal closed-loop operation to open-loop operation by
opening all control 1loops and setting the manipulated
variable to a fixed value. The transition from closed-loop
operation to open—loop operation is comparable to
application of a step function to the lanipulnted variable
although the system is not at steady state‘prior to the

deterministic perturbation. This allows for the comperison

of the two data sets.

Steady state is achieﬁed for all three systea
tenberature. within a lﬁxilul of approximately 25 wminutes
for both data sets. The individual tesmperature responses
are consistent for both data sets although their relative
deviation is significantly greater for the step functi&h

open—loop data set.

The PRBS open-loop data, plotted in Figures 7, 8, 9,
and 10, display a similar response pattern for the three

leqsured system temperatures. A sinusoidal function with an
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approximate period of 20 minutes is observed. The relative

amplitude of the sine wave diminishes between

temperature
variables, the Pleneun temperature possessing the greatest
amplitude and the drum temperature the smallest. This 1is

consistent with the observed system behaviour demonstrated
by the other open-loop Qata sets. Reaction to system
disturbances is dampened along the system. Furthermore, the

observed delay time also increases along the system, the

Pleneum temperature having the shortest delay, the drum

temperature the largest.

In summary, the observed time delays and amplitude
response dampening for the PRBS data were consistent and
expected based on the normal open-loop and step function
open-loop data sets. Hﬁuever. the periodic wafe form

superimposed upon the system responses was unexpected.

Finally, the normal closed-loop cperation data are
presented in Figures 24, 25, 26, and 27. An overwhelming
similarity of the individual syite. temperature responses as
stated previously ii observed for the PRBS opﬁn-loop and
normal closed-loop data sets. The cloaed-loop data response
for all three system temperatures exhibit the same
sinusoidal wave form with approximate period of 20 minutes.
This behaviour is identical to that observed for the PRBS
open-loop data. Similar characteristics of temperature
response amplitude and time delays nré also detected for the

two data sets, However, the manipulated variable behaviour
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i not consistent. The manipuleted variable, for the
closed-loop duta illustrated in Figure 24, exhibits the same
sinusoidal behaviour as observed Taur the system
temperutures, while the manipulated variable’s response for

the PRBS open-loop data is a PRBS time series.

Review of the available data suggested that the
assumption of open-loop operation for the PRBS data was
invalid. A standard test for the presence of a feedback is
described in Box and Jenkins [1]. An investigation of
crosscorrelation estimates at negative lags will indicate
the presence of feedback control. If any of the calculated
crosscorrelation estimates at negative lags are
significantly different from zero then the data were.
observed under closed-loop operation with respect to the
mensured manipulated variable. No apparent feedback with

respect to the input was detected for the PKBS data.

A comparison of the PRBS and closed-loop temperature
responses asuggests strongly the preaencelof feedback control
for the PRBS data. However, a diagnostic check of the PRBS
data for feedback control does not substantiate this
argument ., Thialco-parison also suggests a second argument:
thut the system input provided is not thz actual input of
the system but only produced in the software. Ignoring the
measured PRBS input signal, the measured system temperature
responses could quipe easily be mistaken for data observed

under closed-loop operation. The assumption of inadequate
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input data would invalidate the diagnostic check for

feedback control since the actual system input is ﬁnknowu.

The evidence of the available data, both under closed-
loop and open—-loop conditions, and the' possibility of
feedback control strongly supported the hypothesis of
inadequate data collection as a probable cause for the
inconsistencies in the results. Box and MacGregor [14]
state that if the assumption of open-loop operation is not

valid, system identification will be compromised. .

6.2 Variation of Process Model Order / Parameters
Between Data Collection Periods

System data, collected at different time periods, will
produce ‘-odel forms and parameter estimates of the true
system which are not 1identical. ' Variation between the
calculated models is expected and considered normal for most
chemical processes. However these variations -are expected
to be small. Drastic modification of the system parameters
requires the real modification of the process. The airfin
heat exchanger systea did not undergo major maintenance or
modifications. Therefore the inconsistencies in the
observed results cannot be explained by variations in the

system order or parameters between data collection periods.

6.3 Verification of Algorithms

All relevant ca}culation- for‘the Box Jenkins model

building technique were performed wusing user-written
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software. An obvious cause of inconsistency may have been

inaccuracies in the software.

The algorithms consisted of three distinct  and
separate programs, an autocorrelation function estimation
routine, a crosscorrelation function estimation routine, and
a grid search routine. All the routines were tested and
modified until deemed acceptable by the user. The iterative
approach, as outlined by Box-Jenkins was performed using
these routines. All interpretations, and decisions of the
iterative approach were performed off-line, the algorithas

providing only the necessary mathematical calculations.

The PRBS open loop data inveatigation required only
the use of the autocorrelation and crosscorrelation functiﬁn
estimation routines. The results, the calculations and
routines used to produce them were analyzed and double
checked several times before the conclusions of the initia1:
investigation were presented to Isperial 0il.  No errors
were found. Additional support for the validity of the
routines was provided by comparison uith results obtained
using the time series analysis algorithms developed at
McMaster Univgrsity. ‘The results of the second analysis

agreed with the original results.

A qualitative graphical interpretation of the system

using the step response data indicated that each ofﬁ.the-

three temperature responses to the step function input could |

ad§quately bg described by a first or second order systen'

'
!
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with dead time. Analysis of the step response data wusing
the . Box-Jenkins technique and the user developed software
yielded similar results. The proposed mod=ls in Table 2 for
each of the three bivariate stochastic processes are
analagous to a second order plus dead. time system
representation. Therefore the observed inconsistencies of
the results could not be adequately explained or accounted

for by program error in the algorithms.

6.4 Inadequacies _of the Box-Jenkins Technique

1
!

The identification stage of the Box-Jenkins procedure
produced the major inconsistency in obaerve&‘-resulta.

Statistical independence between the manipulated vdfiable
_aﬁd‘ both the heat exchanger Jutlet streun teqperature and

drum temperature was indicated using the PRBS data. On the
' other hand.l the same identification procedure when applied

to the step response data identified a significant

dependence between the manipulated variable and the two

temperatures.

It was then assumed that‘aignificant dépendence did in
fact exist. This was consistent with the.physical reality
.of the system and strongly contended by Imperial 0il. On
thiﬁ basis, the Box-Jenkins procedure faileﬁ to becognize
the presénce of correlation using fhe PRBS &nta. The

following ‘hypqﬁheaea were postulated to explain this

failure:
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(i) The outlet stream and drum temperature responses
were masked or buried in the associated system
noise.

{ii) The control interval of 15 seconds was too short and
did not allow enough time between perturbations for

the syastem to respond.

A computer simulation program was then developed to
investigate the respective effects of system noise and
control interval on the identification stage of the Box-
Jenkins procedure. The model relating the outlet stream
temperature to the manipulated variable, determined from the
step response analysis, was used as the aystem transfer

function for the computer simulation.

The simulated system was perturbed, under open 300p
conditions, with a PRBS input sequence of equal amplitude to
the PRBS input of the observed data. Noise, of known
variance, was also added into the simulated systea. The
variance of the added noise ranged from zero to more than
double the calculated variance of both the input PRBS
perturbation series and step function input. The sampling
rate and control interval of the PRBS input series were set
at values of 15 seconds, 30 seconds and 1 minute. The
sampling rate was always equal to or less than the control
interval. The transfer function model derived with a

sampling rate of 1 minute was transformed into an equivalent
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representation for sampling rates of 15 and 30 seconds using

the procedure outline by MacGregor [22].

The time span for the simulation was held constant.
Therefare, the number of samples used in the identification
procedure increased with shorter sampling times.
Approximately one hour of data was simulated vielding a
maximum of 240 simulated observations. This number was
consistent with the number of samples used in the PRBS data

analysis which varied between 225 and 240.

Results of the simulation study are tabulated in Table
3. The identification step of tune Box Jenkins procedure
recognized significant correlation between the input and
output variables even when the noise variance was ten times
greater than that of the simulated system response. When
identifying system models, information contained within the
observed data may be lost due to the presence of noise.
System noise will mask the actual system response thereby
producing a distorted view of the systenm. Even though the
transfer function identified under very noisy conditions may
not accurately represent the true systeq transfer function,
the simulation study demonstrated clearly that at least the
existence of a transfer function could be identified at very
high noise levels, The results of the ainul;tion
investigation support the rejection of the first hypothesis

as a possible explanation for the observed inconsistencies.
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Table 3: Simulation Results for the Effect of Sempling Rate,
Control Rate and Noise Level on The Box-Jenkins
Technique’s Preliminary Identification

Variance of Noise added to simuletion Data
Pulse Rats of
System Input

1.0 4.1 9.3 16.8 25.9 37.4 50.8

Ssspling Interval

Pulse rate: 1 min
Sampl. rate: 1 min +5% + + + + + +

Pulee rate: ] ain
Sampl. rate: 30 sec + + + + + + +

Pulse rate: 30 esc - .
Sampl. rate: 30 gac + +* + + + + +

Pulsa rate: 30 aec
Sanpl. rate: 15 sec + + + + * + +

Pulse rate: 15 sec
Suipl. rate: 18 aec + + + + + + +

‘Please Note: Variance of model = 19.77 for 1 ainute sempling Loterval
Variance of sodel = 6.9 for 30 secood saapling iotervsl
Yariance of sodel = 3.89 for 18 second sampling interval

8% The sign ( + ) indicates that a transfer function sodel was detected
with the Box-Jankins prelisinary ideatification procedure.
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The identification stage detected significant
correlation between the system input and output variables
for all values of the control interval. Significant systen
responses to changes in the manipulated variable were
observed at the fastest control rate of 15 seconds. The
simulation study indicated that the control interval of 15
c¢onds allowed sufficient time for the system to respond
and therefore some correlation or transfer function should
have been evident using the PRBS data. Thus this cause

appears unlikely in explaining the differences in results

obtained from the two analyses.

6.5 onclusions

Possible causes to explain the contradiction in
observed results were proposed and investigated. Possible
errors in the computer algorithams developed for estimation
of the autocorrelation and crosncorfelation functions were
considered and rejected. The ngorithls' ;e.ult- vwere
verified independently using the same PRBS open loop date
and identical conclusions were derived. Furthermore the
user developed algorithms successfully identified system

models for the step function open loop data.

The inability of the Box-Jenkins technique to identify
systea dependence in the presence of noise was examined.
Simulation studies concluded that the Box-Jenkins approach
was capable of identifying correlation between systea

variables in .the presence of high noise levels and at the

3
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preset sampling and control intervals. It was concluded

that this explanation was not plausible.

Significant variations in systenm model
order/parameters between data collection periods could
account for the inconsistencies. However, actual physical
changes to the real system would be required. No major
modifications were performed on the systenm. Furthermore,
consistent results between the normel open loop and step
function open loop data sets (separated in time by more then
six months) were presented. Therefore this cause for the

discrepancies observed was rejected also.

The possibility of inadequate data was postulated.
Review of the available data sets support this allegation.
COnaiate;t reiults were observed for 3 of the 4 data sets.
The PRBS data, which produced the contested results, wa;lthg
lone exception. The behaviour of the PRBS data indicated
inadequate input data and the possible violation of the
stated condition of open loop operation. Therefore the
presence of inadequate data, specifically the PRBS data set,
is accepted as the probable cause of the observed

discrepancies in the analywes.
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7.0 CONCLUSIONS AND RECOMNERNDATIONS

The Box-Jenkins technique was applied to an industrial
system identification problen. Plant data from an airfin
heat exchanger system was provided by Imperial 0il. The
major objective of the thesis was the investigation of the
applicability and the effectiveness of the Box-Jenkins
approach for system identification in the industrial milieu.
The following conclusions can be drawn from this

investigation:

(i) The Box-Jenkins model building technique, though
requiring some experience for the interpretation of
the identification stage, is a simple iterative
approach which is easily implemented.

(ii) The Box-Jenkinas technique is appropriate for
induastrial applications. Simulation studies showed
that system identification can be achieved in the
presence of significant syatem noise.

(iii) The wmanipulated variable, percentage of operating
pressure to the louvres, is a reasonable choice for
the control variable and a stable control strategy
is therefore feasible.

(iv) The inconsistency of the results between the PRBS
and step response data sets appe;r. to have been the
result of feedback control actually existing when

the PRBS data were collected.
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The Box-Jenkins analysis of the PRBS data indicated no
significant relationship between the menipulated variable
and the outlet and drum temperatures. These results were
inconsistent and unexpected with respect to the physical

reality of the systen.

A second system identification analysis was performed
using step response data provided by Imperial 0il following
the presentation of the PRBS data results. The identical
step by step Box-Jenkins analysis was applied to the the new
data. The step response analysis indicated strong
correlation between the manipulated variable and the three
temperature variables. This was the expected systenm
behaviour. However, meaningful conclusions concerning the
airfin heat exchanger system could not be made without an

explanation of the inconsistencies in observed results.

A review of possible causes for the contradictory
results was initiated. The probable cause was concluded to
be the PRBS data. The PRBS data did not provide an adequate
system description under the stated condition of open-loop

operation.

Considerable time and effort were expended to
determine the presence of unreliable data. Furthermore, the
confidence in all of the data provideqﬁby Imperial 0il was
undermined by this findink. Verificntioﬁ of the inadequacy
of the PRBS data Provided was not feasible for this

?ﬁﬁestization since the system in question, the airfin heat
. B ‘

=
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exchanger system, has been shut down indefinitely by the

Refinery.

The effectiveness and applicability of the Box-Jenkins
technique for industrial use cannot be adequately judged
using step response data. Without reliable data and the
impossibility of additional data collection for analysis,
development of a computer simulation of the system and
subsequent adequate control strategy using the Box-Jenkins
technique could not be performed. However, considerable
insight into the practical aspects of the Box-Jenkina
technique and its effectiveness as a system identification
and control tool were gained by this investigation.
Furthermore, the difficulties of interfacing with the
industrial milieu were recognized and the condition of
significant input or control of the data collection stage is

now considered a prerequisite for any collaborations in the

future.
' The following recommendations are proposed:

(i) If possible, the further substantiation of the
presence of inadequate data should be undertaken
with new measured data from the system under study.

(ii) Great care should be exercised during the data
collection phase in the industrisl environment so
that the data accurately reflects t5§ system under

the conditions stated.
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ADDENDIX 1

ADAPTIVR CONTROL

Adaptive control is not a new concept, it was  first
proposed more than 25 years ago. Ratherl it is an old idea
which has received considerable attention during the last
decade. From jits conception in the late fifties until the
early seventies several adaptive control schemes were
proposed. However, progress in the field was relatively
slow and adaptive control remained a province of experience
and art. Pratical applications were scarce during this tinme
period and no consistent theory of what constituted an
adaptive control system was forthcoming. The last decade
has produced the consolidation of sound theories for
adaptive control. Major breakthroughs include the
resolution of the long standing stability problem and the

realization of the equivalence of various approaches  for

adaptive control.

Progress in the development of adaptive controllers
was also retarded by the cost and complexity of
implementation of such schenes. The advent of
microprocessors has provided both the necessary reduction in

cost and ease of implementation required.

With the resolution of the stability problem and
available computer power, adaptive control is now an

acceptable alternative for resolving system control problems
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in industrial applications.

Model Reference Adaptive Control (MRAC) and Self-
Tuning Regulators (STR) are the principle approaches in the
adaptive control literature. STR systems are also referred
to as parameter adaptive systems. In the MRAC approach, the
objective is to make the output of an unknown plast
asymptotically approach that of a given reférence model.
MRAC systems are less complex in their structure then STR
systems, they include only one computer procedure, namely
the minimization of the error between the output of the
process and the reference model. In the STR technique, a
design procedure for known plant parameters is first
determined and is then applied to the unknown plent using
recursively estimated values of these parameters. The STR
approach is therefpre a two-atep procedure, namely
identification and optimization. Similerities between the
two techniques have been noted. Study of these similarities
in recent years have demonstrated the equivalence of the two
techniques when the seme criteria for the adaptive system

are used.

The objective of this survey is to provide an overview
of adaptive control and its present status of developament.
The adaptive control problem is discussed in section 1. The
two major approaches, STR and MRAC, are reviewed in sections
2 and 3. Similarities and the equivalence of the two
techniques are presented in section 4. Stability ang

convergence of adaptivg controllers are treated briefly in
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section 5, Section 6 reviews adaptive control applications

published in the literature. A discussion of unresolved

questions of both theoretical and practical interest is

presented in section 7.

Al.1 The Adaptive Coptrol Problem

Adaptive controllers have evolved as a technique to
avoid degradation of the dynamic performance of a control
system when environmental variations occur. The control
engineer's objective, in practice, is the design of the
sinplest control scheme which will achieve the desired
control criteria in spite of the variations of the dynamic
parameters. In the presence of smell paremeter variations,
a fixed control law is generally adequate. When acceptable
performance . cannot be achieved due to large variations in
the enviroiLment and/or incomplete knowledge of the system in

question, an alternate approach is required.

A new class of control aschemes referzd to as adaptive
control have been developed to provide systea control in
the presence of large and unpredictable vasiations in system
parameters - and/or incomplete knowledge of th sﬁate- in
question. The adaptive control scheme constitutes a branch
of optinizatioﬁ theory dealing with a specific type cof
control problenm: design of an optimal control scheme with
incomplete system model knowledge in real time where

conventional fixed parameter controllers prove inadequate.
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Definition of Adaptive Control

Separation of control schemes into either adaptive
control schemes or non-adaptive schemes is not clear cut.
No single definition of adaptive control, of those presented
in the 1literature, has received general acceptance.
Definitions vary from a very broad generul definition to a
specific definition of the control scheme. The following
definitions have been drawn from the literature and are

representative of the wide scope of defintions.

i) "A adaptive system is any physical systenm
which has been designed with an adaptive
viewpoint" [Al}

ii) "...an eadaptive system would automatically
compensate for variations in system dynamics
by adjusting the controller chaeracteristics
so that the overall system performance would
be satisfactory. Such a system would
include elements to measure or estimate the
process dynamica, and other elements to
change the controller characteristics
accordingly" [A2]

iii) "...control in which automatic and continual
meusurement of the process to be controlled
is used uas & basis for the automatic and
continuing self design of the control
syastem" [Al]

iv) "An adaptive system measures a certais index
of performance (IP) using the inputs, the
states, and the outputs of the adjustable
system. From the comparison of the measured
index of performance and a set of given
ones, the adaptation mechanism modifies the
parameters of the adjustable asystem or
generates an auxiliary input in order to
maintain the index of performance close to
the set of given ones" [A3]}

by

It is not the purpose of this work to select any one
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definition. The importance, as supported by the literature,

of the adaptive control concept is that it helps us to
consider a whole new area of challenging problenms. A good
indication of adaptive control action, when examining

control sachemes, is the ability of the control scheme to

cope with an environment which a time-invariant system could

not handle.

The Aduptive Control System

If knowledge of the process model is incomplete
because of random time-varying changes in the environment or
of the parameters, then the initial idenfification.
decision and nmodification will not be sufficient to optimize
the performance index. Optimization of the system will
require repetition of the procedure continuously or at set
time intervals. This constant reevaluation of the system is
necessary to counteract unprediétahle changes in the
process. The ability to modify the control atrategy is

usually considered in defining an adaptive control system.

The udaptive control process may be broken down into
three major functions: identification, decision and
modification. Although it may be difficult to separate
those parts of the system responsible forshach. all three
are required for adaptive action to;take place. An adaptive

qontfoller is then an algoritha coﬁpisting. ih general, of

the following functions: s ﬁ\
N
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1) Identification of dynamic characteristics of the plant

or process

4) Decision of modification required
3) Implementation of required modification

Some authors describe the essential components of adaptive
control by only two elemen?s: identification or estimation
und actuation or control law, the last element incorporating
the decision and modification stages. But in recent years
the former breakdown of the adaptive control system has

become prevalent.

Adaptive Control and Self Tuning Regulators -

Their Equivalence

When discussing adaptive control, a term commonly used
for describing a similar or identical system is the gelf
tuning regulator (STR). Although most authors agree now
Lthat the two terms are interchangeable, STR syatems were
originally designed for the resolution of a simpler control
problem. Astrom and Wittenmark [A4] state the following:

"For systems with constant but unknown
parameters it thus seems reasonable to look
for strategies that will converge to the
optimal strategies that could be derjived if
the system characteristics were known. Such
algorithms will be called “self-tuning" or
"self-adjusting" strategies. The word
adaptive is not used since
adaptive...usually implies that the
characteristics of the process are changing."

o
I

quﬁ Astrom expands the applicability of STR further in a
subsequent article [A5) to include systems with slowly

varying parameters.
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It is therefore not necessary to assume that the
parameters are constant and that we can generalize that the
parameters of the system are stochastic processes without
increasing the complexity of the problen. STR is accepted
presently as one of the most popular approaches to adaptive
control, the other being model reference adaptive control
(MRAC). The similarities of the two approaches are

discussed in chapter 4.

Al.2 Self-Tuning Regulators

Stochastic control theory has been proven to be a very
useful and practical tool for the design of controllers for
industrial processes. However, there exists many practical
applications where it is difficult to determine the
parameters of the controller since the dynamics of the
process and its disturbances are unknown. ‘In such cases it
is then necessary to go through the steps of plant
experiments, parameter estinntion.ﬂ computation of control
strategies and implementation. The experiments and their
subsequent evaluation can be time consuming which is
undesirable. Furthermore, repetition of the experiments may
be required if the plant parameters or disturbances are
changing with tiwe. It is thus desirable to have =a
regulator which tunes its paraemeters on-line. The self-
tuning regulator can be regarded us a convenient way to
combine system identification and control design. STR

control stfategiea negate the need for plant
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experimentation. Furthermore, if <changes in the process
parameters or disturbances are not too rapid, a STR
controller will provide <close to optimal contrel of the

system.

The STR controllers are based on a fairly natural
combination of identification and control. The parameters
of the system controller are unknown. They are therefore
obtained from a recursive parameter estimator. A separation
between identification and control is assumed. The only
information used from the estimator by the control law are
the parameter estimates. The fact that the parameter
estimates are not exact is disregarded. This implies that a
certainty equivalence control is being implemented. There
exists control strategies which take into account the
uncertainties of the estimates but these strategies are not

considered here.

The general configuration of a STR synten'ig shown in
figure Al.2.1. The regulator can Be visualized as being
composed of three parts, a recursive parameter estimator, e
design calculator asnd a controller or regulator with
adjustable parameters. The design calculator‘relates the
controller paraleters to the parameter estimates which
describe the process. The paremeter estimates characterize
the process and its ;nvironnent from the =measured process
input and output. The‘confisuration in Al.2.1 is for a

single-input single-output system. The discussion of this
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appendix will be limited to the single-input single-output

case,

Probably the first to formulate this simple idea as an
algorithm was Kalman [A6]. An on-line least-squares routine
calculated estimates of plant parameters. The control law
was then calculated at every sampling interval using the

estimates of the least-squares routine.

The STR concept was developed by Peterka. [A7] and
Astrom and Wittenmark [A4] in e stochastic framework.
Astrom and Wittenmark’s algorithm, based on minimum variance
control; is presented below as an example of a STR.

Consider the following plant
yit)=ay(t-1)=bult-1)+elt) (A1)

where u=input
= output :
{e(t)) = sequenceof independent,zero-meanrandgom varisbles

For this plant, the following control law will give the

Rinimum output variance

w(t) = (a/b)y(t) (A1.2)

If the parameters @& and b are not known, the algorithm
developed by Astrom and Wittenmark can be applied. This
algorithm consists of two steps, which are both repeated at
every saampling instant:

1) Estimation of the parameters & and f) in the model

Y=y + Rukt-Deelt) (A1)



122

2) Implementation of the control law

ult)= -lﬁ(t)lﬁol y(t) (A1.4)
~ ol
where [+ 4 and ﬂ, are the estimated values of X and

B . It should be noted that the éstimation of the
parameters can be made recursively if a least-squares
criterion is used. This makes the scheme practically
feasible. The final conclusion of the analysis of this
system by Astrom and Wittenmark [A4] and Ljung [AB] is that
the algorithm will converge under a stability condition if
the noise characteristics satisfy a certain positive
realness condition. Goodwin et al [A9] obtain similar

results without the stability assumption.

The general structure of the STR encompasses a variety
of schemes since there exists many different ways to do
control and estimation. The STR approach is therefore not
limited to the nininﬁa variance controll strategy. Other
approaches have been proposed.  Astrom and Wittenmark [Al0]
and Clark and Gawthrop [AIi] proposed generalizations of the
basic algorithm. Algorithms based on pole placement design
were diacussed by Edmunds [Al2]), Wellstead et al [Al3] and
Astrom et ai‘[AS]. lAstron [A15] concludes that although
there exists a large Qariety of posaiple combinations of
design methods and parameter estilftion algorithms, only a

small number of those available have been explored.
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Explicit and Implicit Self-Tuning Regulators

Algorithms where the plant parameters are estimated
and the contrel paraemeters adjusted on the basis of these
estimates are referred to as explicit self-tuning

regulators.

The design calculations required for the explinit
algorithms may be time consuming. Algorithms have been
developed which rewrite the process model such that the
design step becomes trivial. Therefore the design
calculations are avoided and the parameters of the regulator
are updated directly with the proper choice of model
structure. This type of algorithm is referred to as

implicit self-tuning regulators.

Conclusions

A systematic approach to fhe design of STR has been
presented. The basic concept is very straightforward: a
.design procedure for a system with known parameters which
fits the particular application is initially chosen. If the
parameters of the plant are not known, they are estimated
recursively and the control parameters are calculated at
each interval using the updated estimates. Proper choicé of

plant model can 9lininate the design calculation step.

There are several theoretical problems associated with
the STR approach and adaptive control in general.
Stability, convergence and performance are the major

concerns and are discussed in subsequent chapters.
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Al.3 Model Reference Adaptive Control

Adaptive control schemes were introduced to maintaipn
acceptable performance in the presence of environmental
variations. While a feedback control system is oriented
toward the elimination of the effect of state perturbations,
the adaptive contrel system 1is oriented toward the
elimination of the effect of structural perturbations upon
the control strategy. These structural perturbations are
caused by changes in the dynamic parameters of the
controlled plant. In this section the MRAC approach to

adaptive control will be reviewed.

The area of model reference adaptive control is more
difficult to characterize in a general way. The difficulty
ig that the many different schemes proposed were motivated
by different considerations. However, a basic configuration
can be described. In MRAS (model referenc§ adaptive
systems) the specificetions are given in terms of a
reference model which tells how the process output should
respond to the cosmand signal. The unknown plant is
controlled by an adjustable controller. A schematic diagrams
of a MRAS is presented in figure Al1.3.1. The reference
model is shown as part of the control system in figure
Al1.3.1. The controller can be considered to have two loops:
the inner loop is an ordinary control loop and the outer
loop modifies the parameters of the regulator in the inner

loop by some kind of adaptation mechanism in such a way that
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the error between the process output and the model output is

minimized.

One should note that the implementation of the three
fundamental blocks is complex and a distinct separation of
the adaptive system according to figure Al.3.1 is not always
straightforward. However, the presence of a closed-loop
controel on the identification block is indicative of the
presence of adaptive control. Control schemes using open-
loop identification and identified as adaptive control are

discussed in more detail later in this section.

ndirect and Direct MRAC

Two philosophically different approaches exist for the
solution of the MRAC problenm. In the first approach,
indirect MRAC, the plant parameters are estimated and the
control parameters are modified based on these estimates so
that the overall plant transfer function 'matches the
reference models transfer function. The identification of
plant parapeters is eliminated in direct control and the
control parameters are directly adjusted to minimize the
error between plant and model output. Indirect MRAC control
is a form of STR in which the objective is to reduce the

error between plant and model outputs.

Open-Loop Model Reference Adaptive System

In the open-loop structure of adaptive control, the
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decision process is reduced to a fixed mapping ot the
process paremeters to the contreoller parameters. The
original decision process is already realized in the design
phase of the adaptive control system. In these cases, where
knowledge of the system is present, it is therefore possible
to design preprogrammed time variations of controller
parameters to achieve instantaneous optimum control at all
times. This type of adaptive control system assumes a rigid
relationship betwen some measurable variable of the
environment and the dynamic parameters of the system. It is
referred to as open-loop adaptive control because the
modifications on system perfdrnance operated by means of the
adaptive mechanism are not measured and fedback to the
comparison—-decision block. The approach is also called
preprogrammed adaptive control. A typical application of
this approach is the modification of the characteristics of
an autopilot of an airplane using speed and altitude
measurements for each flight configuration. In reality, of
course, such a controller is simply an optimum time-varying
system, the control parameters being automatically changed
to their optimun values relative to instantaneocus

environmental conditions encountered at each point in time.

Classification of Model Reference Adaptive Systems

There exist many MRAC configurations, which cover 'a
broad spectrum of possible applications. It is therefore

impossible to consider only one criterion when trying to
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establish the classification of all the typical structures.
But, by considering several critieria a given configuration
can be related to some typical MRAS. Landau [A3] offers the
following possibilities for specific classification:

1) structure

2) index of performance

3) type of application

4) type of parameter disturbance
Structure fefers to the placement of the reference model
within the adaptive control loop. Three basic satructuras

are presented by lLandau [A3] and can be found in figure

Al.3.2.

Similar to the STR approach, where the combination of
identification methods and control laws provided a enormous
array of possible algorithms, so too the combinetion of the
last three critiria, index of performance, type of
application and type of parameter disturbances, which create

a large range of different aynthesgs‘of MRAS nchelea.'

Although a variety of MRAC schemes exist in the
literature, the presence of a reference model, an adjustable
system and an adaptation mechanism is required for any

proposed scheme to be referred to as a MRAC systen.

0qnc1usions

The basic MRAS control scheme has been described. The

presence of a reference model, an adaptation mechanisa and
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an adjustable controller are required for consideration as a
model reference adaptive system. The distinction between a
closed-loop MRAC system and an open—loop MRAC system is tﬁe
absence of feedback to the adaptation mechanism of the
effects provocked by controller manipulation. Finally, the
immense diversity of MRAC systems is shown. Relevant
theoretical and pratical problems are presented in the

following chapters.

Al.4 Equivalence of the STR and MRAC approaches

The MRAC and STR approaches represent two broad areas of
adaptive control. The STR and MRAC were originally developed
to solve different control problems. The STR was conceived
to solve the stochastic regulator problen. The MRAC was

designed to solve the deterministic problenm.

In MRAC the first step is the choice of a reference model
followed by the seléction of an approximate controller
structure. For the STR, a design procedﬁre is initially
determined which can be used when the plant paremeters are
known end this is applied to the unknown plant using
recursively estimated values of the parameters. The
tendency in MRAC to apply stability theory in the design
procedure is not present for the STR approech. _ While MRAC,
has been applied principally in continuous time systems,
recently several discrete time applications have been
initiated. The STR has generally been analyzed and

implemented only in discrete time. In spite of these



131

differences the two techniques exhibit some important
similarities,

Many authors have suggested that STR and MRAC have many
common characteristics. Recently, researchers in both
disciplines have become more aware of the interrelation
between them. The aimi}arities have been examined more
precisely and efforts have been initiated to show the
equivalence of the two schemes. Many of the proposed STR
and MRAC schemes presented in the literature have been shown
to be the same or special cases of one algorithm. Astrom
[A16), Matko ([Al16) have demonstrated that in systems using
the same criterion, both approaches lead to identical
regulator structure. The basic algorithm for MRAC and STR
is shown to be equivalent in [Al17), [AlB) and [Al9]. Egardt
[A18] has presented an unified approach with MRAC and STR
being special cases of a fairly general algorithm, However,
it is not always shown that the resulting systems are
globallyl stable. |

In conclusion, all the globally stable adaptive schemes
presently known are equivalent in thet they have the same
error equations and the seme adaptive laws. Several

independant analyses have demonstrated one common approach.

Al.5 The Stability and Convergence Problems - uf Adagt;ve

Control Schemas

.\

STR Approach
Two key areas of concern for the STR are the questions

of overﬁll stability and convergence. The stability problem

i
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can be viewed in several different ways. For example, the
study of locel stability and its results are presented by
Feuef and Morse [A20]. But this approach is of limited
practicality and interest since it reveals very little about
the global properties. The properties of global stability
are inherently more difficult to investigate. One approach
to resolve the question is to apply Lyaponuv theory, but
this technique suffers from the difficulty of finding an

appropriate Lyaponuv function.

In the past few years, considerable progreas has béeen
made in stability theory for STR. Unforiunately. most of
the results are limited to the simple STR based on least-
squares estimation and minimum variance control [A4]) or its
direct multivariable generalization [A21] [A22]. Stability
results have ealso been proven for simple STR using pole
placenené. The simple self-tuner will work well only for
minimum phase systems. Conditions for stability when there
are no disturbances are given in [AQ]. The corresponding
results for the bouﬁded disturbances’ cuse are found‘ in
[A23]. The theoretical results are also limited due to the
assupptions made. These eassumptions, required by the
theory, are difficult to verify in a practical situation.
The most restrictive assumption is the presence of an ‘'upper
bound of the order of the system that must be known. This
is unrealistic in practice where the process to be
controlled will generally be of high order and the STR will

be based on a simplified model. It has been shown, however,
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that STR based on drastically simplified models of the

system actually work very well [A24].

Overall stability of the closed-loop sytem is perhaps
the most fundamentel property but the problem of convergence
is also important. Convergence for simple STR based on
least-squares and minimum variance control has been
investigated [A25]. The surprising result of the study,
that the regulator is the only possible equilibrium point,
even in the presence of a structural mismatch between the

model and the process, is supported in {[A4].

in Summary, research in recent years have developed
stability and convergence criteria for the STR. .However,
elimination of some of the required eassumptions -and
extension of the anglyais beyond the most simple case is

necessary.

The MRAC Approach

Stability problems are inhegent in the MRAC approach
due to its time-varying non-linear character. Therefore,
design of a MRAC system requires a stability analysis.
Previous attempts to design MRAC systems have shown the
difficulty of examining global stability characteristics
when local parametric optimization is used in the adaptation

‘mechanisn.

The methods to‘design the adaptation loop in MRAC has
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mostly been based on stability theory since the work of
Parks [A26]. Parks initiated a rapid development of the
MRAC approach by applying stability theory and wusing

Lyaponuv functions in the design stage.

The 1literature supports the formulation of the MRAC
control design as a stability problem and the use of
suitable techniques for solution of this non-linear, time-
varying stability problem. The control law determined by
this approach is very practical since a major priority of

any satiasfactory MRAC system is the overall stability of the

system.

A survey of various MRAC syste-s- using Lyaponuv
designs for resolution of the stability problem [A27], [A28)]
states that this approach introduces the queation of how to
choose a class of Lyaponuv functions in order to increase
the class of adaptation laws which yields globully stable
MRAC systems. This is an important concept since a wider
choice of adaptation laws will provide a higher probability
of finding a suitable control law for any one particular

application.

A second approach to MRAC design is the resolution of
the stability question using hyperstability theory in
conjunction with the properties of the positive dynanmic,

systen. A description of this approach is given by Laudau

[A3].
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Analysis of MRAC systems that are both non-lipear and
time-varying is quite involved, even for the deterministic
control problem. Furthermore, a complete analysis of the
stability problem in the presence of noise is significantly
more difficult although some research is currently in

progress.

In conclusion, while the current literature provides
theoretical results which establish a sound basis for

further exploration, many questions remain unresolved.
Conclusions

Substantial advances in the area of stability and
convergence of both the STR and MRAC appfoachea to adaptive
control have been demonstrated. However significant
questions still remain unresolved. The issue of the
limitations of adaptive control is discussed further in

chapter 7.

Al.6 Applications of Adaptive Control

A detailed review of adaptive control applications is
not within the aspirations of this appendix. The goal here
is to present an overview of applications which have occured

in the process industries.

Parks et al [Al6], in their review paper, state that
although there are several survey papers on adaptive

cdntrol. few are concerned with practical applications. .
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Belanger [Al5] states that the STR approach has received the
most attention in the procesns industries and the 1lion’'s

share of known applications in this area.

Parks et al {Al6) list several successful
implementations of adaptive control schemes in the process
industries. Control of a refrigerant compressor test plant
with 3 inputs and 3 outputs with acceptable control
behaviour over a wide range of operating conditions is
achieved. Another successful application involved the
control of a heat exchanger. Belange; reviews several
successful STR applications in the process industries.
Adequate control of moisture on a paper machine and
regulation of an ore crusher are provided using adaptive
control where ordinary PID control proved inadequate,. A
third‘ application involved the design of a four parameter

STR for the control of a distillation column.

Belanger, in his survey paper, describes several
factors which have retarded the implementation of wmore
adaptive control sachemes in the process industries when
compared to other areas such as eleqtronechanical and
electrical power systenms. Generally speaking, a good model
using system theory is available for electrical and
mechanical systems whereas such is not the case for process
control. Furthermore the pfincipal perturbatioha for
process control are dinturb;nces which are generally

difficult to measure. Another drawback for the process
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industries is the inability to measure directly most process
variables of interest for control. Finally the need for
good control is essential for many electrical systems, such
as aircrafts or space vehicules, but most processes, due to
their long history, can get along with nothing more than
good process operators. However, changes in the required
tolerances for most of today’s processes now ;ake adequate

control mandatory.

The lack of a substantial number of applications is
generally true in all areas. Lack of a general adaptive
control approach and underlying doubts asbout the available
methods have prevented the use of adaptive control by
industrial engineers. Until adaptive control can be shown
to be superior, the available time-proven methods will

‘ always take precedence.

Al.7 The Future of Adeptive Control

The. general consensus of the ‘literature is that
adaptive control is now ready for practical. application,
" That is not to say that widespread implementation is
recommended. Considerable research is still npecessary
before routine inplenéntation occurs. Astrom [Al6] states
that the required thedfy to implement STR confidently is
still wunavailable. Elimination of ao-elof the required
aasunption, and extension of the theory beyond the simplest
of STR cases is required. The conclusion that the initial

assumptions required‘are too restrictive is alao- supported
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by Peterson [Al6]. Parks et al {[{Al16]) state that more

interaction between industry and research institutes is

necessary to expand the adaptive control theory to process

control in the real world.
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APPENDIX 2

THE AUTOCORRELATION AND CROSSCORRELATION FUNCTIONS

In general a stationary time series can be described
by its mean, variance and autocorrelation function. The
calculation of sample estimates of the autocorrelation
function is a non-structural approsch which provides a firat
step in the analysis of time series. A priori knowledge of
appropriate model order and type of an unknown time series
is usually not available. Initial use of the autcorrelation
function estimates is therefore necessary to identify the

type of model needed.

In the same way that the autocorrelation function is
used to identify stochastic models of time series, the data
analysis tool applied for the identification of transfer
function models is the crosscorrelation functiqh.between the
input and output time series. 1In this appendix, definitions
of the autocorrelation and crosscorrelation functions will
be presented followed by their appropriate estimation using
finite time series. Semple calculations will also be

provided..

A2.1 The Autocorrelation Function

The autocorrelation function is an useful device for
describing the behaviour of stationary processes. A

discrete process is said to be strictly stationary if the
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Joint distribution of any set of observations is unaffected
by a positive or negative time shift of all the

observations.

The joint distribution can be inferred by analyzing
pairs of values ( (2.2,) ) of the time series separated
by a constant interval or lag k . The covariance between
A and its value 2z, separated by k intervals of
time is called the autocovariance at lag k and is

defined by

Y, = covl 2.2, 1= El( - uX 2, - )} (A2.1)

Similarily, the autocorrelation at lag k is
P" EK - uX 20k~ ) 7CEl¢ A I-l)z]E[(Zl.,l -uRI N2 (A2.2)

For a stationary proceas the variance Qf' is the same at

any time L , therefore
pt.wk/'Q3"\&‘/\a
which implies that p=1 .

In practice, we have a finite set of observations
N, of the time series. Therefore ﬁn estimate of the
sutocovarience and autocorrelation functions is required.
Box and Jenkins [1] use the following estimate, generally
accepted to be the most satisfactory approximation, of the

k lag autocorrelation P -
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re=C/C, (A2.3)
where
N-k

6= (I/N) Z(z-2Xz,,-2) k=0,1,2,...K (A2.4)
=1

is the estimate of the autocovariance Yk and 2 is the
mean of the time series. The following semple calculation

is taken from Box and Jenkins [1] page 32.

We now illustrate (A2.4) by calculating r, for the first 10 values of the batch
data given in Table 2.1. The mean Z of the first ten values in
the table is 51 and so the deviations about the mean are —4, 13, -28, 20,
—13,13,4, -10, 8, -3.

TABLE 2.1
1-15 16-30 31-45 46-60 61-70
47 4 50 62 68
64 80 n 4 38
23 55 56 64 50
i 37 74 43 60
38 74 50 52 k)
64 51 58 38 59
55 57 45 59 40
41 50 54 55 57
59 60 3 41 54
48 45 54 53 23
n : 57 48 49
3s 50 L1 k7|
57 45 45 3s
40 25 57 54
58 59 50 45

i (2 = 24 — 2 = (—4)(13) + (13)(=28) + --- + (B)(-3)

= —-1497
—1497
Hence c|=T=-l497
Similarly we find that ¢, = 189.6. Hence
] Uk S

Co 189.6
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.2 The Crosscorrelation Function

Transfer function models can be used to represent
dynamic systems relating, the simplest case being a single
output time series Yl to a single input ‘series Xy . It
is assumed that pairs of observations ( (Xﬁﬂ) ) are
available at equispaced intervals of time. This pair of

time series is called a bivariate stochastic process.

In the previous discussion, we have seen that a
stationary stochestic proceass can be described by its mean,
variance and autocorrelation function or its respective
estimates. In general, a bivariate stochastic process need
not be stationary. However, the appropriate differenced
process is assumed to be stationary. The assumption of
stationarity implies constant means and and
constant veriances 02 and. 0'2 . Figure A2.1 shows the

different kinds of covariances that need to be considered.

The sutocovariance coefficients of each constituent
series at lag Kk are as previously defined. However we now
use the following notation 'Yn(k) and y;(k) to specify the

autocovarinnce; of the X, and Y time series.
Y™ E1O4= 1 X 00y = )] = ELO= X %y = 1)) (A2.5)
Y.. - E[( Y II'X v‘,. - "')] - El( “w ll‘x ...t - u‘)] (A2.6)
The other covariances é&”‘ be considered are the

crosscovariance ‘coefficients between xb end Y, ot lag

k and the crosscovariance coefficients ‘between Y. and
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o6 0600 90 0 Yec(k)=P® o o o ox
/™

Y'J(_k)-'r)x(k) ny(k)

../...O‘—YJ’(“X....J

Figure A2.1: Autocovariances and Crosscovariances
of a Bivariate Procgss
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X, at lag Kk

Yoo = ElO¢ X v =) k=0,1,2,3,... (A2.7)
Yo" El(y-u X% =1l k=0,1,2,3,.., (A2.8)
In general qu(k) and Y&Dl(k) are not equivalent. However
since
Y“(k) = Y“(-ﬂ
we need only define one function Y“(k) for k=021,... .

The function ny(k) is called the crosscovariance function of
the bivariate process. The crosscorrelation function of the

bivariate process is defined by

Pyl = Y (/68 Kk=0sl,... (A2.9)

Since p“(k) is not in general equal to p“(-k) » the
crosscorrelation function, unlike the autocorrelation

function, is not symmetric around k=0

An i estimate of the c-roascovariance coefficient at lag

K using the suitably differenced time series is provided
by "t |
('IN)Z(&"!Y“*'Y) k-O. 1.2.-..K
. 1]
k)=
Cry'K) . (A2.10)
“IN) 2 (V.-YXﬁ.t-X) k'O.-l. .o .'K
tel

- where X , ¥y are the respective means of X and Y . The
estimate f’n(k) of the crosscorrelation coefficient p"(k) at
lag k may be obtained by substitution of the estimates
C“(k) for Y& , 5= (C_ (0))"72 for 0,2 and g, = (C_(0))'Zfor 02
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vielding

rx'(k)-cn(k) !/ S, k=0421,... (A2.11)

The following example is taken from Box and Jenkins (1] page

374.

An example. In practice we would need at least 50 pairs of observations
to obtain a useful estimate of the cross correlation function. However, to
illustrate the formulae (A2.10) and (A2.11) we compute an estimate of the
cross correiation function at lags +1 and —1 for the following series of
5 pairs of cbservations

- t 1 2 3 4 5
X, 1 7 8 12 14
¥ 7 10 6 7 10

Now x = 10.4, y = 8, so that the deviations from the means are

t 1 2 3 4 5

x-% 06 -34 -24 16 36
w=-§ =10 20 -20 -~-10 20

Hence

Y (x --..E)(y,ﬂ = 7 = (0.6)(20) + (-3.4)(-20) + (—24)(—1.0)

+ (1.6)(2.0)
= 13.60
and .
call) = 13.60/5 = 2.720
Using s, = 2.577, 5, = 1.673, we obtain
coll) 2720 0,63 wm

W= = e -
Similarly 35, (4, — 7)(x,4, — ) = —820. Hence, c,(~1) = —1.640

and 1640 ‘
r,,(—l) = m = —0.38
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APPENDIX 3

BER PREWHITENING OPRRATOR

The preliminary identification of transfer function-
noise models s performed using the estimated
crosscorrelation function of the suitably differenced input
and output series. Suppose the model relating YI and

x| may be written in the following form

V" Vot VX PVt ty (A3.1)

where Vt'wl ,"-Fx' ,‘.m

are stationary processes with zero means. Multiplication of

equation (A3.1) by xt’t for K20 yields

Kot Vo= Yo Roor g + Vi Koy Ky # oo ® X iy (A3.2)

If the further assumption that %,, is uncorrelated with
n is wmade then taking expectations of equation (A3.2)

vyields the set of equations
Yk} =V ¥ (K + Y (k=) +.. k=0,1,2,3,.. (A3.3)

Assuming that the weights V’ are essentially zero beyond
k=K » then the first K+1 of the equations (A3.3) can

be written as

vy-Tov L (A3.0)
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where

V= v, Y= Y (O T Y0 Y (). Y K
Y qu(” Yn“)
. . Y, (K) Y, (0)
Y Yy (K)

Using the respective estimates of the autocorrelation

and crosscorrelation functions in equatican {A3.4) provides
K+1 linear -equations for the first K+1 weights.
However these equations are cumbersome to solve and do not
in general provide efficient estimates. Furthermore the

knowledge of the value of K is required.

Considerable simplication in the preliminary
identification would be achieved if the input series to the
system were white noise. However, a white noise input
series is not always available. When the original input
series follows sowme other .tochastié process, simplication

is possible by prewhitening.

Assuming that the suitably differenced input process
is stationary and capable of representation by some lénber
of the general linear'clasl of autoregressive moving average
models. Then given the data, a model f.r the ¥ ©procesas

muy be obtained

¢B)8,(B)x= g, R  (A3S)

which, to a close approximation, transforas the correlated
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input series X into an uncorrelated white noise series

%

If the same transformation is now applied to y, we obtain

R = 6.(B)6,(B)y, (A3.6)

Then the model (A3.1) may be written as

R = vBloy +¢, (A3.7)
where € is defined as the transformed noise series
§ = 8)8- 1B, (A3.8)

Multiplying both sides by o, and then taking

expectations yields
YK = %02 (A3.9)

Therefore, after préwhitening of the input, the
crosscorrelation function between the prewhitened input and
similarily transformed output is directly proportional to
the impulse response function. The effect of prewhitening '
is to convert fhe non-orthogonal set of equationa‘ (A3.4)

"into the erthogonal set (A3.9).

The preliminary estimates V¢ obtained using the
prewhitened operator provide a rough basis for selecting
suitable operators &B) and @®B) in the transfer function

model.
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