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ABSTRACT

Where the mathematical model is not a faithful representation
of the real system, such as when, due to the lack of
knowledge of the physical world "hidden uncertainties" in the
system are not accounted for by the mathematical model,

the use of the classical least squares approach to the
estimation of constant unknown parameters of the model may
not be adequate. The structural deficiencies of the model
may be compensated for by the use of the smoothed least
squares proposed by earlier workers who suggested that the
identification of uncertain dynamic systems may be achieved
by the joint solution of a parameter estimation problem to
estimate constant model parameters and a smoothing problem
to compensate for structural deficiencies.

These two approaches; the classical least squares and the
smoothed least squares have been used to identify the models

of a simulated mixing tank system and a pilot plant
vaporiser'system. The concept of "parameterisation" which
evolved from further elaboration on the smoothed least sequares
technique whereby the proposed uncertainty is expressed as
time-varying functions whose coefficients are estimated by

the smoothing problem, has been implemented on the models of the
two systems. Use was made of Chebychev polynomials and sine
waves to approximate for the time-varying uncertainty .

The effects of the weightings of the errors between system
and model responses and the time-varying uncertainty

and its nominal trajectory on the performances of the two
techniques have been evaluated.

Finally, critical evaluation of the performances of the
classical least squares and the smoothed least squares
techniques with regard to the estimated values of the

constant model parameters has been made.



PRINCIPAL NOMENCLATURE

A cross sectional area of the mixing tank (mz)
Ay, - cross sectional area of the vaporiser rig (mz)
Bbm(i) ith value of the time varying uncertainty used in the
model
Ca freon valve discharge coefficient (SI units)
c specific heat of water used in the mixing tank model
o
J/k_"K
Fs
Cy specific heat of hot water used in the vaporiser

model J/kgoK

specific heat of freon liquid J/kgoK

g ina

diameter of vaporiser tube (m)

expression for the model state differentials

h height of water in the mixing tank (m)

h expression for the model observations

HP height of freon liquid in the vaporiser (m)

Htc heat transfer coefficient (SI units)

Jeo comparison index (objective function) used in conjunction
with the classical least squares technique

Jg comparison index (objective function) used in conjunction

with the smoothed least squares technique

xi



K(t)

P(t)

comparison index (objective function) used in
conjunction with the filtered least squares technique

cold water valve constant )of the mixing tank system)
3/ _ _
(m~8)

hot water valve constant (of the mixing tank system)
3/
(m~8)

outlet water valve constant (of the mixing tank system)
3/
(m~’8)

time-dependent gain matrix associated with the filtered
least squares technique

inlet pipe constant (in the vaporiser system) SI units
the freon valve constant (SI units)

outlet friction factor (in the vaporiser system)

heat losses to the atmosphere (J/S)

mass of vapour in the vaporiser (kg)

measured value of base pressure (N/mz)

‘measured value of vapour pressure (N/mz)

measured value of freon height (m)

filter gain matrix trajectory associated with the
filtered least squares technique

atmospheric pressure (N/mz)



|

Al

PICH

PICP

vaporiser base pressure (N/mz)

freon valve inlet pressure (N/mz)

vaporiser downstream pressure (N/mz)

vapour pressure inside the vaporiser (N/mz)
volumetric freon boil off (m3/S)

cold water flow rate (in the mixing tank ) (m>’S)
hot water flow rate (in the mixing tank) (ma/S)
volumetric freon inlet flow {m3/S)

outlet water flow rate (in the mixing tank) (m3/8)

volumetric freon vapour outlet flow m3/S)
volumetric hot water flow (mB/S)

radius (m)

positive definite weighting matrix associated with
uncertainty part of the objective function (VS)

relative aperture of the freon valve
setpoint for freon liquid height (m)

setpoint for vapour pressure (N/mz)

observation time (seconds)

b 5 s



i ambient temperature (°K)

A

Ty saturation temperature of freon liquid (°K)

To inlet cold water temperature (in the mixing tank) (°K)

Ty inlet hot water temperature (in the mixing tank) (°K)

TH inlet hot water temperature (in the mixing tank system
with introduced periodical variations

Ty X freon liquid inlet temperature (°K)

To hot water inlet temperature in the vaporiser (OK)

Traj nominal trajectory of the time-varying uncertainty

TW average temperature of hot water providing heat to
freon (°K)

U(t) m-vector of known input signals

LS volume of vaporiser tube (m3)

VPl freon valve normalised position

VPZ hot water valve normalised position

W positive definite weighting matrix associated with
errors in system and model responses

Xit) n-vector of the states of the model

X cold water valve position

xiy



hot water valve position

%s n-vector of known initial conditions
Y (t) r-vector of model output responses
%(t) real process observations

-] height of freon liquid (m)

p-vector of constant model parameters

A
2. (t) g-vector of time-varying model parameters

~
fi (t) nominal valves of the time-varying model parameters

A latent heat of vaporisation of freon liquid (SI units)
/9 water density (kg/m°)

/pg vapour density (kg/m3)

/1 freon liquid density (kg/ma)

/pW hot water density (kg/m3)

Superscripts

+ or ' transpose of matrix or vector.

Conversion Factor

All parameters and variables listed above use the SI units
except where a notehas been made to the contrary. The
conversion factor is then:

1 in w.g. = 249.544 N/m2

XV



Chapter 1

INTRODUCTION

The fact that modern technology has blossomed at an
unprecendented rate within the last two decades is

known to most people. Regardless of the accompanying
social and political impact on society and international
relations, this ascendence in human endeavour has
resulted in a sharp inclination towards the use of
computers directly or otherwise in almost every aspect
of industrial life. A direct consequence of this has
been the creation of complicated industrial structures
which require enormous amounts of investments of

natural resources and human efforts. Undoubtedly,

this sophistication in industrial plants coupled with
ever mounting costs of natural fuel have posed serious
problems to the industrialists. This is due to the fact
that with this degree of sophistication, a plant which
has been developed to operate under certain conditions
with certain goals in mind cannot easily be used for
experimentation to test the feasibility of its use at
new sets of operating conditions to serve new objectives.
The human endeavour, which has always been in motion,
being faced with this challenge,had to propose new
practical ideas to overcome this problem, and thus the
idea of modelling evolved. '

According to Eykhoff (1977), a model is defined as "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" where he
defines a system as "a collection of objects arranged
in an ordered form, which is, in some sence, purpose
©of goal directed".



However, although a model is built by close observation of
the real system as reflected by system observation and
measurements, problems arise with sophisticated systems,
which are most common, where the exact nature of their
behaviour is not readily noticeable. 1In such cases, a
need arises for a systematic approach to specify the model
so that it becomes able to predict system behaviour, giving
rise to the concept of system identification. Zadeh (1962)
defines identification as "the determination, on the basis
of input/output, of a system within a specified class of
systems, to which the system under test is equivalent".

Evidently, this definition of identification requires
knowledge of the inputs to the system and the resulting
observations made on the system due to these inputs.
Moreover, although the definition may give the notion that
preliminary knowledge of the system is not essential, in
most engineering and biological processes, a priori
knowledge based on at least partial understanding of the
system operation is always available to the investigator.
Further experimentation and application of identification
process will result in modification or, at worst,
abandonment of this a priori knowledge.

When dealing with dynamic systems, system identification
becomes of prime importance. System identification arises
when mathematical models for the process of interest
cannot be completely specified and the model has to be
"identified" using actual observation of the output and
possibly the input. When the model is not a faithful
representation of the system, discrepancies exist between
system and model outputs. The identification process,
thus, attempts to minimise such discrepancies to an
arbitrarily accepted level by hypothesising the "area of
difference" between system and model and implementing an
appropriate technique to solve it. Such "area of



difference" may contain parameters in the mathematical
model which represent physical quantities within the

real system. The values of these parameters may not

be known intially but may often be estimated by

comparing observations of the real system with predictions
obtained from the model. In the case where no unknown
"area of difference" exists is assumed, that is, the
mathematical model has no structural error, the classical
least squares technique may be used to estimate the

values of these parameters. According to Peckham (1969)
"the problem of finding the parameters of a physical
theory from experimental results, adjusting the parameters
in a design to obtain the best possible performance or
solving sets of non-linear simultaneous equations may
frequently be reduced to the problem of finding the
minimum of a sum of squares of non-linear functions".

The classical least squares identification is useful for
extracting information from noisy observations.

When the real system exhibits responses incompatible
with those predicted by the model, for example, when
hidden "uncertainties" exist in the real system the
mathematical model will not be a faithful representation
of the system unless these uncertainties are accounted
for. Since the main objective is to obtain accurate
estimates of the unknown constant parameters, accounting
for these uncertainties makes the estimation problem
insensitive to their existence, and hence more realistic
estimates will result. Leal (1977) has proposed that
these uncertainties in the system can be represented by
additional time-varying parameters whose form is also
estimated as part of the identification procedure.



This approach is based on an intuitive extension of the
classical least squares technique. Georg antzis (1977)
proposed and implemented "Parameterisation" as an
approximate solution to the uncertainty problem proposed
by Leal. Sines, cosines, Hermite polynomials, Laguerre
functions, Chebychev polynomial and Fourier series
approximation are examples of parameterisation. The
overall problem can be seen to consist of a "parameter
estimation" problem to estimate the value of the constant
parameters of the model and a "smoothing problem" to
estimate the form of the time varying parameters.
Georgantzis who used this technique to identify the model
of a chemical reactor managed to obtain improved results
over the classical least squares technique.

In this research, the intention has been to apply these
two techniques to the models of real and simulated systems
in order to obtain accurate estimates of some parameters
which cannot be measured directly. It is also intended to
compare the performance of the two techniques and to assess
their efficiency when applied to uncertain dynamic systems.



1.1

Contribution of the Thesis

Two identification techniques, the classical least squares
and the smoothed least squares have been applied to the
models of a simulated mixing tank system and a pilot-

plant vaporiser system. The values of unknown constant
parameters have been estimated using the above techniques.
The classical least squares technique is concerned with

the estimation of constant parameter values and the smoothed
least squares concerned with compensation for model
structural deficiencies.

The concept of "parameterisation" has been implemented
to express compensation for time-dependent disturbances
on the system responses, which suggest model structural
errors, in terms of a time-varying entity whose parameters

are estimated by the solution of the'smoothing problem.

The model of the vaporiser systeﬁ has been identified,
under different operating conditions, where the values of
the heat transfer coefficient (Htc) are estimated and a
sinewave or a Chebychev polynomial have been used to
approximate for the "hidden" time varying uncertainty
attached to the inlet hot water temperature.

In the tank system, a model of the simulated system in

which simulated uncertainties were introduced, has been
successfully identified in a similar way to that of the
vaporiser identification.

In all the cases, the effects of compensation for model
structural deficiencies on the parameter estimates have

been evaluated and a comparison between the classical least
squares and smoothed least squares techniques has, therefore,
been achieved.



Y.

In addition, the effects of the weighting matrices on
the performances of both techniques have been evaluated.

Layout of the Thesis

In Chapter 2 a general survey of available identification
techniques is presented and evaluated with special
emphasis on the classical least squares (C.L.S.) and
smoothed least squares (S.L.S.) techniques.

In Chapter 3 a simulated mixing tank system based on a
mixing rig which has been developed within the department
is discussed and two mathematical models developed with

intentionally introduced discrepancies between the "system"

as simulated on the computer and its model.

Identification of these models using the classical least
squares and the smoothed least squares technique is
discussed in Chapter 4.

In Chapter 5 the vaporiser system which, again, has been
developed within the department, is presented and a
simplified model, based on previous work (Ellis, 1979)
is employed. Open loop responses from both the real
system and the model are given for different operating
conditions.

Identification of the vaporiser'model which includes
estimation of constant parameters as well as compensation
for structural deficiences is discussed in Chapter 6.

The Appendices include mathematical background to the
solution of the identification problem as well as the
main Fortran programs which have been used to solve it.



2.1

ChaEter 2

Identification Technigues

Introduction

The use of digital computers in engineering has promoted
the use of mathematical models of systems, especially in
the context of chemical, electrical and technological
fields. Mathematical models are now commonly used in
conjunction with process computers for process design,
determination of operating conditions, control schemes

and identification processes.

When developing a mathematical model of a system, a common
problem encountered is determining numerical values of
constant parameters in a non-linear system model. If

real observations of the real system are available, the
parameter values can be obtained by simulating the

system and adjusting the constant parameters until the model
and system responses agree according to a defined criteria.
In this case, the model must be subjected to the same
disturbance as that applied to the real system.

This process is often carried out by a digital computer
which has been programmed to simulate the real system and
to apply the appropriate identification procedure in order
to estimate the unknown parameters. A measure of
satisfaction with the estimated values of parameters
usually takes the form of weighted least squares of
errors, in which the identification algorithm manipulates
the parameters to minimise the sum of squares of weighted
errors between the model responses and system responses.
This technique, known as the "model reference technique"
and discussed by Noton (1972), assumes that the model is a
faithful representation of the real system and does not

allow for uncertainties in model structure.



Now, when uncertainties exist in either model structure,
system inputs, model parameters or system observations,
the nature of the identification problem changes and,
hence, different and more specific approaches are needed
for its solution. I

For the particular case of stochastic uncertainties,
Schweppe (1973) presented and discussed four approaches

to deal with the identification of models besides the
model reference approach. These are: state augmentation,
maximum likelihood, correlation and instrument variables.
In the state-augmentation approach the input and sensor
disturbances are not white noise processes, but rather
structured processes, that is, they are time-correlated.
The states of these structured processes are augmented
with the model states to give a larger state vector. Thus
the assumption of sensor disturbance with no white noise
component results in a mathematical model with perfect
observations. This state augmentation approach can be
extended easily to the case of time-varying system parameters
which are modelled as stochastic or unknown-but-bounded
processes.

The maximum likelihood approach is suitable for a
stochastic process which is completely specified except for
the values of the parameter vector. It is assumed here,
that there are no structural errors i.e. there exists

some unknown parameter value for .which the model response
corresponds exactly to the system observations. The
maximum likelihood concept provides a viable, general and
very powerful approach to estimating the numerical

values of a linear system with Gaussian noise processes.
The parameters to be estimated may specify the system's
structure, the uncertainties or combinations thereof.

If many observations are available, the Gaussian assumption
is not crucial. However, the general equations are very

complicated.



Correlation methods are suitable when the process is
stationary and when there is no known input, and they do
not need the Gaussian assumption. The basic idea
underlying correlation methods is to choose the parameter
value which reduces the error between the covariance
matrix and correlation functions obtained using the
hypothesised model and those using the system
observations. A major disadvantage of correlation
methods is that they do not provide a natural way to

test the validity of system identification.

When the parameter estimate is found to suffer from the
problem of bias, a straightforward solution may be
achieved by the use of the Instrumental Variables
method. Since the problem of bias arises due to
observations which are contaminated with noise, it is
assumed, when using this method, that there exists a
matrix which is correlated with the system input but not
with the noise. This matrix is used together with the
system observations and the process output to calculate
an asymptotically unbiased estimate.

Where the states of a stochastic linear system are not

directly accessible for measurement (as in many practical
situations) the Kalman Filter may be used for state estimation.
The Kalman Filter is based on a model of the system states
with a correction term depending upon the difference between
the true output measurements and the estimated output
measurements, and is a recursive estimation procedure.

The Extended Kalman Filter (Noton, 1972) which handles
non-linear models by combining linearisation with the
linear model theory, can be used for the approximate
estimation of the states of non-linear systems and is
discussed in many papers. The Extended Kalman Filter is



particularly suitable where process parameters drift or
fluctuate and it is desirable to update them on-line.
Parameter vector and state vector can be included in
oneaugmented state equation and thus state estimation
and parameter updating can be implemented simultaneously
and recursively on line. This method requires the
Gaussian assumption of the random variable involved to
be made for its implementation, and a study of the error
is necessary for the evaluation of possible biases

in the estimates of the parameters. A major disadvantage
of this method is the large computational programming
required, especially when only the unknown parameters
and not the states, are needed. The task of comparing
the performances of some of the above mentioned and
other identification techniques was taken by several
researchers. Saridis (1974) compared the computational
and convergence properties of six on-lfne identification
algorithms, a modified discrete cross correlation,

first and second order stochastic approximation, on-line
maximum likelihood, maximum A-posteriori probability
filter and the extended Kalman Filter tested on two fourth
order discrete-time systems.

Isermann and others (1974) compared the performance,
computation time and overall reliability of six recursive
identification and parameter estimation methods; least
squares, generalised least squares, instrumental variables,
stochastic approximation, correlation analysis with least
squares parameter estimation and Fourier analysis using
three simulated processes. The authors of the paper cited
the shortcomings of previous comparative studies in
identification processes as: application purposes of

the identified models were not regarded, processes of
relatively low order with no more than four unknown
parameters were used and that only linear processes were

considered.

- 10 =



With these shortcomings in mind, the authors chose the
ultimate goal of the identification process to be the
design of a digital control algorithm where both the
controller parameters and r.m.s. error of the closed
loop controlled variable are compared for the identified
and the exact model.

Isermann and his colleagues applied these six algorithms
to three simulated processes; second order oscillating
process, second-order nonminimum phase process and
third-order low pass delay process.

Their results showed that for general linear processes
correlation method had most advantages in comparison
with the rest in terms of performance, computation time
and overall reliability, as well as the apriori
knowledge needed. The worst performance had been
obtained with the least squares method though the
method had good reliability.

The identification techniques mentioned have been tested
and compared either on theoretical basis or on simulated
systems, and unless such tests and comparisons are carried
out on real physical systems, with their inevitable
uncertainties and complications, no solid conclusion

may be reached, with certain degree of confidence,

on their applicability to real world.

However, successful attempts have been made to apply some

of these techniques to industrial processes under

different operating conditions. Sinha and Sin ( 1976)
compared the performances of the method of least squares

using the recursive pseudoinverse algorithm (Sen& Sinha,1975), the
stochastic approximation, the instrumental variables and

= J] =



the algorithm combining pseudoinverse and stochastic
approximation. The final estimates of the parameters
obtained by each method was compared with values obtained
using the time-series method dvue to Box and Jenkins

( 1970 ). The on-line identification of the parameters
of the linearised model of a continuous stirred-tank
process from the input-output data was considered. 1In
this system, the linear model was considered a faithful
representation of the real system, and the estimation

of two parameters of the system transfer function was
behind the identification process.

However, problems with these well founded identification
techniques occur when the model is not a faithful
rePresentation of the real system, such as when the model
structure is uncertain. An example of this is when a
model which is found to give good agreement with a real
system when the model parameters have been estimated using
a particular input signal gives poor results when subjected
to a different input signal. Overcoming this problem

is important especially when, for economic, security or
otherwise, the model is to be used for prediction of

system behaviour under different conditions where it is

not feasible to operate the system under the same range as
the model. 1In such cases, if the model inadequacy has been
correctly accounted for, operating the model under any
range of interest will predict the exact behaviour of the
real system. Whereas the model reference parameter technique
is satisfactory in estimating parameter values of a "perfect
model"”; it may not be able to do the same when structural
deficiencies exist in the model, This situation has led
Roberts and Leal (1977) to classify uncertainties into
three kinds:
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i model structure:

uncertainties in model structure arise due to model
simplification and inadequate knowledge of the real
system. This means that in the real system, "hidden
uncertainties” exist which can not easily be detected
by the modelling process.

ii model parameters:

some of the model parameters which are thought to be
constant and, hence, assigned "numerical" values may
be in error and may change or drift with changes

in the operating conditions.

iii real process observations:

output measurements obtained for the real process,
assumed to be due to certain input signals only,
may be in error due to instrumentation errors and
other disturbances of which the investigator was
unaware.

With this state of affairs in mind, Roberts and Leal (1977)
attempted to devise an algorithm which overcomes model
uncertainties. Further to the model constant parameters
whose values are required to be determined by the normal
parameter estimation procedure, they introduced time-
varying parameters in the model equations for this purpose.
Their elaboration on the classical least squares approach
which assumes that all the uncertainties within the plant
can be expressed as white noise on the observations, led
them to the development of the "innovation approach" which
requires the filtering of the observational data, and the
"smoothed least squares" approach which requires smoothing
of the observational data through an iterative process

and has been found to be suitable for models which contain

time-delays or are highly non-linear.
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Their approach has, therefore, cited the identification
problem of uncertain dynamic systemsas consisting of
parameter estimation problem to estimate the values of
constant parameters and either smoothing problem or
filtering problem to compensate for model structural
deficiencies. .

The solution of the parameter estimation problem has been
achieved by the use of the classical least squares, the
solution of the filtering problem by the use of the

filtering equations based on Kalman Filter and the solution
of the smoothing problem by the use of calculus of variations
and the Riccatti techniques which results in complicated
mathematical equations of considerable computational

complexity particularly in determining and storing model
derivatives. (See Appendix 1)

The performance of the parameter estimation techniques has
been investigated using a digital computer simulation of the
WINFRITH SGHWR nuclear plant (Roberts, 1980), and

have proved fruitful in estimating accurately the values

of the constant parameters of the plant.

Simplification of the complicated mathematical suite obtained
by using the calculus of variations method was proposed and
tested by Roberts and Georgantzisg (1977) who found that

these complicationsmay be avoided by the use of parameterisation,
where the uncertainty is expressed in terms of a time-
varying function whose parameters (coefficients) need to be
estimated. Thus, the infinite dimensional optimisation
problem of determining the time-varying uncertainty is
transformed into a finite dimensional optimisation

problem of determining its coefficients and may be solved

by using a standard numerical optimisation procedure.
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Roberts and Georgantzis successfully applied this algorithm
in a digital simulation study concerned with estimating
five constant parameters in a non-linear dynamic model of
an exothermic chemical reactor, using a single time-
varying uncertainty with eight coefficients. Whilst the
classical least squares techniques gave "inaccurate"
estimates, the smoothing technique gave estimates close

to the real values.

In this research, the intention has been to use Roberts and
Leal's algorithm together with the parameterisation
concept of Roberts and Georgegantzis to identify a
simulated mixing-tank plant and a real vaporiser plant.
In the former plant, the uncertainty in model structure
has been intentionally introduced whilst in the

latter, the limited knowledge of the physical world, which
overshadows existing uncertainties in the model struture,
accounts for the discrepancies between the model and the
real plant.

In the next few sections Robert and Leal's three techniques
namely, classical least squares, smoothed least squares and
filtered least squares, will be presented and discussed.

The classical least squares and smoothed least squares have

been applied to the simulated and real systems and their
respective performances compared.
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Model Structure

The structure of the mathematical model of the industrial
plant is considered to consist of a set of first-order
non-linear differential equations and a set of algebraic
equations, as it is usually the case when applying
conservational relationship such as mass and heat balance
principles. These equations usually contain a set of
constant parameters whose values are to be estimated by a
certain technique by comparison of model and system
observations, in addition to process state variables,
input signals and measurement signals. A typical structure
"of a dynamic mathematical model with n-first order
differential equations, r-algebraic relationships defining
the output measurement signals, m-input signals, and
p-parameters whose values are unknown is

X  =_ (% u &), =@ 2.1
Yy = h (x) Thded

where x = a n-state vector
u = m-vector of known input signals
L = p-vector of constant model parameters
Y = r-vector of model output responses
X, = n-vector of known initial conditions
f and h define non-linear relationships.

If there are no structural deficiencies in the model, then
estimated values of the constant parameter vector &

obtained by using a particular parameteregggggé%}e which
compares model and process observations at a particular

type and range of input signals u will also be wvalid at

any other type and range of input signals. But due to the
nature of the modelling process which often makes
simplifications, assumptions and approximations the model is,
usually, not a faithful representation of the real system and,
hence, parameter estimates ©< may depend upon the range and
type of input signals and consequent outputs employed in

the estimation procedure.
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To counter the inevitable uncertainties of the mathematical
model, the model structure is modified to take account of
these uncertainties, thus:

X =

z =

(%, u, B(E),%), %@y, 2.3
(x) 2.4

[f=2 2

where @_(t) is a g-vector of additional time-varying model
parameters introduced to compensate for "hidden"
uncertainties.

This is a simplified structure of the mathematical model
considered by Roberts and Leal, since their model structure
contains parameter-dependant initial conditions and time
delays. ]

In the following discussion of the identification techniques
it will be assumed that model and system observations have
been obtained when both the model and the system are
excited with the same input signals u(t). It is also
assumed that the time-varying uncertainties have known
nominal valuesaé(t) which may be constant.
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Classical Least Squares

This technique assumes that all the uncertainties
within the plant can be expressed as white noise on
the observations. Thus it takes no account of the
time-varying uncertainties H(t), which are set at
their nominal values, i.e.

Bt) =Bt 2.5

The method attempts to estimate the values of the
unknown constant parameters % which cause the model
observations y(t) to match the corresponding real
process observations z(t), according to a certain
comparison index (objective function) (Js(x))
regarding the error between the model and corresponding
system outputs, where

b
+
Jo ) =J{ (y(£)=z(£)) .W.(x(t)-g(t)}}dt 2.6

observation time

where T
W

Il

positive dgfinite weighting matrix, whose
elements are chosen to weight the relative
importance of the square errors

(yy(t) = 24())2, £ =1, 2 ccoer

The parameter estimation process may be defined as
attempting to solve the minimisation problem

T | 4 )
min {Jc =I [(x(t> =fg eV AR (k) - _z_(t))Jdtj
o,
o
where
y(t) = h (x) i
= = £ (x, u, ‘Q(t)r X), x(0) = Xo

which may be solved using standard computer algorithms
(Roberts, 1977)
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Smoothed Least Squares Technigue

In many practical cases, the inadequacy of the
mathematical model cannot be attributed to the
existence of noise on the observational data where the
classical least squares approach gives satisfactory
results. In such cases, the inadequate performance

of the model may be due to the existence of hidden
variations or "uncertainties" attached to one or more
of the state variables or parameters which have not
been detected by the model. Discovering such

hidden forms of uncertainty is not an easy task and,
indeed, only close observation of the behaviour of
sensitive state variables or parameters may lead

to some knowledge about their nature. Once the uncertainty
is specified in mathematical form, a nominal trajectory
or probabilities to departures from the nominal
trajectory may be assigned to them. Since such
uncertainties are normally time varying entities,
their deviation from the nominal trajectory may

be considered as an objective function which is
adjoined to the classical least squares objective
function.

Thus, the smoothed least squares approach is an
extension of the classical least squares technique
to take account of time-dependant uncertainties

(t). The objective function becomes smoothed out
to include the possible variation of the uncertainty
from its nominal value, and is written as:

I (BE) ,x) =joT{[(Ztt)-g(tn+.w. (y(t) - z(e)]+

[(Be) - BEN LR, B(E) -é(t)ﬂ} St 207
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Following from intuitive arguments (Schweppe 1973)

a model reference least squares approach to the
estimation problem is to determine the values of B(t)
and =« to solve the two stage minimisation problem.

min min Jg (B(t), %)
<  B(t)

subject to equations (3), (4) and (7)

Minimisation of the objective function with respect

to A(t) constitutes a smoothing problem and
minimisation with respect to X constitutes the
parameter estimation problem. Return to the classical
least squares is obtained by setting the time-

varying uncertainty é(t) at its nominal value H(t).

Two methods have been devised to solve the smoothing
problem (Roberts, Leal and Georgantzis 1977). The

first method employs calculus of variations to solve

the problem in an optimal control formulation. This
requires the calculation and storing of model

derivatives at each estimate of the smoothing

parameters in a lengthy iterative procedure. See Appendix 1

The second method attempts to avoid this lengthy
procedure by obtaining an approximate solution of
the smoothing problem by the use of parameterisation.
The two methods result in iterative procedures which
have been implemented in terms of computer programmes
(Leal and Roberts 1977a, Georgantzis 1977)
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Filtered Least Squares

The formulation of the overall parameter estimation
problem as a solution of the smoothing problem has
similarities to the Kalman Filter (Kalman and Bucy
1961) .

The basis of the filtered least squares is to determine
the constant model parameters X which solve the
minimisation problem

v Ft ~
min {Jf = /1 @® - zent W @) - zw) dt} 2.8
7 o

where
Y =h® h
x =£ (X, 8, B(t), ) + K(t){g(t) - I(t)},

x(©) = x
wherelg(t) and y(t) are regarded as model derived
filtered estimates of the process state and output
signals, respectively. The filtered estimates are
obtained from the model equations, with the Encertain
parameters B(t) set at their nominal values 3(t), and
with an additional term depending upon the error
between the filtered output variables y(t) and their
corresponding real process observations z(t). K(t)
is a time-dependent gain matrix which is determined
by solving the following equation:
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K(®) =2r(%) 'y W 2,31
o o ' 212
P +Pf y +0.5f 4R _f_& 2Ph @EP

P =;§§
where £y, £ , and h A are matrices of first order

partial_derivatives evaluated along the non-linear
functions f and h.

The comparison index within equation (8) contains
a modified time-dependent weighting matrix defined as

w=[w'+2n, p(o)n' ]t 2.13

Thus, the filtered least squares approach to determining
the constant model parameters X involves minimising

an integral time-weighted square error between the

real observations and corresponding model-derived
filtered output signals, with a time-dependent
weighting function. The solution requires an

iterative technique to solve equations 12 and 13 which
requires the evaluation of sensitivity relationships
along estimates of the filtered states and model

output signals.

In this work the classical least squares and the

smoothed least squares techniques have been applied

to a mixing tank simulated system and a vaporiser

pilot plant. Chapters 4 and 6 discuss the identification
of the mixing tank system and the vaporiser system
respectively where these two techniques are implemented
whilst chapters 3 and 5 deal with the development of

the mathematical models as well as obtaining system
responses.
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Chapter 3

MIXING TANK SYSTEM

Introduction

Mixing processes are very common in industrial life
especially in the chemical field where mixing of
materials is carried out to produce new components,
new concentrations and new properties. Proper
control of the liquids involved in the case of liquid
mixing is essential if the correct product is to
result from the mixing process. Usually, mass,
momentum and heat balance principles are adopted

to model these processes for accurate predictions.

The pilot scale mixing rig which had been devised in
the department to allow the testing of different
multivariable control schemes went through several
stages of development.

Furlong (1972) attempted to apply computer control to

the mixing rig using a Ferranti Argus - 500 computer

by implementing two multivariable controllers; one
intended for complete non-interaction, and the other
based on Inverse Nyquist Array method (Rosenbrock 1970).
Inaccuracies in estimation of system parameters prevented
the complete elimination of interaction.

Korolis (1973) attempted to use Furlong's controllers
together with an optimal controller but using level

and heat content (instead of level and temperature)

as his state variables. He did not succeed in
implementing non-interacting and optimal controllers
because of their sensitivity to model inaccuracies,
difficulty in implementing the resulting controllers or
solving the optimal equations.
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Bogdanovic (1974) used Korolis's model with Inverse
Nyquist Optimal control and Pole Assignment methods.
Only the Inverse Nyquist method yielded significant
improvement over the other techniques.

Makarenko (1975) managed to design and implement a
multivariable control algorithm using the Inverse
Nyquist Array technique. Thus, liquid level and
temperature in the tank which mixes hot and cold
water inflow streams were controlled adequately
under a variety of conditions.

However, in this research, which is concerned with

the application of identification techniques, open

loop responses of the mixing rig are needed. The
control algorithms mentioned will not be referred to

in this thesis. Furthermore, the real observations
needed for the identification process have been
obtained from the simulated mixing tank system and

not from real experimentation. This serves two
purposes; the first is that the simulated discrepancies
between the system and the model are accurately known
and can be changed as desired to affect the simulation
of different kinds of"hidden uncertainties". The other
purpose is to give a means of evaluating the perfor-
mances of the techniques since the correct values of
the parameters to be estimated are known.

Plant Description

The rig is basically a mixing tank into which streams
of hot and cold water are fed. A conventional
pneumatic diaphram valve is used in each stream to
control the flow. The outflow from the tank passes
through a fixed restriction valve so that the flow

is only affected by the pressure at the bottom of the
tank, and hence by the liquid level. A diagram of
the rig is given in Fig. 3.1.
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A small stirrer is fitted to the tank to ensure
homogeniety of its contents. The temperature of

the water leaving the tank is measured by a
thermocouple fitted to the outflow pipe close to

the tank itself. The level is measured by a strain-
gauge pressure transducer in a conventional bridge
circuit, the transducer being mounted near the
bottom of the tank. The outputsfrom the thermo-
couple and the transducer are in the range 0-1lOmv.

The plant is controlled by means of a Ferranti
Argus-500 computer (which is being replaced by a
KRATOS computer system). This computer installation
incorporates a number of interface channels for
‘analog inputs and outputs of which four are used

to interface the mixing rig and four for the
vaporiser rigqg.

The control valves receive appropriate signals from
the analog output system of the computer. The signals,
in the standard 4-20mA range, are transduced by
Elliot-Automation Current-to-Air converters into
pneumatic signals fed to the valve positioners in

the usual way.

Mathematical Modelling

At the outset of any modelling process, when using a
direct formulation, the purposes for which the model

is to be used must be clearly laid down. These

purposes influence the degree of complexity of the
resulting model. All models, even the most sophisticated
ones, must possess some simplifying assumptions about

the nature of the system. A model, even with rather
severe simplifications (resulting from these

assumptions) may still prove to be adequate for the
purposes laid down.
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3.3.1

System with no Heat Losses

In modelling the mixing tank system, the following

assumptions have been made:

l) Continuous supplies of hot and cold water are
available and at constant pressure;

2) Perfect mixing takes place within the tank,
i.e. temperature in the tank is uniform, and
so is the outflow temperature;

3) Density and specific heat of water remain
constant over the temperature range involved;

4) Heat losses to the surroundings are negligible
(this assumption will be dropped later).

Now, the mathematical model }s obtained by the
application of the laws of conservation of mass

and heat onto the contents of the tank.

Mass Balance

Rate of change of the massOfwater in tank =

mass flow rate of inlet cold water +
mass flow rate of inlet hot water -
mass flow rate of outlet mixed water
4. (Ah.Le) w9 0= 0 &

-a—t - h (]
where

A = cross sectional area of tank (m2)

h = height of water in tank (m)

U = density of water (kg/m°)

Q = volumetric flow rate of inlet cold water (?3/5)
S)

Qh= volumetric flow rate of inlet hot water (m
Q = volumetric flow rate of outlet mixed water (mB/S)
assuming constant density,

dh =

1o Q. Qe = gL <
a? Z & h (o]
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Heat Balance

Rate of change of heat content in the tank =
rate of heat flow in
- rate of heat flow out

(A.h.E.c.To) = Qc.e.c.'rc + Qh.e.c.Th -

<
Qo.(.c.To

c = specific heat of water J/kgoK
To= mixed water temperature (°K)
Q

e cold water flow rate (m:;S)
Q= hot water flow rate L (m™’8)
Qo= mixed water (outlet) flow rate (mB/S)
Tc= cold water temperature (OK)
Th= hot water temperature (°K)
T,= mixed water temperature (°K)

assuming € and c remain constant, hence they cancel out,
‘and substituting Eqn. 3.1 into 3.2

ar_
G M e T Rk Oy~ W N = QT T = QT
s i L T
dto A‘K [Qh' (Th = TO) + Qco (TC - TO)] 3-3

Now in the real mixing tank system, there is a non-linear
relationship between the position of the valves and the
fluid flow passing through them. However, for model
simplification, it is assumed here that a linear
relationship exists between fluid flow and the position
of the two valves. Furthermore the position of each
valve is normalised to be in the range 0O-1 and the
following equations are used to calculate the volumetric

flows:
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Qc = kc - X,
0. =k - JE_
where

kh = hot water valve constant
k . = cold water valve constant
ko = outlet water valve constant
*h ¥ hot water valve position
X = cold water valve position

Design Calculations

Since the application of identification techniques

requires observations obtained by operating the simulated
system in an open loop mode starting from steady state
conditions, the mixing tank model has been designed to
achieve this purpose. Thus, a steady state value of

h of 0.1m, @, =3 x 10°° n*’s, o_ =2 x 10% m ¥s, the

hot and cold water valves half opened, i.e. Rl D5,

T, = 343°K and T, = 278°K, the following design variables have

h
been obtained -

K 6 x 10 ° m3/s
h g 3y
k 4 x 10 m’S

[ o
k_ = 1.58 x 10 6 m3/2/g

Also, the steady state value of T0 is 317°K.

Using the steady state values of the two state variables
(h and To) and the design values of the valve constants
and other variables, the tank has been simulated on the
CDC 7600 computer, tested in the steady state, and under

a step change in one of the valves and used to investigate
the performance of the identification techniques discussed
in Chapter 2.
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Computer Simulation

A computer program "EXAMPLE" was constructed

to simulate the dynamic behaviour of the system.
The program reads data, writes required
information and sets the required parameters for
the integration subroutine. Subroutine MODEL
calculates the derivatives of the state variables
(h & To) using information passed to it from the
main program.

To validate the model structure, steady state

values of the state variables (h & To) and design
values of other constants and variables were fed

in and output responses for h and To were obtained
using the NAG integration subroutine DO2AJF

(NAGLIB; 1387/0:MK5:FEB.76). This subroutine
integrates a system of first order differential
equations over a range, using a divided difference
formulation of Gear's method for stiff system of
equations. Although this subroutine is more suitable
for a stiff system of equations it has been used in
the mixing tank model for convenience. (See Appendix 2).

Step Response

To investigate the dynamic behaviour of the tank
model, a step change can be applied to one of the
two manipulable variables (the valve positions
X, and x_).

a) Step change applied to cold water valve:

If a 50% change is applied to cold water valves i.e.
X, =0.75, then 0 = 3 x 10_6m3/s,
Qo 6 x lO_GmB/S
T, = 310.5°%,
h = 0.1l44m
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For this step change, the computer simulation gives
the open loop responses for h and To shown in Figs.
(32)and (3.3).

Knowing the new steady state values of h and To

as calculated above, the effective time constants
of h and To may be evaluated using the dynamic part
of responses. This can be done by projecting the
tangent to the response at its starting point until
it meets the ultimate steady state value. The time
corresponding to the point of intersection is the
time constant. From Figs 3.2 and 3.3, the time
constants of the height and mixed water temperature
are 475 and 220 seconds respectively.

b) Step change applied to hot water valve:

If a 50% step change is applied to X, SO that
X changes from 0.5 to 0.75, then

6.8

Q = 4.5 x 10 ° m~/s Q 5

6.5 x 10 m3/s

o

T = 323° . h

& 0.169 m

For this step change, the responses obtained for
h and To are shown in Figs. 3.4 and 3.5.

From the graphs, the time constants of h and To are
470 and 220 seconds respectively. This difference
in the two values of the time constant of the height
response is inevitable due to drawing errors.

JACOBIAN MATRIX

In order to obtain theoretical values of the time
constants of height and temperature responses of the
tank the eigen values must be calculated at a particular
operating condition. The state variable equations are:
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h=i (Qh+QC-QO)
To = %h [Qh(Th -T) -0, (T, - Tc)]

Since Q; =K/ \I'ﬁ, these equations can be rewritten as:

h=1 [0 +Q)—Korh] 3.4
K[h B it
1

L [Qh T QP - (G + Q) To] 3.5

It can be seen that Egns. 3.4 and 3.5 are non-linear,
hence linearisation is necessary especially for control
system design.

If the steady state values of the variables in the above
equations are obtained, then a system disturbance will
result in a small variation about the steady state.

This variation may be evaluated using the Jacobian matrix.
Consider a system of the form:

& = g (E,W) 395

where z is a n-state vector and w is an m-control vector.

b

t W be the corresponding value of w obtained by solving
(z,w)

£ o for w, and define the small variations as
X =2 -2, u=wW-W. Then a Taylor series expansion
1

I
i

inearises equation (5) to

% =2

I%

+Bu

i o fl denotes é and f2 denotes To then:

)



[ ag, at, as, |
ax; &, T dx,
e af, ag, af,
At afn' | at_
ax, ax, ax
af ag, . af,
iy Wy B
B = |3, A, 3
ag afn _afn
awy W, aw

Since the aim is to find the time constants matrix B is
not needed.

Thus, for the mixing tank model, the two state variables
are h and T0 and the two inputs are X and X, But for
convenience Q. and Q, will be considered as the two
inputs since (for linear values) they are directly related
to the valve positions (xb and xh) Ehrough the valve
constants.
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At the steady state values of h =
operating point, evaluation of the upper matrix will give:
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h 0.00221 0 h 88.5 88.5 Qh
= y + o
% 4 4 Q
'E (@) 0.0044:1| T 2.3X10 -3.45X10 s,

The eigen values of the A-matrix are obtained by solving

the equation ISI - gl = 0.

g (Sl - 0.00221) (82 - 0.00442) =0

- S, = 0.00221 S, = 0.00442

oiizie 1 2

The time constant is the inverse of eigen value

: T, = 452 seconds T, = 226 seconds

- - l 2
where Ty is the time constant of height response and T,

is that of the mixed water temperature response.

The corresponding values obtained from the actual responses
are 467 and 220 seconds when the step change was applied to
the hot water value and 475 and 220 seconds when the step
change was applied to the cold water value. Allowing for
errors when drawing the tangents to the graph, the two

sets of values agree with each other to within 5%.

It can also be seen that the two values of time constants
of height and those of temperature are the same, indicating
that the time constant remains constant for both positive

and negative disturbances.
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- 3.3.4

The model used so far assumes that there are no heat
losses from the mixing tank to the surrounding i.e.

the tank is perfectly insulated. To be more realtistic,
heat losses must be included in the system, an
improvement which will be discussed in the following
subsection.

SYSTEM WITH HEAT LOSSES:

The addition of a heat losses term to the system model
will serve two purposes. First, the system will become
more realistic, since a perfectly insulated system is
hard to achieve. Secondly, for the purpose of system
identification - to be dealt with later - the addition

of this heat losses term will be treated as uncertain
variations in the system which the identification process

has to deal with.

The addition of a heat losses term will not affect the
mass balance of the system but will affect the heat

balance. Thus, the new heat balance will be as follows:

%t (A.h.e.'a.Tq) = g .0.e.+0 . 087, - g .0.C.1,
- 2W.r.h.Hge. (T-T,)
where
r = radius of the tank (m)
Hi. = heat transfer coefficient of the tank wall SI units
T, = ambient temperature (°k)
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3.3.5

The height h used in the heat losses term in the above
equation should be the total height of the vessel since

the whole outer surface of the vessel is exposed to the

surroundings.

- ~ o, A A o
Pt S @T, I Toiah ) = 0. . 0C.T + 0.0
at

A =~ A
dTe = 1 Q .C.c.T. +0 .8.¢.7r -9 .¢ec.T_ -
dTq
v TE. APBa [ h R e e © 9
2

WorHoe (TgTp)-A.€.8.T, 1 (0, + 0y = Qo)]

= Alhljﬂh. (Th—To) =0, (To_Tcﬂ - 2.Htc tTo-Ta) 357
i g.8.r

Now, in the steady state, the values of all the variables
will remain as before except To, which depends on the
value of the heat transfer coefficient H_ . Graph (3.6)
shows how the steady state value of To varies with Htc'

p 5 s Htc is too high, the losses to the surroundings will
be unrealistically high. Similarly, if Htc is too small
the losses become too low that the system will behave

as an insulated one. As a trade off between the two
extremes a value of Htc = 100 is accepted. This will
give a steady state mixed water temperature To = 313.34 °k.

STEP RESPONSE

If a 50% step change is applied to the cold water valve
position so that X 0.75, the final steady state
values of the state variables will be

h =0.144 m and T = 307.76%

These values were calculated in the same way as those
calculated earlier.
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To approximate further to a real uncertain dynamic
system, a sinewave variation is attached to the hot

water input temperature (Th), thus,

TH = Th (1.0 + 0.01 x sin(wt) ) (See Fig 3.7)

This sinusoidal variation on Th will have a direct
effect on To and will appear on the response as
will be seen later in the identification chapter.

Application of identification techniques discussed

in Chapter 2 to this uncertain dynamic system will
be discussed in the next Chapter.
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CHAPTER 4

IDENTIFICATION OF THE
MIXING TANK SYSTEM

Introduction

The model of the mixing tank system developed in
Chapter 3 1is a simplified one due to the
assumptions made of the system. If these assumptions
had not been made the model structure would have been
much more sophisticated. Since processes such as
identification and optimisation are of an iterative
nature the computation procedures needed for
execution of these processes become very costly
indeed giving rise to the tendency towards severe
model simplification to a degree determined by the
purposes of modelling. Models resulting from this
simplification will reflect the general behaviour

of the system ignoring finite details which require
lengthy and cumbersome differential equations.
Although any simplified model will reflect some
aspects of the real world, a trade off must be

made between the purposes of the model and its

degree of sophistication.

In this chapter the problem of identification of
the mixing tank system is presented and discussed.
The system simulation discussed in Chapter 3 is
taken as the real system for this purpose. Two
different situations have been considered in this
simulation. 1In the first situation, the assumption
that there is no heat losses to the surroundings is
made and a sinusoidal variation on the inlet hot
water temperature is introduced. In the second
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situation, heat losses to the surroundings are
considered in the real system together with the
sinusoidal variation on the inlet hot water temp-
erature. When modelling the first system the _
"uncertainty" in the outlet temperature response
(caused by the sinusoidal variation in the inlet
hot water temperature), assuming its real cause is
not known, is accounted for by introducing time-
varying uncertainty to the hot water temperature.
The estimation of parameters of this time-varying
uncertainty constitutes the smoothing problem.
When modelling the second system, the uncertainty
caused by the introduction of the heat losses term
into the real system as well as the sinusoidal
variation in the inlet hot water temperature is
accounted for by the introduction of time varying
uncertainties to the inlet hot water temperature
and to the derivative of the outlet temperature.

In both situations, the estimation problem is concerned
with finding the best estimate of the value of the
outlet valve restriction constant (ko). Its real
value is that used in the simulation of the real
system. ‘

The overall problem is formulated such that the
estimation problem and smoothing problem are dealt
with separately and iteratively until convergence is
achieved when a convergence criteria has been
fulfilled. A comparison between the performance of
the classical least squares and the smoothed least
squares techniques is obtained by starting the
identification process with the time-varying
uncertainty set at its nominal value. The first
solution of the estimation problem in this case is
that of the classical least squares technique
wnilst subsequent solutions of the two problems

are the smoothed least squares solutions.
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In the forthcoming sections the formulation and the
functions of essential computer programs and subroutines
will be presented and discussed whilst the Fortran program

suites are contained in Appendix 3.
4.2 Program .EXAMPLE

The identification process is carried out by this
program which had been written, compiled and run

on the CDC 7600 computer. It reads the

design values of the system as well as the initial
values of the state variables (h and T() and sets the
integration parameters and the parameters needed
for the identification process at appropriate
values. An integration procedure then follows,
producing "observational data" for the two state
variables (h and To) which are stored in a 2 x 100
matrix WA.) The integration process used is the

NAG subroutine DO2AJF which is suitable for a stiff
set of differential equations and is being employed
here purely for convenience. The derivatives of the
system state variables required by this integration
subroutine are obtained using subroutine SYSTEM.
Having obtained the "real" system observations, the
program proceeds with the identification process.
This is accomplished by calling subroutine OPTIM,
which coordinates the solutions of the two problems.
Finally, the system and the identified model
responses are plotted by subroutine PLOT.

4,2.1. Subroutine SYSTEM :

This subroutine is assumed to be a faithful
representation of the mixing tank rig. 1In

this subroutine, the two state variables

(hand T, are set to their previouys values

and the inlet hot and cold water and the outlet
flows calculated. A sinusoidal variation of
amplitude equal to 1% of the nominal value

of 'I'h and frequency of /100 rads/S is
superimposed on Ty thus:
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TH = 'I'h X (A + B x SIN(wt))

where

A=1.0, B=0.01l andw = T rads/sec

100
The derivatives of the two state variables are
then calculated according to Eqns 3.4 and 3.5

The value of ko (outlet valve restriction
constant) used to calculate Qo is that obtained
in the design calculation in Chapter 3. It is
this value which the parameter estimation
problem has to find in the process of model

identification, and is normalised to 1.0.

Subroutine OPTIM

This subroutine coordinates the solution of the
joint problem of parameter estimation and
smoothing. It starts by computing the initial
responses of the mixing tank and then proceeds
to the solution of the iterative process of
identification. On exit from the DO loop which
contains the solution of the two problems after
the convergence criterion have been fulfilled,
the final responses of the mixing tank are
computed and returned to the main program
(EXAMPLE) .
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4.2.2.1-

4.2.2.2.

Parameter Estimation Problem

This problem is concerned with finding an
estimate of the constant unknown parameter

ko (the outlet valve restriction constant)
using NAG subroutine E@4ABF. This NAG
subroutine finds the minimum in a given finite
interval of a continuous function of a single

variable

This minimum value is that which reduces the
difference between the system and model responses
to a minimum, where

n

V= i% [_zz(i) - h(x(1))] T.W.[_z_(i) - h (5(1)3]

where Z(i) and h (x(i)) are the ith system and
model output vectors respectively, W is the
weighting matrix and V. is the classical least
squares objective function. This procedure is
a straightforward classical least squares
process. The NAG subroutine E@4ABF requires

a subroutine (FUNCTI) to compute the model
responses and hence the objective function at
each iteration. It also requires specifying
the range within which the parameter to be
estimated is likely to lie in order to avoid
unnecessary searches outside this range.

Smoothing Problem

The estimate obtained for the constant parameter
ko in the parameter estimation problem is kept
constant when solving the smoothing problem

by the NAG subroutine E@4FAF. This subroutine
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"finds the least squares solution of M-non
linear equations in N variables by a method

due to Peckham '(28). The variables to be
manipulated here are the parameters of the

time varying uncertainty whose optimum values
are those which minimise the objective function

n
v, = E{[@(i) -h (gti)ﬂT.w.[g (1) = h(x())] +

trraj 3 Bbm(il T.R. frraj - Bbm(i;}‘k 4.2.1

where

- Traj = nominal trajectory of the uncertainty
Bbm(i) - ith value of the time-varying uncertainty
R = positive definite weighting matrix.

Thus the two problems are dealt with separately
and iteratively.

However, the separation of the identification
problem into two separate problems; parameter
estimation and smoothing does not mean that
smoothing parameters have no effect on the
classical least squares part of the objective
function because the time varying uncertainty
affects (%%?) and hence affects the model
responses used for the classical least squares

estimation.
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4.2.2.3.

The NAG subroutine E@4FAF requires a subroutine
(FUNCT) to calculate the value of the objective
function for each set of estimates of the smoothing

parameters.
The overall iterative process continues between
the two problems until a convergence criterien

is satisfied.

Convergence Criter ien

The convergence criterionused in the identification
of the tank system is that the objective

function remains unchanged over an overall
iteration, i.e. if the value of the objective_
function on entry to the parameter estimation
problem is Sl' and on exit 52 and on entry to

the smoothing problem 82 and on exit 53, then the
criteria is satisfied only when lsl - 53I<E)

where € is an arbitrarily small number, otherwise
the iterative process continues.

A better and more accurate criterienwhich could
have been used is that which requires parameter
estimates to be unchanged over two iterations.
This is because even if the objective function
remains ﬁnchanged over two iterations, the
parameter may change in such a way that the
collective effect of this change has no effect
on the objective function (see Fig 4.2.2)In this
case, the objective function has a flat minimum
as illustrated below.
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Fig. 4.22: Possible behaviour of the objective

function with respect to parameter
value.

However, in order to economise on computing time,
this convergence criteria has not been used here
but has only been used in the identification of
the vaporiser system (Chapter 6).

Subroutine FUNCT (& FUNCT1)

The estimation problem is concerned with finding
the estimate of only one parameter whilst the
smoothing problem is concerned with finding

the estimates of more than one parameter.
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For this reason, the two NAG subroutines

EPAABF and EPAFAF have been used. Subroutine
E@4ABF requires subroutine FUNCT1 whilst
subroutine E@4FAF requires subroutine FUNCT

to calculate the objective function and compute
responses. The two subroutines (FUNCT1 and
FUNCT) are essentially the same, the difference
being in their arguments which are specified

by EP4ABF and E@4FAF.

Each of the two subroutines computes the
model responses of the mixing tank system
to a step change in one of the hot or cold
water control variables (valve positions).
From these responses and the real system
observations, the objective function is
calculated using Egqn 4.2.1.

The integration procedure is done using the

NAG subroutine DP2AJF which is suitable for
integrating a set of stiff differential equations.
Although the differential equations of the
mixing tank system are not stiff, this sub-
routine had been used due to the familiarity
with its use in the vaporiser model to be
discussed in the forthcoming chapters. The
integration process is carried out over the
range 0 - 100 seconds with samples obtained at
10 seconds intervals. These results ngg(t)ﬂ
(for height and mixed water temperature) are
compared with those obtained similarly for the
system simulation [E(t}]. The differences
between the system and model observations are
multiplied by the weighting matrix W which is a

positive definite matrix.
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The smoothing part of the objective function

is concerned with the departure of the uncertainty
from its nominal value and is calculated as
follows:

(a) if the uncertainty is approximated to
by a sinewave then:

B(t) = P(1) + P(2) . sin [P(3).t + P(4If

where P(1), P(2), P(3) and P(4) are the
parameters of the time varying uncertainty
whose form is to be found by the
identification process. The value of

H(t) is compared with its nominal
trajectory and the difference is
multiplied by the weighting matrix R
which is a positive definite matrix, and
is chosen to give proper weighting for

B(t).

(b) if the uncertainty is approximated to by
a Chebychev polynomial, then its value

is calculated as:
Ble) = P() W T HRI2) . My BUA T, s

where Tyr Tys Ty ... are Chebychev
polynomials and P(1), P(2), P(3), ... etc
are the coefficients of these polynomials.
These coefficients are the parameters which
are manipulated by the identification
procedure when dealing with the smoothing

problem.
_47_



The classical least squares solution is
obtained by starting the identification
process with the time-varying uncertainty
set to its nominal value. The overall
objective function (Edn 4.2.1) thus

reduces to that of the classical least
squares. It must be noted that subsequent
solutions of the problem where the B (t)

has values different from its nominal
value are smoothed least squares solutions.

- 48 -



4.3 RESULTS

The identification program of the mixing tank system
was run under two different conditions where:

i) the identification process is concerned with
identifying a well imsulated uncertain dynamic
system, and

ii) the identification process is concerned with
identifying a system which looses heat to the
environment at a rate depending on the value
of a heat transfer coefficient (Htc).

Under the first condition, the variations on the
system responses are accounted for by incorporating
a time-varying uncertainty in the model. This
uncertainty was approximated to by two forms:

a) a sinewave attached to Th

b) a Chebychev polynomial attached to Ty

Under the second condition, the variations on the
system responses were approximated to by a sinewave
and Chebychev polynomial attached to Th and dTorespectively.
dt
4.3.1 SYSTEM WITH NO HEAT LOSSES

The results obtained for different values of the
weighting matrices W and R are summarised in Tables
4.3.1, 4.3.7, 4.3.12, 4.3.14, 4.3.18 and 4.3.22,
The Tables give a summary of the overall picture of
the results in a column-row form as follows:

Column 1 - the case number (for convenience)

Column 2 - the weighting matrix for the particular case

Column 3 - the classical least squares solution of the
estimation parameter (ko)

Column 4 - smoothed least squares solution of the

estimation parameter (ko)
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Columns 5 - 10 - the converged values of the smoothing
parameters i.e. the parameters of the
time varying uncertainty contained in
the array PRB(6)

Column 11 - the number of overall iterations, where
an overall iteration consists of the
solution of the parameter estimation
problem followed by the solution of
smoothing problem

Column 12 - the central processor time used by the
identification process

The weighting matrices W and R are positive matrices
chosen either by engineering judgement or in such a way
as to normalise the errors to 1.0. - This can be achieved
by taking the inverse of the normal value of the sample

thus: i | R
¥ Y Traj

where Y = normal value of height or temperature.

The following values of the weighting matrices have been
obtained by calculations based on the above concept, thus

W (1)

10.0, W (2) = 0.5 and R = 10.0

where W (1) = the weighting matrix of the squares of

the errors in the height response,
W (2) = the weighting matrix of the squares of

the errors in the mixed water temperature
resbonse

and R = the weighting matrix of the squares of the
deviations of the time-varying uncertainty
from its nominal value.

In each of the three tables in sections 4.3.1la and
4.3.1b two of these three weighting matrices are kept
constant whilst the third is varied as shown.
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4.3.1a

Thus, in table 4.3.1 W(2) and R are kept at 0.5

and 10.0 whilst W (1) is varied from 0.1 to 100.0.
In table 4.3.7 W(l) and R are kept at 10.0 and

10.0 whilst W(2) is varied from 0.1l to 5.0. 1In
table 4.3.12 W(l) and W(2) are kept at 10.0 and
0.5 whilst R is varied from 1.0 to 1000.0. 1In this
manner an insight is obtained into the behaviour of
the model as the weightings on the responses and
uncertainty are varied.

Chebychev-form uncertainty

The results obtained for various values of weighting
matrices implementing Chebychev-form uncertainty
attached to the hot water temperature Th are
summarised in Tables 4.3.1, 4.3.7 and 4.3]12 1In
most cases there is marked improvement due to the
smoothed least squares technique over the parameter
estimate obtained by the classical least squares
technique. The true value used in the system
simulation is normalised to 1.0.

Table 4.3.1 shows the effect of varying W (1) from

0.1 to 100.0 It is evident that as W(l) is increased
the classical least squares technique yields results
(for ko) nearer to the true value, and thus, the need
for smoothing becomes less. However, over this

range, the smoothing has resulted in slightly improved
estimates of ko ranging from 0.0035% in Case 5 to
0.55% in Case 1. This minimal improvement has been
achieved at a high cost of computing time.

The classical least squares and the smoothed least
squares estimates of kO have been plotted against the
log of W(1l) as in Fig. 4.3.2.
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The effect of the weighting matrix W(l) on the
parameter estimate ko is understandable on the basis
that W (1) is the weighting of the errors between
system and model height responses, and that the height
value is related to ko by the equation:

Qo = Xk \/B

Thus increasing the weighting will put more emphasis
on this part of the objective function which will
become dominant with inclination towards finding the
correct value. This explains the less accurate
estimate obtained by the classical least squares
technique when W(l) = 0.1 for example.

The water height and the mixed water temperature
responses which correspond to Case 3 in Table 4.3.1
(and also to Case 2 in Table 4.3.7 and Case 3 in
Table 4.3.12) are shown in Figs. 4.3.3 and 4.3.4
respectively. Since the parameter estimate (ko)
obtained by the identification process is almost the
same as the true value used in the system simulation
(1.0) the height responses of the system and the model
are indistinguishable.

The mixed water temperature response obtained by the
identified model follows the general trend of the
system response but not its periodical variations.
The solution of the smoothing problem has yielded
parameters which give the time-varying uncertainty

- Chebychev polynomial form - shown in Fig.4.3.25a
Clearly the shape of the uncertainty differs from the
real one shown in Fig. 3.7, but has certainly
contributed towards the compensation for model structural
dif iciencks resulting in a better value of parameter
estimates. 1In fact, in all the cases where Chebychev
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polynomials have been used in the model to
approximate for the time-varying uncertainties
in the simulated system, the exact shapes of the
real uncertainty have not been predicted.

The model and simulated system mixed water temper-
ature responses corresponding to Case 5, in which
much emphasis has been put onto the errors in the
height responses, as reflected by the large value
of the weighting matrix W(1l), are shown in Fig.
4.3.5. The responses reflect little noticeable
difference from those of Fig. 4.3.4. The height
responses for the same case have not been shown
here because, again, they look exactly the same

as those of Fig. 4.3.3.
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Table 4.3.7 shows the effects of varying W(2) on

the parameter estimates yielded by the classical

least scauares and the smoothed least squares techniques.
As W (2) is increased, the parameter estimate ko becomes
less accurate and the need for smoothing becomes more
acute. This result can be appreciated by reference to
Fig. 4.3.8 in which ko is plotted against W(2), with
other weightings kept at constant values. The
improvement on the value obtained by the classical least
squares technique due to the smoothed least squares
technique ranges from 0.007% in Case 1 to about 2.1%

in Case 6. However at its best improvement (in Case 6)
the smoothed least squares could not yield the true
value of k (1.0) and hence the system and model height
responses do not have good agreement. Fig. 4.3.9 shows,
for this case, the discrepancy between simulated system
and identified model height ‘responses due to inaccurate
estimate of the parameter (ko). Similar responses
were obtained for Case 1 in Table 4.3.1. The mixed
water temperature response for this case (Case 6,

Table 4.3.7) is shown in Fig. 4.3.10. This is very
similar to those shown in Figs. 4.3.4. and 4.3.5. in
which the average trend of the system response was followed
but its periodical variations could not be predicted by
the identification process. For Case 4 in Table 4.3.7
the mixed water temperature responses are shown in

Fig. 4.3.11. Although the identified model, could not
follow the variations on the system response, it is nearer
to it than the previous responses. The height responses
are indistinguishable from each other (similar to Fig.
4,3.3) due to the accurate estimate of ko' and have, thus,
not been presented here to avoid repetition.
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Table 4.312 shows the effects of varying R (the
weighting matrix associated with the errors between
the uncertainty and its nominal value) on the classical
least squares and the smoothed least squares estimates
of ko' The classical least squares technique is
insensitive to R due to the fact that the classical
least squares solution is obtained by setting the
uncertainty at its nominal value thereby setting the
contribution of the uncertainty to the overall
objecti ve function to zero. However, the smoothing
which gives the uncertainty values other than its
nominal trajectory, results in improved parameter
estimates of ko for lower values of R, whilst for
larger values, no improvement is achieved, as can be
seen in Fig. 4.3.6. This may be due to the idea that
with larger values of R, the product of the weighting
and the errors between the time-varying uncertainty
and its nominal value becomes so large that only
keeping the uncertainty at its nominal trajectory or
near to it will result in reduction of the objective
function. This means that the smoothing results in
no-change in model structure and the results will be
the same as or very near to the classical least squares
solution.

- 55 -



- 95— °

sy W [PRakk) | PRAGc) | PRB(D) PRB(2) PRB(3) PRB (4) PRB(5) PRB(6) NO. OF CP TIME
w.le.n:8. 1 s.x5.8° OVERAIL | SECONDS

1 0.1 | 0.9503 0.9555 | 1.000035 | -0.417798| 0.163557 0.325213| -0.314972| 0.00005 6 60

2 | 1.0 |0.9563 0.9616 | 1.000038 | 0.075223 | 0.017005 -0.01576 0.142853| 0.000036 3 27

3 | 10.0 | 0.9964 1.00058 | 1.000701 | -0.002792 | 0.001136 -0.002548 0.0008 -0.001471 5 14

4 |20.0 [0.99903| 0.9995 | 1.000112 | -0.462724 | o0.862462| 0.24245 0.21172 0.00006 11 86

5 [100.0 |0.99989 | 0.999925 | 1.00028 0.133447 0.4365 -0.278794 0.29219 -0.000148 12 120

Table 4.3.1 Results Obtained for Varying Values of W(1l) with W(2) = 0.5 and R = 20.0
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CASE| W PRA (k ) PRA (k ) PRB (1) PRB (2) PRB (3) PRB (4) PRB(5) PRB (6) NO. OF Ca P
(2) 2 = OVERALL | TI
CLASSICAL| SMOOTHED ITERS SECS
LEAST SQ.| LEAST SQ. " '
SOLUTION SOLUTION
1 0.1 0.99978 0.99985 1.00014 |-0.20665 |-0.014006 0.222378| 0.395018| 0.000048 3 26
2 0.5 0.9964 1.000058 | 1.000701 [-0.002792| 0.001136 | -0.002548| 0.0008 -0.001471 5 14
3 0.751.0.9927 0.9996 1.000107 |-0.003804| 0.000132 | -0.003238| 0.000168 |-0.00191 4 12
4 1.0 | 0,9883 0.9988 1.000182 [-0.004418| 0.000363 | -0.003799| 0.000648 |-0.002464 4 12
5 2.0 0.9748 0.9898 1.000196 | 0.938473| 0.415723 | -0.506618 |-0.446638 | 0.000347 9 | i i
6 5.0 | 0.9572 0.9773 1.000007 | 0.253418| -0.383442| 0.237888| 0.378242 | 0.000396 12 144
Table 4.3.7. Resulﬁs Obtained for Varying Values 05_Wﬁ2) with w(l) = 10,0 and R = 20.0.
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CASE ‘R PRA (ko) PRA (ko) PRB (1) PRB(2) PRB (3) PRB (4) PRB (5) PRB (6) 0.0F CP

C.L.S SMLS OVERALL | TIME
5 ITERS. SECS}.

1 1.0 0.9965 0.99994 | 1.000253 0.050834| -0.05518 | -0.27194 | 0.335478 0.000371 4 48

2 10 0.9964 1.000058] 1.000701| -0.002792]| 0.001136 ~-0.002548| 0.0008 -0.001471 5 14

3 20 0.9965 0.999 1.000231| 0,349457 -0.549379 0.746591| -0.144905| 0.000315 6 73

4 100 0.9965 0.9965 | 1.000003| 0.042942 -0,16252 0.011015 0.242383 | 0.000002 2 22

5 |1000 0.9965 0.9965 | 1.0 0.0 0.0 0.0 0.0 0.0 2 26

Fig.4.3,12. Results Obtained for Varying Values of R with W(l) = 10.0 and W(2) = 0.5 using

Chebychev-form Uncertainty.
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4.3.1b.

Sinewave form uncertainty

When the time varying uncertainty is approximated to
by a sinewave, thus

g =L X (A+B sin (CxT+D)

where A,B,C and D are the smoothing parameters whose
values are estimated by the smoothing problem using
the variations on the system observations, the
results obtained are summarised in Table 4.3.14 for
varying values of W(l) Table 4.3.18 for varying
values of W(2) and Table 4.3.22 for varying values
of R.

In all these cases the classical least squares
solutions are the same as those obtained in the
previous section for Chebychev form uncertainty.
This can be explained on the basis that regardless
of the form of the uncertainty, the classical least
squares solution which is obtained by setting-the
uncertainty at its nominal value will always result
in the same values for the same system since no
modification or compensation for structural
deficiencies has been made.

Figs. 4.3.15 and 4.3.16 show the height and the
mixed water temperature responses obtained for

Case 3 in Table 4.3.14. The system and model height
responses are indistinguishable since the correct -
value of ko has been &achieved by the identification
process. However the identified model hot water
temperature response does not follow the variations
on the corresponding system response but passes
through its average trend. When the weighting

o B0 -



matrix associated with the errors in the height
response is increased to 100 (Case 5) in Table
4,3.14, the correct value of ko has been achieved
as well as the variations on the mixed water
temperature response. Fig. 4.3.17 reflects the
model ability to predict these variations

although the height of these sinusoidal variations
is not the same as that of the system variations.

Now the mixed water temperature responses
corresponding to Case 4 in Table 4.3.18 are shown
in Fig. 4.3.19. The remarkable achievement of

the smoothed least squares technique is reflected
by the full agreement between the simulated system
and the identified model responses. The height
responses which are not shown here, since they are
similar to those of Fig. 4.3.15, are also
indist i nguishable because the correct value of

ko has been achieved by the smoothed least squares

technique.

On the contrary, for Case 6 where W(2) has been
increased to 5.0, inaccurate estimate of ko has
resulted in clear disagreement between the simulated
system and identified model height responses shown
in Fig. 4.3.20. For the same case, the mixed water
temperature responses are shown in Fig. 4.3.21.
Although some variations have been predicted by

the smoothed least squares technique, their
frequency and amplitude differ from those of the
system.

From this it can be said that weighting matrices

have a crucial effect on the outcome of the
identification process.
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Table 4.3.22 shows the effects of the variation of

R (the weighting matrix associated with the errors
between the value of the time-dependent uncertainty
and its nominal trajectory) on the parameter
estimates obtained by the classical least sgquares

and the smoothed least squares technique. Again, at
low values of R, the smoothed least squares technique
has yielded improvements in the values of the
parameter estimates obtained by the classical least
squares technique, whilst at high values of R (100,
500 and 1000) no improvement has been obtained. As
has been said in the Chebychev-form uncertainty case,
this may be explained on the basis that at very high
values of R, reduction in the value of the uncertainty
part of the objective function can be achieved by
keeping the value of the time-dependent uncertainty
as close as possible to its nominal value, thus the
weighted squares of errors are very close to zero.

Generally it can be said that with the sinewave form
uncertainty the smoothed least squares technique
results in slight improvements over the classical
least squares solutions for the parameter estimate

of ko. These improvements are of the same magnitude
as those obtained using Chebychev-form uncertainty.
The results obtained for varying values of W(l), W(2)
and R are almost identical to those already discussed
in Section 4.3.1a).

An important difference is the computing time required
by the identification process in the two cases. The
Tables show that, generally, the sinewave type of
uncertainty requires a larger computing time to
converge than does the Chebychev-type.
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_____ i PRE—— : ! 1
| |
CASE | W |PRA(k))| PRA(k)) PRB(1) | PRB(2) | PRB(3) PRB(4)  NO. OF C.P.
U T ; 1 OVERALL TIME
| | | ITERS. SECS.
1 0.1 |0.9503 | 0.9543 |  1.00 |-0.00067 | 0.000244  0.000437 3 51
' _________________ _h_____._____....i,ﬁ__________.__._ SR L SO SR : r
2 1.0 {0.9563 | 1.00043 | 1.000127,0.004362 | 0.031312 0.074486 & 16 255
| | ’ |
108 Seee - Sl L RETSEN . -
3 10 | 0.9965 | 0.999 1.000245 | 0.000966 | 0.625273  0.066669 6 197
4 20 |0.999 | 0.99994 | 1.008877| 0.009193|-0.001218  -0.873279| 16 240
5 100 |0.99989 | 0.99997 | 1.000143| -0.00468| -0.031304 | -0.72504 5 122

Table 4.3.14 Results Obtained for Varying Values of W(l) with W(2) = 0.5 and R =

for the Sinewave-form Uncertaintx.
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|

w | pRA(k )  PRA(k)) | PRB(1)

CASE i = PRB (2) PRB (3) PRB (4) NO. OF C.P.
i (2) C.1.5: S.1.8: OVERALL TIME
% ; ITERS. SECS.
| | l
1 0.1 | 0.999784 0.999784i 1.0 0.0 0.0 0.0 2 28
. | |
AL e | |
2 (0.5 | 0.996 0.999 1.000245 1 0.000966 0.625273 0.066669 6 197
BRSNSt T (I SRS SRR i S X ESIECTRE ., Sty (R ¥

e | |
4 1.0 | 0.9887 1.0008 1.000057| -0.007744 -0.031394 | -0.042036 % 4 97
5 2.0 | 0.9738 1.0022 1.000035| -0.009231 -0.031405 | -0.01309 i 8 228
6 5.0 | 0.9568 0.9648 1.000023| 0.005753 } 0.08992 -0.122755 | 10 840

j

Table 4.3.18 Resulgs Obtained for Varyin

g Values of W(2) with w(l) =

10.0 and R = 20.0

for ginewave-form

Uncertainty
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CASE R PRA(ko) PRA (ko) PRB (1) PRB (2) PRB (3) PRB (4) NO. OF C.P.

C.L.S. S.L.S. OVERALL TIME

ITERS SECS

1 1.0] 0.9966 0.9992 1.00021 |-0.0005789 |-0.103009 0.15303 4 102

2 10 0.996 0.999 1.000245 0.000966 0.625273 0.066669 6 177

3 20 | 0.996 0.9996 _—L;T;00181 =0.001755|-0.031263 | -0.109485 5 150

4 100 | 0.996 0.996 1.0 0.0 0.0 0.0 2 40

5 500 0.996 0.996 1.0 0.0 0.0 0.0 2 25

6 |1000 0:;;6 0.996 1.0 0.0 0.0 0.0 2 29
Table 4.3.22 Results Obtained for Varying Values of R with W(1l) = 10.0, W(2) = 0.5 for

sinewave-form Uncertainty.




Another important difference is the ability of the
smoothed least squares technique to produce accurate
estimates of the unknown parameter (ko) as well as
accurate estimates of the smoothing parameters given
the proper form of the uncertainty and the proper
weighting matrices.

Comparison between the two techniques

A comparison between the classical least squares
solution which takes place in one overall iteration,
and the smoothed least squares solution which
comprises of several overall iterations can be made
with reference to Figs.4.3.24,%4. .26, 4. .28, 4. .30
and 4. .32, In all these graphs, the values of the
parameter estimate ko (PRA) and the objective
function after each overall iteration (an overall
iteration is one which comprises of the solution
parameter estimation problem followed by the solution
of the smoothing problem) are plotted against the
number of overall iterations for the two cases of
sinewave form and Chebychev form uncertainties.

Each graph represents a set of weighting matrices.

Fig 4. .24which is for the nominal weightings, that

is, W(l1) = 10.0, W(2) = 0.5 and R = 20.0, shows that
most of the work of reducing the objective function

has been carried out by the classical least squares

and that further iterations whilst slightly modifying
the parameter estimate resulted in only slight

reduction in the objective function. The graph also
shows that with small numbers of overall iterations,

the use of Chebychev polynomial resulted in a better
parameter estimate and lower value of objective function.
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The resulting time dependent uncertainties are shown
in Fig4.3.25. Neither of the two forms of the
uncertainty is similar to the real sinusoidal variations

shown in Fig. 3.7.

For small value of W(l) Fig.4.3.26 shows the per-
formances of the classical least squares and the
smoothed least squares techniques. 1In this case
although the sinewave form uncertainty required many
overall iterations and thus more computing time, the
results obtained by the smoothed least squares
technique were remarkably better than those yielded
by the same technique but with Chebychev type
uncertainty. The smoothed least squares solution
using sinewave form uncertainty has improved signif-
icantly both on the parameter estimate (ko) bringing
its classical least squares estimate of approximately
0.9555 up to approximately the true value of 1.0 and
on the objective function.

In fact, the exact form of the uncertainty has been
produced by the smoothed least squares though its
amplitude is lower than the real value. On the other
hand, the use of Chebychev form uncertainty could not
yield the accurate form of the uncertainty.

For large value of W(l), Fig.4.2.28 shows the performance
of the classical kast squares and the smoothed least
squares techniques. As mentioned before, the classical
least squares yielded almost the accurate solution
leaving no work to be done by the smoothed least squares
technique which went through 14 overall iterations (for
the case of sinewave form uncertainty). With only five
overall iterations, the use of Chebychev form uncertainty
resulted in slightly better parameter estimate and
objective function.
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However although the improvement produced by the
smoothed least squares technique (in the case of
Chebychev form) on the value of ko has been slight
(due to the fact that the classical least squares
technique has already produced estimates close to

the accurate value leaving no room for much
improvement) good estimates have been obtained for
the coefficients of the sinewave form uncertainty
giving the time varying uncertainty in Fig.4.3.29b.
The use of Chebychev form uncertainty has contributed
to the improvement on the estimate of ko but could not
predict the correct form of the uncertainty.

Now when W(2) is increased to 5.0, that is, the
weighting of the errors between the mixed water
temperature system and model responses, the behaviour
of the two techniques is given by Fig.4.3.30. The
classical least squares estimate is not accurate, and
thus the smoothed least squares technique has gone
through several overall iterations (for both forms of
uncertainty) resulting in slightly improved estimates,
but not the accurate ones. The use of sinewave form
uncertainty has yielded better estimate and thus lower
value of objective function. The lengthy attempts of
the smoothed least squares to enhance on the value of
ko (in both forms of uncertainty) have resulted in
estimates of the smoothing parameters which have
produced the time-varying uncertainties shown in Fig.
4.3.31. Again, the use of the sinewave-form of
uncertainty has resulted in sinusoidal variations
similar to those of the system but of different wvalues
of amplitude and frequency. A better value of W(2)
which has resulted in accurate paramater estimates as
well as of uncertainty is 1.0.Fig.4.3.32 shows the
behaviour of the two techniques using both forms of
uncertainty. The smoothed least squares technique has

improved on the classical least squares estimate in
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both cases with a corresponding reduction in the
objective function. The use of sinewave form
uncertainty has resulted in better parameter
estimate and more accurate form of uncertainty

as shown in Fig. 4.3.33. Again the use of Chebychev
form uncertainty has resulted in accurate parameter
estimate but could not produce the accurate form of
the uncertainty.
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4,3.2.

SYSTEM WITH LOSSES TO THE ENVIRONMENT

The introduction of a heat losses term in the heat
balance equation causes more complication and

assuming the modelling process knows nothing about
this, there will exist structural deficiencies

in the model which will result in a non-faithful
representation. In this case, compensation for the
structural errors has been effected by the introd-
uction of time-varying uncertainty to the equation of
éo in addition to that attached to the hot water
temperature. The overall uncertainty comprises of

two parts; a sinewave variation at?ached to T, and

a Chebychev polynomial attached to To‘ The results
obtained by the identification process, which comprises
of the parameter estimation problem to estimate values
of the constant parameter (ko) and the smoothing
problem to estimate the parameters of the time-
varying uncertainty for varying values of weighting matrices

are summarised in Table 4.3.3%4.

P, o e s L T gr PRA(K )| PRA(K )| No. of overall
K, CLE | BB | Ttasattons
1 10 sl 20.0{ 1.0 1.003 1.001 6
2 | 10] 0.5 ] 200l1.0 1.027 | 1.0205 7
3 | 10] 0.75] 20.0] 1.0 0.986 | 0.9877 7
i |l 1.0) 20060014 1.159 | 1.062 7
s' | 20} 0.5 | 26.0l2.0 1.021 | 1.011 3
6 |10 | 0.5 | 20.0] 1.0 1.048 | 0.9992 6
i 10 0.5 100.01] 1.0 1.0923 1.0765 1 I

Table 4.3.34 Summary of the results obtained for the
system with heat losses.
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The first three cases show that as W(2) is increased,
the classical least squares estimate of ko becomes less
accurate and the need for smoothing becomes more

acute. Whilst in Case 1 the error in the classical
least squares estimate is only 0.3%, in Case 2 the
error rises to 2.7%, in Case 3 it becomes 14% and in
Case 4 it is 15.9%.

The smoothed least squares technique reduces these errors
to 0.1%, 2.0%, 1.22% and 6.2% respectively. Cases
2, 5 and 6 show the effects of increasing the
weighting on the errors in the height responses. As
W(l) is increased the value of k, obtained by the
classical least squares technique becomes more
accurate at first but for higher values of W(l) the
estimate becomes less accurate. The smoothed

least squares technique manages to improve on the
classical least squares estimate due to the ,nature
of the problem whereby the model is certainly not

a faithful representation of the system due to the
inherent system uncertainties.

Increasing the weighting on the errors between the
uncertainty and its nominal value has resulted in
less accurate estimates. In all these cases, the
true value of ko (PRA) could not be predicted and
only improved estimates have resulted from the use
of the smoothed least squares technique.

Now the height and mixed water temperature responses

of the simulated system and the identified model
corresponding to case 1 in the table 4.3.34 are shown in
Figs.4.3.35 and.3.¥respectively. Since accurate
estimate of k0 has been achieved the system and model
height responses are indistinquishable. The mixed

water temperature response yielded by the model does not
fit exactly into the system response and does not predict
its periodical variations. On the other hand
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responses corresponding to Case 4 shown in figs4.3.37 and 4.3.38
reflect the opposite effect. The system and model
height responses do not have good agreement (due to
inaccurate estimate of ko} whilst the corresponding
mixed water temperature responses reflect a reasonable
fit except for the periodical fluctuations which

have not been reproduced by the model. These two

sets of responses represent the smallest and the
largest values of W(2), and thus, give an insight

into the effects of using improper weighting values.
Similar responses have been obtained for small and
large values of W(l) but these are not being
presented here to avoid repetition.

Comparison between the two techniques

.

The performances of the classical least squares and the
smoothed least squares techniques are shown for cases
1, 2, 6 and 7 by figs.4.3.39 and 4.3.40 respectively.

Fig. 4.3.39 shows the performances of both the
classical least squares technique and smoothed

least squares techniquéﬁ?Bw weighting on the errors

in the model and system responses oftgixed water
temperature. Although the smoothed least squares
technique has contributed to the reduction of
objective function especially after the first and
second overall iterations, the converged value

of the parameter estimate differs_only little from
that obtained by the classical least squares technique.

In fig. 4.3.40 the contribution of the smoothed least
squares to the reduction of objective function is
very clear and exceeds that of the classical least
squares technique. However, the improvement due to

the smoothed least squares in the parameter estimate
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ko is not remarkable. The time-varying uncertainties
correspondinag to figs. 4.3.39 and 4.3.40 are shown in

£ig.4.3.41.

Fig. 4.3.42 which shows the effect of using large
value of weighting matrix on the errors in the
system and height responses shows some improvement
on the value of the parametér estimate ko due to

the smoothed least squares technique together with
some improvement on the value of objective function.
The use of smoothing has resulted in a very good
estimate of ko' This may be due to the idea that
with large emphasis on the errors in height response
which is related to the estimation parameter ko, the
technique tends to yield an accurate estimate so that
this part of the objective function which has become
dominant is reduced remarkably.

The effect of a large value of R is shown in figqg.
4.3.43, where although the smoothed least squares
technique yields some improvement, this happens
at a slow rate. After 10 overall iterations, the
improvement amounts to only about 1.6%, thus
requiring unaffordable computing time for total

convergence.

The time-varying uncertainties corresponding to these
two conditions are given by fig. 4.3.44.

In all these cases, the true value of the parameter

kcJ is normalised to 1.0. However, unlike the time
varying uncertainty which has been introduced into the
system discussed in sectiond4.2.1in which a perfectly
insulated system has been considered, the time-
dependent uncertainty here consists of two parts.

The first is similar to that used in section 4.3.1.
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where sinewave variations have been attached to
the hot water temperature. The second is the
introduction of the heat losses term into the system.
The resulting time-dependent uncertainties whose
coefficients have been estimated by the smoothing
problem consist of a sinewave part and a
Chebychev polynomial part. The introduction of
these uncertainties into the model has resulted
in improved parameter estimates and has served as
a compensation term to overcome model structural
deficiencies.
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Chapter >

VAPORISER SYSTEM

Introduction

Vaporisation is the process through which a non-ajueous
liquid undergoes a phase change by the addition of heat.
A distinction must be made between vaporisation,
evaporation and flow-boiling processes. The common
connotation of evaporation is the removal of water

from a solution by boiling, usually in a vessel, and
with d rawing the vapour, leaving a more concentrated
solution. It is one of the main methods used in the
chemical industry for the concentration of agueous
solutions. In flow-boiling processes, a flowing liquid
undergoes a phase change due to the absorption of heat.
These processes, which can be seen in a wide variety of
industrial environment, such as in steam generating
plants, take place whenever the boiler is either of the
recirculating or once-through type.

Unlike the evaporator, wﬁose function is the separation
of the components of a solution, the prime function of a
vaporiser is to effect a phase change in a non-aqueous
liquid. It is of a vertical structure with the working
fluid entering at its base under forced flow conditions.
The liquid is heated, usually with steam that provides
enough heat to fully convert the total liquid flow to
vapour by the time the fluid reaches the upper region of
the device.

In this research, which is concerned with the application
of identification techniques to real and simulated
processes, a pilot vaporiser is considered as the real
system from which real observations, required by the
identification processes, are obtained.
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The vaporiser rig was constructed at the department
more than ten years ago with the intention of
extending the limited knowledge of the class of

flow boiling processes of which vaporisers are

part thereof. Throughout its life span, the pilot plant
has passed through several stages of development.
Since Collins ( 1971) initiated its construction,
other workers (Collins 1971, Stephenson 1973,
Yiakoumettis 1974, and El-Taji 1975) were concerned
with the development of the system including the
implementation of a single loop direct digital

control scheme. But due to many physical
difficulties, as cited by E1-Taji (1975), none

of these works resulted in fully successful operation
of the system when under control. It was Ellis (1979)
who, after elaboration on the earlier vaporiser

models which always assumed perfect mixing conditions,
managed to produce a successfully functioning
vaporiser system with reliable hardware and able to
operate under direct computer control. With this
system, single or multivariable control may be used
together with the facility of opening or closing loops.

The computer control had been achieved by the use of
Ferranti Argus 500 computer, which, due to
technological advancements in the computer field, is
being replaced by process control I-MIC Kratos Instem
micro computer.

Plant Description

The overall structure of the vaporiser assembly is
shown in Fig. 5.2.1. The control element of the
system is the vaporiser tube, shown in Fig. 5.2.2.
and comprises of a glass tube sealed off at both
ends by brass flanges which are secured together by
steel rods. The heating part consists of two
concentric tubes, where hot water passes down the
inner tube and returns through the outer one whose
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lower end is blanked off. The hot water is drawn,
by a centrifugal pump, from a temperature-controlled
reservoir tank which has a capacity of 7.5 gallons
(34 litres approximately) and is well lagged, and
passes through the hot water control valve and a
rotameter to the heating tube returning back for
recirculation.

The hot water control valve is of the needle type
and is actuated by a stepper motor which is geared
to the cam spindle. The hot water flow rotameter
gives a qualitative indication of the hot water flow

but not accurate measurement.

A constant head tank supplies liquid freon to the
vaporiser tube. A centrifugal pump is used to pump
freon liquid from a bulk storage tank to the constant
head tank; the overflow being returned to the storage
tank. A ceramic primary filter is fixed in the line
from the storage tank to the constant head tank to
prevent dirt or scale present in the storage tank
from entering the system. A secondary ceramic filter
is encountered by the freon liquid on the line from
the constant hzad tank to the vaporiser tube to remove
any remaining particles which may have become present
in the system. Both of the filters are extremely
important components to prevent blockage of the freon
feed control valve. Other instr uments on this path
include two hand valves, a control valve, a rotameter
and a turbine meter. The freon feed control valve,
like the hot water valve, is of the needle type where
the needle is displaced by an eccentrically mounted
circular cam via a thrust arm, and is actuated by a
stepper motor. The two hand valves,located one on the
upstream side of the freon feed valve and one on the
downstream of the secondary filter, are incorporated
for easy removal of the filter or the valve during
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sysfem operation. Qualitative assessment of freon
flow is achieved by the freon rotameter as with the
hot water rotameter, whilst actual flow of freon is
monitored by the turbine meter.

As the liquid freon enters the vaporiser tube, it
receives heat from the heating tube and starts to
convert into vapour. The freon liquid boils at
47.6°C at atmospheric pressure, and thus, the hot
water which is at about 78°C is ideally suitable as
the heat source.

The freon vapour passes through the top of the
vaporiser tube to a cold water flow condenser, the
condensate being returned to the storage tank. A
measure of the vapour flow is obtained by passing it
through an orifice plate which has a mercury "U"

tube connected to it. Thermocouples are incorporated
with the intention of measuring the temperature of
the liquid present at the lower portion of the
vaporiser tube, the freon vapour at the upper section
of the tube and the inlet and outlet hot water flows.
All the thermocouples are made of copper constantan
material and are electrically insulated, The ambient
temperature is measured by a thermistor.

Freon vapour pressure is obtained by the use of a bridge
transducer at the top of the vaporiser tube whilst the
base pressure is obtained by the use of potentiometric
transducer positioned at the base of the tube. Freon
height in the vaporiser tube is obtained by inference
from the two pressure measurements.

The two valve positions are obtained by the use of two
circular potentiometers situated, one on each control

valve.
_79-



In a multivariable mode the measured values of
height and vapour pressure are taken as the control
variables - these being operated on by an Argus 500
control computer (which is being replaced by a

I-MIC Kratos computer system). The computer provides
control signals to two stepper motor actua tors for
the freon feed valve and the hot water feed valve.
Either measurement of the controlled variables can

be routed to either of the actuators with either or
both loops performing in an open or closed loop mode.

Instrumentation and computer control

Pressure Transducers:

The height of freon liquid in the vaporiser is
inferred from measurements of vapour pressure and
base pressure. Vapour pressure is measured by way
of a strain gauge bridge pressure transducer whose
positive displacement range of 0-30 ins.wg. out of
its overall range of + 30 ins.wg. is employed. A
nominal output of 1lOmv for an applied pressure of
30 ins.wg. is obtained with the input set at 3.93
volts, permitting the transducer output signal to
be read by the computer as a low level analogue input
of 0O-10mv.

Base pressure is measured by a wire wound potentio-
metric type pressure transducer of 0.2 psig. With
an applied 1lOv, an output signal of 0-10v enters

the computer as a high level signal giving measurement

of base pressure. Both transducers exhibit a high
degree of linearity.
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Final Control Elements

The two stepper motor actuated needle valves form
the final control elements. By virtue of their
nature as positional devices, a stepper motor is
stepped by output pulses from the computer without
the necessity of converting these pulses into
analogue form, and with or without the setting of
the direction line. This means that if a direction
bit is set (equals unity) the valve will open and if
it is not set (equals zero) the motor will close.

These pulses generate a switching operation energising

the motor stator coils leading to the desired step
rotation. A compensation network is used between
the driving circuit and the stator windings to make
amends for the inherent inductance in the stator
windings®’ and to shape the drive pulses for an
appropriate rate of rise.

The motor spindle rotates 3.75° for each computer
pulse and 330° of cam rotation is achieved for a
full cycle. The arrangement of the cam is so
arranged that a valve position of 2.5v corresponds
to fully closed valve whilst a reading of 7.5v
corresponds to fully open position. This arrange-
ment is implemented by the software so that whenever
a value outside the range 2.5-7.5v is encountered
during start up, rotation can be made so that the
working range is entered.

Thermistor:

A bead thermistor and its associated circuit are
used for ambient temperature measurement. To avoid
the effect of brief temperature fluctuations, the
thermistor is embedded in an aluminium block which
is positioned at the thermocouple cold junctions

so that the temperature of the cold junction can
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be determined accurately. An operational _
amplifier is introduced to enable the differential
voltage of the bridge network, to which the
thermistor is connected to obtain its value with
respect to zero. When the thermistor has been
calibrated, linear range was obtained only within
14-34°c. However, this range is adequate, since
the system is unlikely to be operated outside

this range of values of temperature.

Turbine Meter

This device contains a vaned rotor whose speed of
rotation depends on the velocity of the liquid
flow. The vanes break a light beam to a photo-
diode at a frequency proportional to the flow
velocity. When in use, the turbine meter must
always be inclined at an angle so as to ensure
that it is filled for all flows, otherwise, for
low flow rates, the turbine meter will not be
filled with liquid which may pass the rotor without
rotating it. The turbine meter exhibits a good
degree of linearity.

Temperature Control of Hot Water Supply

The temperature control of the heating tank operates
independently from the process computer control
loops. The purpose of thégmgggggggéis to keep the
hot water supply at constant /within certain limits.
Thus, as heat is lost by hot water either to the
surroundings or to the system, the control circuit

comes into effect and compensates for these losses.
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The heater control circuit is shown in Fig.5.2.2b
Power supply to the immersion heater which is used
to heat the water is controlled by a pulse fired
triac. The temperature of the hot water is

sensed by a thermistor which forms one of the

four arms of a resistive bridge. Another arm

is formed by a resistor which is used to set the
temperature at which the hot water is to be
maintained. The remaining two arms form an equal
rate arm across the 4v D.C. bridge supply. The
bridge output voltage forms the input to an
operational amplifier whose gain is such that a
temperature change of about 2° causes an output
voltage change of O to +5v applied to the control
input of the pulse firing zero crossing switch
shown in Fig. 5.4.1. The resistor R determines

the rate at which the voltage produced by the

ramp generator rises. 1In the vaporiser operation
R has been adjusted to give a cycle time of 0O.5secs.
When the output voltage reaches +5v the ramp resets
to Ov and restarts. The comparator gives a logic
0 when V_ < Vramp and a logic 1 when V OV ramp.

A positive pulse is produced by the zero crossing
detector at the beginning of each half cycle of

its a.c. supply. The triac is triggered by the
output of the AND gate. Since the mains supply
which operates both the heater and the zero crossing
detector has a frequency of 50 Hz, a maximum of 25
cycles are admitted to the heater in each 0.5 secs.
ramp generator period. If the water temperature is
more than 1°C below the required temperature, the
system is adjusted to provide full power but when
it is 1°C above that required, the power is
linearly reduced to zero.
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During rig operation, heat is lost by the hot
water to the process causing the inlet hot water
temperature (the temperature of the hot water
returning to the tank) to be less than the outlet.
In addition heat is being lost to the surroundings

. causing the outlet hot water temperature to settle

between the 1°C limits. In fact, the present
resistor in the bridge circuit has been adjusted

to yield hot water outlet temperature of about
78°-80°C.

These temperature fluctions have a direct effect
on the vapour pressure inside the vaporiser tube.
It is likely that the apparent periodical
fluctuations on the vapour pressure response are
caused by these temperature fluctuations. So far
these fluctuations have been ignored in the
modelling processes on the assumption that their
effects are negligible.

In this research, an attempt is being made to
account for these variations by attaching to the
hot water temperature a time-dependent entity

on the assumption that ignoring them causes model
structural errors. This implementation will be
discussed in Chapter 6.

Computer Control

The software package of the vaporiser system for
use on the Argus 500 computer (which is being
replaced by I-MIC Kratos computer) had been
started by earlier workers but was completed

by Ellis (1979). The programming was done in
Astral - one of the languages of Argus.
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The control program accepts analogue inputs
from the vaporiser instrumentation via an ADC
interface and after manipulation, supplies the
relevant control signals to the actuators. The
program includes facilities for data logging,
plotting and printing as well as a conversational
mode which allows an operator to set flags and
adjust parameters during the running of the
system.

The program suit consists of two separate sub-
programs; the foreground program andﬂﬁﬁckground
program. The foreground program contains the
main activities of the computer and consists of
six separate routines; the organiser routine,
the initialisation routine,the control routine,
-the stepper motor routine, the plotter routine
and the logging routine. The background program
contains the conversational facilities. Ellis
(1979) gives details of these two programs with
a full description of the function of each
routine. Facilities obtained with this program
suite include single or multivariable control
and open or closed loop operation.

Open Loop Response

The usual method to operate the system in an open
loop mode has been ‘to adopt the following procedure:

1) the vaporiser is first operated under closed
loop mode. For this purpose the required
setpoints are fed into the computer together with
the gains and the integral action times of the
two control loops (these are required by the
control algorithm employed by the computer).
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The computer is left in this mode until the system
settles down (a continuous monitoring is obtained by
an on-line teletype which outputs selected results
at intervals of 10 seconds apart).

2) Once the system settles down to a steady state
condition, the last few position values of the two
stepper motors are averaged out.

3) These average values of the two stepper motor positions
are fed into the computer as new set point values.

At the same time the closed loop control is abandoned
and the system is operated under an open loop mode,
until a steady state condition is reached.

4) A step change in one of the two valve positions is
applied and the system is left to operate under this
open loop mode for a certain period of time. The
responses obtained for the freon liquid height and
vabour pressure are the open loop responses of the
system.

Since, for identification purposes, only open loop
responses are required, the vaporiser rig has been
operated under different conditions in an open loop
mode following the procedure above. The conditions
under which the system has been operated included
variations in the environmental conditions, such as
atmospheric pressure variations, ambient temperature
and freon feed temperature. Under the same environmental
conditions, responses were also obtained for different
changes in the two control valve positions, as well as
the initial steady states.
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In the next chapter, some of these responses will be
presented to provide real observational data needed

for identification purposes. The model of the

vaporiser system, which is discussed in Section(5.7.1. )
is operated under the same conditions in order to compare
the model performance with that of the real system.
However, for the sole purpose of shedding some light

on the behaviour of the vaporiser, Figs. (5.2.3) and
(5.2.4) which show the vapour pressure and the height
responses, are presented. Starting from steady state
conditions with a height of 0.lm and vapour pressure

of 10' wg, a 20% step change was applied to the freon
feed control valve. As more freon entered the vaporiser
tube,' the heat available from the hot water was

diverted to heat the incoming flow, causing an initial
drop in the vaporisation process, and consequently, an
initial drop in the vapour pressure before it rises to
its new value, causing a non-minimum phase response to
occur. This is clearly shown in the vapour pressure
response. Of importance in these responses is their
oscillatory nature despite their overall trend of

rising with time. The causes behind these oscillations
are for speculation. They may be due to the bubbling
nature of the boiling processes, or to unknown
disturbances within the system. Certainly, the hot
water temperature which exhibits some sort of variations
may have some effect on this. For these reasons, the
identification process is of prime importance especially
on such systems which exhibit unpredictable variations.
In the next Chapter, which is concerned with the
identification of the vaporiser system, this problem
will be dealt with and solutions will be attempted.
However, it must be emphasised here that the identif-
ication process cannot uncover the right causes of these
disturbances but, rather, the engineering judgement
regarding these causes will contribute greatly towards
overcoming their undesirable effects.
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Vaporiser System Models:

When modelling a dynamic system, the assumptions
made about its behaviour play a crucial role in
determining the nearness of the model to reality.

The vaporiser system is of the flow boiling class,
but the working fluid flow rates encountered are
very low. This state of affairs allows for the
assumption that two distinct regions of perfectly
mixed pure liquid and also perfectly mixed pure
vapour exist in the vaporiser. Earlier workers

on the vaporiser system developed mathematical
models making use of this assumption. But in flow
boiling processes of high flow rates, consideration
is given to the existence of a two-phase region with
liquid and vapour together in a simultaneous flow.
A simple technique based on this assumption is
provided by homogeneous flow, whereby no relative
velocity is taken to exist between the phases.
Ellis (1979) presented these two groups of
vaporiser system models with only limited attempts
made at model simplification (the two groups being
those models based on the assumption of the existence
of a two phase region). Using the perfect

mixing assumption, three types of models were
developed, the first was based on the assumption
that freon boiling temperature possessed fast
dynamics, the second based on the assumption of
slow boiling dynamics and the third considered

the heating tube in its actual construction of
concentric tubes. The homogeneous models were
then examined for fast and slow dynamics. The
system model considered by Ellis for either
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group is essentially a two input/two output model,
with the control signals to the valves as the
inputs and the measured variables of freon ligquid
height and vapour pressure as the outputs.

In this research only perfect mixing, fast boiling
dynamic model is considered. This is because the
identification process is a lengthy procedure

due to its iterative nature, and if highly complicated
models are considered, convergence may not be
guaranteed within the limited computing facilities
available. On the other hand, this relatively
simple model of the vaporiser reflects the general
behaviour of the system, and, at the same time,
suffices for the purpose of investigating the
performance of the identification techniques of.
interest. If needed, the results obtained

using this simplified model may be extended to

the models mentioned above which were developed

by Ellis.

Also Ellis (1979) found that the simple model was
adequate for control system design purposes.

A e s Perfect Mixing Model - fast dynamics assumptions:

For this model, the operation of the plant is
shown by the schematic diagram in fig. 5.2.2.

In this diagram two distinct regions of pure
liquid and pure vapour are taken to exist,

with the heat provided by the central tube. The
assumptions underlying this model are:
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(1)

(2)

(3)

(4)

(5)

(6)

Perfect mixing takes place between the
boiling liquid and the freon feed as soon
as the incoming flow enters the tube, i.e.
an average freon temperature is assumed.
This is the basic assumption of this
model type and is justified on the
grounds of low fluid flow rate which

give the incoming liquid time to mix
properly with the boiling liquid present
in the vaporiser tube due to the
turbulent nature of the boiling process.

The freon liquid height in the vVaporiser
tube is well defined i.e. sharp
distinction exists between liquid and
vapour.

Due to the low flow rates considered,
momentum effects are negligible.

The heat losses to the vaporiser structure
and vapour are either of negligible

amount or are included in the heat

losses term.

Vapour and liquid contents are in equilib-
rium. Hence, majority of heat losses
occur in the liquid section, and,

liquild density, specific heat and latent
heat of vaporisation of freon liquid are
constant. Due to the small temperature
variations at any given operating point

this assumption is justified.
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(7) The heating tube is of single tube
construction with the hot water entering
from the base and leaving from the top
of the tube. The actual tube is formed
from two concentric tubes, with the hot
water entering through the central
tube and leaving through the outer.

This can be justified on the basis that
the heating tube runs down to almost the
bottom of the vaporiser tube, thus
enabling the hot water to flow upwards.

In addition to these assumptions, the heat

flux into the freon liquid is assumed to be
determined by freon level in the vaporiser.

The heat flux is considered to be used in the
following ways: part of it is used to raise

the temperature of the incoming liquid to the
boiling point, part is used to provide the

latent heat of vaporisation and the remainder

is lost. If, for example, a step change is
applied to the freon flow in order to increase

the vapour pressure, then part of the heat is used
to supply latent heat to the increased liquid

flow resulting in a reduction of vaporisation

and hence a transient drop in vapour pressure.

This pressure drop allows the liquid level to

rise even faster and continues until the
vaporisation rate again builds up (due to

the increased heat transfer area) increasing

the pressure until, together with the hydro-
static head, it balances the inlet pressure.

The heat balance of the liquid in the model derives
from this proposition and thus involves the pre-
supposition that the boiling dvnamics are very fast.
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Valve Characteristics

Both valves have a non-linear relationship between
valve position and flow of the form

Ry = & (VBy). @ ... Be5.1.
Ay =y (VBy) o eise 515.2,

where VPl and VP, are the valve positions of the
freon feed and hot water feed valves respectively.

R,1 is the relative aperture for the freon valve
and Q. is the hot water flow.

Freon Inlet Flow

The equation of flow through the inlet pipe
and freon valve is obtained by combining the
equation of flow (Coulson, 1964) through the
inlet pipe (ignoring the dynamic term since
the time constant is small) and the equation
of flow through a valve (Franks, 1972) thus

QL = «/bl ~Fp 5. 500,

Kl + K2/RA12

freon flow  (m>/S)

where QL =
P; = the freon valve inlet (N/mz)
K, = the inlet pipe constant (SI units)
K2 = l/Czd, the valve constant (SI units)

Vaporiser Base Pressure:

The pressure at the vaporiser base is taken to
be the sum of the vapour pressure P, and the
pressure due to the head of freon liquid in the
vaporiser, i.e.

Pp =P +€ng 5.5.3.
where

= density of liquid freon (k /m3)
L g
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gravitational constant (m/Sz)

height of freon liquid in the vaporiser (m)

N O
Il

Vapour Outlet Flow

It is assumed that the vapour outlet friction
factor is substantially constant where the
following equation is used to calculate the
vapour flow:

Qv = the vapour flow (m3/S)

eg = density of the vapour (kg/m3)

= vaporiser downstream pressure (N/mz)

T, = the saturation temperature of liquid freon
at pressure, Pv (oK)

Vapour Mass Balance:

Mg =05 - 00, 5.5.5.
where
Qg = Mg/ (Vo14~RAy2) 5.5.6.
where MG = the mass of vapour present in the
vaporiser (kg)
Qg = the boil-off rate (m>/S)
)" = the total internal volume of the
olv 3
vaporiser (m7)
Av = area of vaporiser (m2)
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Equil{brium Relationships:

Due to the equilibrium assumptions of the model,
the vapour temperature is the same as the
boiling liquid temperature and will be the
saturated vapour temperature. The temperature
and pressure of the saturated vapour is related
to the vapour {; by the following relationships:

Too= 25 (f) 6557

By g ) 5.5.8.

Using the available data, the following linear
relationship is obtained when vapour pressure

P is plotted against vapour density (Ellis 1979)
P, = (-0.79 + 0.0148() . 10° 5.5.9.
Also from the plot of P against log (FQTB),-the
following relationship is obtained over
the operating range of interest:

0.971

B, ®i53.7 (£ Tp) §.5.10.

Liquid Mass Balance

Applying the principle of the accumulation of
liquid mass in the vaporiser tube gives the
following differential equation:

. = (9, - Q) 55,11,

A
v
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Boil-Off Equation

The assumption that the heat input is instantly
used for sensible and latent heat of vaporisation
together with an amount of heat lost yields

the following boil-off equation (Franks, 1972):

=M - - - —
Qp =YD zH, (T -Tp) -¢;Q;Cy(Tp-T;) - L,

LA 5.5.12

where

Do diameter of the vaporiser tube (m)

Tw = the hot water temperature (oK)

H = heat transfer coefficient (SI units)

Cy = specific heat of liquid freon at constant
volume (3 /kg°C)

T = freon inlet temperature (oK)

LA = the losses to the surroundings J/S

A = latent heat of vaporisation of freon

J/kg

Hot Water Heat Balance:

According to the assumption that heat is
supplied by a single tube at the centre of the
vaporiser, hot water flows uni-directionally,
that is, water flows from the bottom to the
top of the vaporiser.

d ('i"rzch(’wTw) = rate of heat flow in
o - net heat flow out across boundary

- heat flow to freon

The heat balance equation, after manipulation
(Roberts and Ellis, 1977) becomes:
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i

w = Qe (To~T) - 2.H (T, - Tp) 5.5.13
2 = =
Mrez GC(’w
where r = radius of the heating tube (m)
C,= specific heat of hot water (J/kgc’c)

T,= hot water inlet temperature (oK)
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5.8

Computer Implementation

The mathematical model presented in section (5. 7./)
of the vaporiser system has been simulated on the
CDC 7600 computer to be used as the basis for the
identification process. The model consists of a

set of algebraic equations and a set of linear

and non-linear differential equations representing
the state variables of the model. The algebraic
equations include equations to calculate variables
such as vapour density ( eg), vapour pressure (Pv),
boiling temperature (TB), vapour flow (Q ), freon
valve relative aperture (RAl), hot water flow (Qw),
base pressure (Pb), freon inlet flow (QL) and

boil off flow (QB). Since the two control valves
have non-linear characteristics, data obtained

when calibrating them are used to interpolate the
values of R,, and Qy which correspond to the two valve
positions Vb1 and Voo The differential equations
represent the state variables of the system which are
mainly the freon height (Z), the mass of the vapour
(Mg), the hot water temperature (Tw)' (inside the
heating tube which is different from that of the hot
water tank due to the loss of heat to the freon and
other losses) the measured value of the base
pressure (MPB) and the measured value of the vapour
pressure (M,,). The measuredvalue of height (M)
is inferred from these two measurements which
represent the outputs of two pressure transducers
and cannot be considered an output of a height
transducer since it cannot be measured directly.

The system has been simulated using the subroutine
MODEL which is contained within a program VAPOUR.
In this program, values of the various constants
and variables of the vaporiser system are read in.
Thesevalues include dimensions of the vaporiser
tube, valve constants, physical properties of
water and freon, data defining the valves

= gg s



characteristics, setpoints and atmospheric dependent
variables. Initial conditions are then calculated
using the available steady state data. Valve
characteristics are dealt with by subroutine FUNC
(See Appendix 4 ).

The open loop responses of the model are obtained by
the use of an integration procedure. The process is
started by applying a step-change to one of the two
valve positions (which are normalised to lie in the
range O-1). This step change causes changes in the
values of the variables leading to changes in the
derivatives of the state variables (at steady state
conditions, the derivatives have the value of zero).
The integration procedure (which must be chosen to
suit the particular case) uses these derivative
values to calculate new values of the state variables.
This process is continued until the time span is
covered yielding the behaviour of the state variables
over this time span which characterises the vaporiser
system.

The integration process employed here is the NAG
subroutine D@ 2AJF (which has been used in Section 4.2)
which integrates a system of first order ordinary
differential equations over a range using a divided
difference formulation of Gear's method (1957) for

stiff system of equations (for details see Appendix 2 ).
This is a step-by-step integration procedure and

requires the specification of the required integration
accuracy (in any case it must not be bigger than 10~ °).
The routine chosses the step size and the order of the
method to try to obtain the specified accuracy with
minimum computation. As has happened in this research
work, the use of larger values of integration accuracy
will result in inaccurate, and may be, meaningless

results.
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In this research, in which interest is focussed on
open loop responses for the identification process
different steady states conditions are considered
whereby a step change is applied to one of the two
control valve positions, and the ensuing responses
embarked upon and compared with the corresponding

real system responses obtained under the same
operating conditions. Details of this will be given
in the next Chapter, but an example of such conditions
is given here with the intention of conveying an
overall picture of the expected form of responses.
Fig. 5.8.1 shows the open loop responses of freon
height and vapour pressure. They were cbtained when
operating the model under the same conditions as

those mentioned in section (5.7) whereby the steady
state values of freon height and vapour pressure

were O.lm and 10'w.g. respectively, atmospheric
pressure of 1.02245 bars, T, = 295.74°K, and
subjecting the freon feed valve to 20% step change in
its steady state position. The freon height response,
as expected, rises steadily due to the increase in the
incoming flow whilst the vapour pressure response
exhibits the non-minimum phase phenomena for about

30 seconds and then starts to rise sharply due to the
rise in the freon height and the subsequent decrease
of the space available for the vapour causing this
sharp increase in the vapour pressure.

Fig 5.8.2 shows the freon height and vapour pressure
responses, under the same conditions as above, for a
20% step change in the hot water valve position.

The immediate effect is a sharp rise in vapour pressure
due to the sensitivity of vapour pressure to changes

in hot water temperature. The height diminishes

slowly from its steady state value due to the higher
rate of vaporisation caused by the increased inlet
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heat of the hot water. However as time drags on,
the vapour pressure drops due to the fact that as
the liquid height diminishes there is less heat
transfer area, and consequently, a reduced boil-off
rate and an eventual drop in vapour pressure from
its transient level.

However, when comparing the model and system responses
an obvious difference is the oscillations on the system
responses which are not apparent on the smooth model
responses. Although boiling processes are of bubbling
nature, a feature to which such oscillations may be
attributed a deeper and more elaborate account must

be made of this phenomenen. Possible reasons for

such undetected disturbances are; inaccurate model
parameter values, such as the heat transfer coefficient
between the heating tube and freon liquid, or model
structural deficiencies. These problems will be dealt
with extensively in the next Chapter.

Initially, model parameters were calculated using
steady state relationships. For example, the steady
state value of H . is calculated using the following
equation:

Htc o QL‘ ﬁ. [Xd‘ CV (TB . Ti’]

m.D.Z (TW i TB)

It remains to see whether the identification process
of the next Chapter will yield the same parameter
estimates especially after compensation for the
apparent model dif iciencies.

Closed Loop Control

The multivariable control algorithm devised by
Ellis (1979) for the vaporiser has been very effective
in controlling the two interacting state variables,
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Hp, and Py- When operating the vaporiser rig in a

closed loop multivariable control mode (Fig.5.9.1)

the system seemed to respond easily to set points

step changes, and eventually settled down to the
required setpoint. When this multivariable control
algorithm was simulated on the CDC 7600 computer

in conjunction with the open loop model, the responses
obtained for Hy and Py, to a 20% change in the height
setpoint (i.e. Spy changed from its steady state

value of O.1lm to 0.12m) are shown in Fig. 5.9.2. The
height rises from its steady state value trying to
achieve the new setpoint, but it seems that it is

quite oscillatory and it probably needs a longer time

to settle down close to the setpoint. However, the
pressure response displays only small departures from
its desired value. The model height response is in

fair agreement with that of the system although settling
time is achieved earlier. However, the model does
indicate the behaviour of the system for setpoint changes
for most practical purposes.

Fig 5.9.3 shows height and vapour pressure responses

for a 20% step change in vapour pressure setpoint. The
behaviour of the model compared to the plant is not so
encouraging. The vapour pressure response of the model
does not agree very well with that of the real system
which achieves the desired value in a relatively short
time. The height response of both the model and the
system only deviate slightly from the setpoint. The
responses show that when the height drops slightly,

the pressure drops accordingly supporting the argument
that an opening of the hot water valve results in a rise
in vapour pressure only to see a fall in height due to
boil - off with a consequent reduction in vapour pressure.



However, the multivariable algorithm does not allow
the height to fall, the freon valve acts to compensate
for the height fall.

The open and closed loop system and model responses
are in full agreement with those obtained by Ellis
(1979). 1In fact, the open loop system responses
discuss ed in Section 5.7 are those obtained by Ellis.

In the next Chapter where identification of the
vaporiser system will be discussed, five different
operating conditions including the one discussed
here will be dealt with. \
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Chapter 6

VAPORISER IDENTIFICATION

Introduction

The need to identify the vaporiser model arises

from the desire to achieve accurate representation
of the real system by the mathematical model.

Of course, the mathematical model is based on
knowledge of basic laws of Physics and Chemistry
relevant to the system. However, this knowledge

is not always complete especially with systems of
relatively complex structure. After all, assumptions
made about the system, often leading to simplification
and approximation, play a significant role in
degradation of modelling procedure. Simplicity

is a notion whereby a researcher attempts to
describe a high-order system (or equations) in a
much lower-order form accepting the inevitable
incurring errors. An example of this being Ohm's
law which 'can®' be of a. higher order than is commonly
known. Another example is where a set of data

which seem to follow a straight line are joined

by a straight line disregarding what may take place
between each set of two points. It may be

argued that such decisions are dictated by common
sense, but it remains to determine the closeness

of common sense to reality. Identification process
is of paramount importance in such situations where
discrepancies exist between model and system
behaviour which may be due to inaccurate parameter
estimates or structural deficiencies. In section
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5.8 model open loop responses were presented and
compared with corresponding system responses.
Although both sets of responses were following

the same trend, the oscillation on the system
responses were not predicted by the model. Further
cases which will be presented later in this
chapter will reflect clearly the discrepancies
between the system and model behaviour. In all
these cases the system and the model are operated
under the same conditions, that is, initial
conditions, step changes in valve positions,
atmospheric pressure, ambient temperature,

etc. under which the system is operated, are fed
into the model. Causes of these discrepancies

are not known, but assumptions about them can be
made which have to be validated by means of
experimentation. Where parameters which cannot be
measured directly exist, as is often encountered,
especially when heat transfer is involved, inaccurate
estimates of their values may lead to inaccurate
responses of the mathematical model. Furthermore,
deficiencies in model structure, which are often
due to lack of knowledge leading to either invalid
assumptions or approximations, have serious
consequences on model behaviour which may, to some
extent, differ from that of the system. In many
practical situations, comblnation of these causes
exist and complications arise when estimates of
constant parameters are obtained using model
formulation which is in error. Since pin-pointing
to the exact causes is not always possible, a method
which minimises the sensitivity of the model to
structural errors must be devised. The algorithm
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due to Roberts and Leal (1980) discussed in chapter
2 separates the overall identification
problem into a parameter estimation problem
concerned with finding estimates of constant
unknown parameters, and a smoothing problem whose
task is to approximate to the structural deficiencies
which often result in a time-dependent variation by
a time varying entity, the nature of which depends
on the nature of the apparent variations on the
system observations. This time-varying entity

may be approximated to by a time-varying
uncertainty whose parameters are estimated by the
smoothing problem as discussed in Chapter 2.

In the vaporiser system, the discrepancies between
the system and model responses may be attributed

to incorrect estimates of certain constant parameters
such as the heat transfer coefficient (H ) between
the hot water flow and the freon liquid in the
vaporiser tube. The seemingly periodic variations
on the vapour pressure response may be attributed

to variations on the hot water inlet temperature

(Ty) since vapour pressure is sensitive to hot water
temperature variation. To reduce model sensitivity
to these hidden variations, a time-varying uncertainty
is attached to the hot water temperature based on the
parameterisation concept proposed by Georgantzis
(1977) . The overall identification process had, thus,
been transformed into a joint problem of parameter
estimation and smoothing problems which can be

solved separately and iteratively in a similar
fashion to that adopted in the identification

of the mixing tank system.
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However, unlike the mixing tank system, some of

the steady state values of the vaporiser model

are functions of the estimation parameter (Htc).
This means that the initial conditions of the

model are part of the identification problem, that
is, they will vary as the parameter estimate varies
in each iteration. This requires the recalculation
of the steady state conditions for each value of
the estimation parameter, otherwise the supposedly

more accurate estimate of H o may not be so when

; o
starting the model from different initial conditions.
This idea has been incorporated into the identification

process and has proved fruitful.
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Open Loop Responses

The identification procedure requires open loop
responses obtained for the real system, together

with a model which is to be identified when both

the system and model are excited with the same

input. What is of significance here is the transient
part of the response which characterises the system's
dynamic behaviour. When model response agrees
satisfactorily (i.e. according to a certain criterien)
with that of the system, the model is said to be
"identified".

In section 5.8 open loop responses obtained for the
system and model under one set of operating
conditions were presented and compared. The
discrepancies between the two corresponding sets

of responses were mentioned. In this section,

open loop responses of the system and model obtained
under various operating conditions are presented and
discussed. In all, five different conditions are
considered. The differences between these conditions
are in the initial conditions, the step changes in
valve positions, atmospheric pressure, ambient
temperature and slight changes in hot water inlet
and outlet temperatures, inlet freon flow, steady
state valve positions, heat transfer coefficients,
heat losses, valve constant, outlet friction factor
and hot water valve characteristics. It has been
found that whilst the freon valve characteristics
remained unchanged for all the operating conditions,
the hot water valve was found to possess three
slightly different characteristics due to some changes
in the mechanism of the valve motor and structure.
In each case, valve calibration was obtained and fed
into the model simulation.

- 109 -



For the five cases involved, the hot water valve
characteristics are shown in fig. 6.2.2. where

cases 2 and 3 and cases 4 and 5 have the same hot

water valve characteristics. The freon valve
characteristics are the same for all cases. (Fig. 6.2.1.)

Table 6.2 gives, for the five different operating
conditions, the atmospheric pressure (PA), ambient
temperature (TA), and the steady state values of
liquid freon height (SPICH)' vapour pressure (PV),
inlet hot water temperature (TCHWI)' outlet hot
water temperature (TCHWO) and freon feed flow (QL).
It also gives the calculated values of KG KZ'Htc'
and L, using steady state calculations. Open loop
responses obtained under these different operating

conditions are as follows:
B2l CASE 1

Under the conditions summarised in Table 6.2

a 20% step change was applied to the freon feed
valve position, and the transient responses

of H, and P,, were recorded by the teletype
which was connected to the Argus on-line
computer.

The model simulation has been subjected, under
the same operating conditions, to a 20% step
change in freon feed valve position (VPl), and

the transient responses of H_, and Pv were

4
calculated.
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< Pa Ta SPICH SPICP 2 TCHWI TCHWO ‘331. Kq HJC IA Kzi
CASE N/&nz O m w.d. 2 Ok OK m3 /S SI unitd W/m /OK J/s ST uniits
" 1.4166 13.85
102245 295,74 0.1 10.0 0.37002 | 352.64 | 349.98 | 1.64E-6| E-6 1835.7 | 113.68 | E14
2.2208 7.14
101653.0 293.47 0.1078 9.79 0.63 352.38 | 350.38 | 1.81E-6| E-6 2080.0 44.812| E14
1
- 1.8554 7.14
B3 101653.0 293.47 0.1102 10.02 0.634 352.3 350.23 | 1.53E-6| :°2 2125.0 | 138.77 | El14
] ;
1.6641 7.14
100400.0 293,47 0.1405 9.38 0.464 352.1 349.8 | 1.328-6| “.°° 1498.8 | 140.58 | E14
1.9467 7.14
5 100400.0 293.47 0.1306 9.21 0.562 352.01 | 350.1 | 1.53E-6| "¢ 1490.4 52.121] E14

Steady State Values as Measured on the Vaporiser Rig under Five Different Operating Conditions

Table 6.2.
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Both the system and model responses have been
plotted in figs. 6.2.3. and 6.2.4. The graphs
show clearly the "bubbling" nature of the
responses whiéh could not be predicted by the
model which has been operated under the same
conditions.

The parameter value (H ) used in the model is
that obtained from steady state calculations
using Egqn 6.3.1. In this case Htc = 1835.7
SI units. In the model this value has been

normalised to 1.0.
6!2.2- CASE 2

The vaporiser system was operated under the
conditions summarised in Table 6.2 with the

hot water valve characteristics as shown in

fig. 6.2.2. The system, whilst in a steady

state condition, was subjected to a 20% step
change in the position of the freon feed

valve, and the ensuing height and vapour

pressure responses were recorded by the computer-
operated teletype for a running time of 500
seconds.

The model was subjected to the same disturbance
under the same conditions with the hope that

the model would predict the system behaviour.

The system and model responses have been plotted
N EXg8. '6:2.5. and 6.2.6:
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6.2.3.

6.2.4.

The Htc value used is the steady state value
and is equal to 2080.0 W/mz/oK which, for

identification purposes, is normalised to 1.0.
CASE 3

Under the same operating conditions as those in
Case 2, the system was subjected to a 40% step
change in the freon feed valve position, thus
allowing more freon to enter the system. The
resulting transient responses of Hp, and P, were

\
observed over a 500 secord period.

The model was operated under the same conditions
and subjected to the same step change and the

responses of H,, and Py recorded. Both system

x
and model responses have been plotted in figs.

6.2.7. and 6.2.8.
Again the Hy . value is that obtained from the

steady state calculations using the information
in Table 6.2. In this case, H = 2125 W/mz/oK

tc
and is normalised to 1.0.

CASE 4

The vaporiser was operated under a new set of
conditions as shown in Table 6.2. 1In this case,
this new set of values was intended to serve

two purposes: the first is that a new operating
condition would be obtained which would enable
investigation into whether the parameter
estimate (ko) depends on the operating conditions
and the other is to operate the vaporiser

under easily achieva ble set of conditions. The
open loop responses have always been obtained in
the following way: the vaporiser is first
operated under multivariable closed loop control
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6i2.5.

until the set points are achieved. The average
positions of the two control valves are then
calculated. The vaporiser is then operated in
an open loop mode with the two valve positions
fixed at the average positions obtained from
closed loop operation. In this case, the
vaporiser was operated in a closed loop mode
with height setpoint at 0.13m and vapour
pressure setpoint at 10"w.g. Certainly a higher
liquid level will make the required vapour
pressure of 10' w.g. easily achievable. The
rig was then operated in an open loop mode,

and when subjected to a 20% step change in the
freon feed valve position, the system responses
obtained are shown in figs. 6.2.9. and 6.2.10.,
together with the responses obtained when the
model was operated under the same set of
conditions.

The wvalue of Htc obtained from steady state
calculations is equal to 1498.8 W/mz/oK and is
normalised to 1.0 when identification process

is carried out.
CASE 5

The system was operated under the same conditions
as those in Case 4. When in the steady state
conditions given in table 6.2, a 20% step change
was applied to the hot water valve position,
thus increasing the amount of hot water flow
into the system, and, consequently, the amount
of heat available to the liquid freon. As
expected, the system resporse shows a sharp rise
in vapour pressure immediately after the
application of the step change followed by a
gradual drop. This is due to the fact that
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with a constant freon feed flow, an increase in
the hot water flow will cause more freon boil-
off causing a drop in the freon height. This
results in a larger volume available to the
vapour and hence lower vapour pressure. This
transient behaviour continues until a state is
reached whereby the incoming freon feed balances
the boil-off resulting in a new steady state
condition.

The model was subjected to the same step change
under the same conditions. The responses show
a general trend similar to that of the system
but would not predict the exact behaviour.

Both the system and model responses are plotted
in figs. 6.2.11 and 6.2.12. The value of Htc
obtained from steady state calculations is 1490.4
W/mz/oK and in the identification process, it

is normalised to 1.0. '

In all the cases presented, the mathmatical model

when operated under the same conditions as the

system, has managed to predict the general

trend of the system, but has failed to predict

the variations on the system observations.

Although the vaporisation process is of bubbling

nature, which may allow for the assumption

that these variations are due to excessive noise,

it remains to be seen whether accounting for such dis-
turbances will enhance the performance of the model through
improved estimates of the constant mcdel parameters such as
Htc.

In the next sub-section, the identification pro-

cedure adopted for the vaporiser system will be

presented and the results obtained will be

evaluated.
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6-3

Identification Procedure:

The comparison of model responses with corresponding
real system responses reveals inadequacy in model
structure suggesting unfaithful representation of the
system by the mathematical model. Several guestions
may be raised about the model formulation ; how have
the values of constant unmeasurable model parameters
been calculated? Is the nature of the boiling process
completely known? Have all the relevant basic laws

of Physics and Chemistry relating to the boiling process
and the associated structure been applied? Are all
system disturbances known? Are the measuring
instruments perfectly accurate ...?

-Certainly the answer to the first question refers to

the use of the "known" steady state equations in cal-
culating the constant parameters of the model which
cannot be measured directly. The results of these
calculations will be "reasonably" accurate if all the
answers to the questions above are positive. But such
a positive answer to these guestions can hardly be
qualified. However, since all available knowledge

of the vaporisation process has been appliéd in the
modelling process, the inclination must be to
compensate for the limited knowledge of the real
world in a way which reduces the discrepancies
between the model and the system.

In the vaporiser system, where the intention is to
achieve accurate estimates of the constant model
parameters, compensation must be made to overcome

lack of knowledge of the vaporiser plant. The problem,
thus, has two prongs: on the one hand, the structural
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errors are compensated for using engineering judgement,
and on the other hand, the constant model parameters
can then be estimated using the modified structure.
Two separate but inter-related problems have, thus,
emerged, the solution of which may lead to a more
faithful model.

One of the important constant model parameters whose
value cannot be measured directly is the heat transfer
coefficient (Htc) between the heating section and the
liquid freon section of the vaporiser tube. Accurate
estimate of Htc is essential since it determines the
amount of heat transfer between the two sections which
is related to the boil-off, and eventually to the
vapour pressure inside the tube. The usual method of
calculating the value of Htc has been by the use of
steady state conditions, where, using equation

FeDs 124

=QL'PL[7\+ Cy(TgTy)] ... 6.3.1

T.D.8% (2. - Ty)

te

The value obtained using this equation is used as an
initial guess when solving the parameter estimation
problem. It must be noted here that the above equation
does not involve correction to the assumed structural
errors. With a corrected structure, it is anticipated
that a better ‘estimate of Htc will lead to a more
representative model liquid height response.

In the vaporiser system, the vapour pressure has been
found to be sensitive to the inlet hot water temperature
variations. Also, the inlet hot water temperature

has been seen to suffer from periodical fluctuations.
Incorporating these fluctuations, (if accurately

known) into the model will undoubtedly result in
improved vapour pressure response compatible with the
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system response. However, due to the lack of perfect
knowledge about the nature of these fluctuations

and using the periodical nature of the fluctuations
on the vapour pressure response, it has been decided
to attach to the inlet hot water temperature (To)
which had been found to possess periodical fluctuations
(section 5.4.3.), a time-varying entity of periodic
nature. Using the parameterisation concept due to
Georgantzis (1977), this time-varying entity has
constant parameters whose accurate values will
determine the overall shape of the fluctuations. The
estimates of these parameters are obtained by the
solution of the smoothing problem.

Fig.6.3.2shows the program organisation in a schematic
form whilst the computer programs are shown in

Appendix (4 ). The various parts of the program
function in the same way as the corresponding ones

in the identification of the mixing tank system. Besides
the subroutine (INCON) concerned with calculating the

o the
system observations needed for comparison purposes

initial conditions for each new estimate of H

by the identification process are fed into the model as
data as well as the valve characteristics required by
the model. 1In the identification of the mixing tank
system, system observations were calculated from the
system simulation.

The solution of the identification problem has been
obtained by the use of a CDC 7600 computer. The
overall structure of the process is almost the same as
that used in the identification of the mixing tank
system discussed in Chapter 4 with one important
difference. This difference being the fact that
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6.4

whilst in the mixing tank.system the estimation
parameter (ko) is not included in the steady state
calculations, the estimation parameter in the

vaporiser model (Htc) affects the steady state conditions.
tc! the
steady state conditions must be calculated so that the

This means that for every new estimate of H

model responses are obtained from steady state
conditions which are updated hereag%e those which

have to be calculated and not those obtained from
direct measurements on the vaporiser system. For this
reason, a subroutine (INCON) to calculate these steady
state conditions has been devised, tested and incorpor-
ated into the program suite.

Results:

The identification procedure has been carried out on
all the five practical cases discussed in section. 6.2.
In each case, the identification process comprises

the joint solution of the parameter estimation problem
concerned with estimating the constant parameter

Htc' and the smoothing problem, concerned with
estimating the parameter of a time-dependent uncertainty
incorporated into the model to compensate for possible
structural deficiencies. This time-varying uncertainty
(BBzz) which hgs been attached to the inlet hot water
temperature 'I‘O is approximated to by either a sinewave

or a Chebychev polynomial.

The values of the weighting matrices W and R have been
varied in a way which reflects the effects of these
variations on the identification process. Moreover,
these matrices have been given time-dependent values
which normalise the errors between the system and model
responses and those between the time-varying uncertainty
and its nominal trajectory. This is achieved by the

use of equations:
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w (J,I) = : R . M, ot Gad ol
YA (3.I,)
and
R = 6.4.2
Traj
where

th

YA (J,I) = the Ith sample of the J output siénal

[

Traj the nominal trajectory of the time-
varying uncertainty which is a constant

value (equal to 1.0)

It must benoted here that the value of the estimation
parameter (Htc) is the normalised value, where Htc =

1.0 is the value of Htc calculated using the equation
6.3.1 which uses the steady state values of the variables

involved for that particular case.

In the Fortan program used to execute the identification
process, Htc is given the variable name PRA and the
smoothing parameters are contained in array PRB.

6.4.1. Case 1

The results obtained for the estimation parameter (H

tc)

for different values of weighting matrices for the two
forms of uncertainty are summarised in the following table:

H

case |Form of (1) | w(2) R te Heo Heo
BB22 steady C.L.S S.L.S
state value| ™" """ =il
1 SINE 10 0.5 20 1.0 0.596 | 0.572
2 " CHEB 10 0.5 20 1.0 0.596 | 0.598
3 SINE 10 1.0 20 1.0 0.593 | 0.536
4 CHEB 10 0.1 20 1.0 0.66 | 0.672

Table 6.4.10: Summary of the Results obtained for Case 1
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From the table, it is evident that the values of the
parameter estimate H . vielded by the identification
process are significantly different from those obtained
from the steady state calculations. It is also clear
that as W(2) is increased the value of Htc yielded by
both techniques decreases. The smoothed least squares
technique has improved over the value of Hy o estimated
by the classical least squares. Since W(2) is associated
with the errors in the vapour pressure responses the
estimate of Htc' whose value affects the heat

available within the vaporiser tube, will affect the

pressure responses.

Figs. 6.4.11 and 6.4.12 show the system and model height
and vapour pressure responses corresponding to case 1

in the table. The model height response does not fit
very well into the system real observations and further
work is necessary to investigate into the inability of
the identified model to pass through the average

trend of the system behaviour. On the other hand, the
model pressure response seems to follow the average
trend of the corresponding svstem response displaying
the non-minimum phase behaviour. However, the periodical
fluctuations on the system responses have not been
predicted by the model.

The performances of the classical least squares and the
smoothed least squares techniques corresponding to Case
1 are given by fig. 6.4.13 The classical least squares
technique managed to yield the results corresponding to
iteration 1 in the figure. Clearly, the smoothed

least squares technique has improved on the value of

Hy o (PRA) especially with the sinewave-form uncertainty
with a corresponding improvement on the value of the
objective function. The figure shows that whilst the
value of H (PRA) has continued to change for

tc
12 overall iterations, the objective function has changed
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only slightly after the first two or three iterations.
The use of Chebychev polynomial has resulted in a
lower value of objective function achieved after only
7 overall iterations.

The resulting time-varying unceratinties corresponding
to case 1 are shown in fig. 6.4.14,
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CASE 2

In this case the effects of varying the weighting
matrices on the performances of both the classical
least squares and the smoothed least squares
techniques have been thoroughly investigated.
Using the weighting values

W (1) = 10.0
W (2) = 0.5
R = 20.0 F

which have been chosen to make the errors between
system and model responses and the time-varying
uncertainty and its nominal trajectory of similar
magnitudes, as the nominal weightings, the effects
of varying one of these weighting matrices keeping
the other two at their nominal values, can be
evaluated. As in Case 1, both forms of uncertainty
(sinewave and Chebychev polynomial) have been
employed and compared. The results are summarised
in Tables 6.4.15, 6.4.16 and 6.4.17 for sinewave
form uncertainty and Tables 6.4.18, 6.4.19 and 6.4.20 for
Chebychev form uncertainty. When time-dependent
weighting matrices as defined by equation 6.4.1.
used, the results obtained are summarised in

Table 6.4.21.

Now for the cases where sinewave-form uncertainty

has been used, reference to Table 6.4.15 shows that

as W(l) is increased the estimate of Htc increases
both with the classical least squares and the smoothed
least squares techniques. Fig. 6.4.22 shows the
effect of W(l) on the estimate of Htc value.
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no. of
b C‘P-
W PRA (HTC) | PRA (HTC) overall

ChL (1) C.L.S. S.L.S. EEB L) PRB{2} PRE S0 EROS iterations tsi:;es :

1 0.1 0.4116 0.4088 0. 999678 |-0000974 0.01324 -0.047736 6 840

2 10 0.4188 0.4122 0.999369 | 0.0030183 0.000885 -0.071614 4 563

3 20 0.44 0.4342 1.00001 0;000704 -0.015064 0.280293 6 920

4 100 0.8155 0.7922 1.00082 |-0.00189 -0.006304 -1.84257 4 1046
Table 6.4.15: Results obtained for Varying Values of W(1l) where W(2) = 0.5 and R = 20 for a Sinewave—form Uncertainty




e

CASE W (2) PRA (rm:)' PRA (HIC) PRB (I) PRB (2) PRB (3) PRB (4) NO OF ..
LB, ST 8. OVERALL TIME

TTERATIONS SECS

1 0.1 0.5694 0.5694 1.0 0.0 0.0 0.0 2 355
2 0.5 0.4188 0.4122 0.999369 0.0003018 | 0.000885 | 0.071614 4 563
3 1.0 0.4135 0.4146 0.998579 0.002164 0.001926 | 0.039775 4 565
4 2.0 0.412 0.4047 0.999588 | 0.001208 0.012754 | 0.55894 6 900
5 5.0 0.4116 0.4039 0.999581 | 0.001228 0.01265 | 0.08377 0 982

Table 4.4.16. Results Obtained for Varying Values of W(2) where W(1l) = 10, R

form

‘Uncertainty.

20 for a Sinewave:




-&Z‘[-

N0 OF

case| w PRI | amo | oppn) | ey | e | e LRI SR
Secs.

1 Ol 0.4188 0.5154 0.999608 -0.001096 0.0134139 -0.068049 6 895

2 1.0 0.4188 0.4032 0.999793 -0.001227 0.012893 0.037899 6 965

3 20.0 0.4188 0.4122 0.999369 0.003018 0.000885 -0.071614 4 563

4 100.0 0.4188 0.4168 0.999976 -0.00023 0.01:;062 0.050579 4 485

5 1000.0 0.4188 0.4188 I o, 0.0 0.0 0.0 2 255

Table 4.4.17:

Results Obtained for Varying Values of R, where W(1) = 10 and W(2) = 0.5 for a Sinewave-form uncertainty.




—82'[ -

. of
rse | wy | pmemo | omono) | py | e | o | e | SRl | Hin
Secs
1 0.1 0.4116 0.4089 0.999747 0.000358 0.000221 | -0.000780 3 575
2 10.0 0.4188 0.4183 0.999769 0.000239 0.000206 -0.00076 3 614
3 20.0 0.44 0.4372 0.999985 ~0.000016 0.000206 -0.000705 3 585
4 100.0 0.8155 0.82 1.00047 -0.002417 0.00038 -0.000705 4 700

Table 6.4.18:

Results Obtained for Varying Values of W(l) where W(2

) = 0.5 and R = 20 for a Chebychev-form uncertainty.
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W (2) PRA (HTC) PRA (HIC) PRB (I) PRB (2) PRB (3) PRB (4) OF C.P.
C.L.S. S.L.S OVERALL TIME

ITERATIONS Secs.

0.I 0.5694 0.5694 1.0 0.0 0.0 0.0 2 488
0.5 0.4188 0.4183 0.4183 0.999769 0.000239 0.00076 3 614
1.0 0.4135 0.4133 0.999639 0.000413 0.000256 0.000864 2 400
2.0 0.412 0.4122 0.999572 0.000449 0.000272 0.000907 2 386
5.0 0.4116 0.4119 0.99955 0.000459 0.000274 0.000918 2 404

Table 6.4.19 Results Obtained for Varying Values of W (2) Where W(l) = 10 and R = 20 for a

Chebychev - Form Uncertainty.




CASE R PRA (HTC) PRA (HTC) PRB (I) PRB (2) PRB (3) PRB (4) |NO OF C.P,
C.LS. S.L.S OVERALL TIME
ITERATIONS SECS
|"_‘ 1 0.1 0.4186 0.999675 0.000306 0.000306 0.000262 | 0.000913 2 367
§|§ 2 1.0 0.4188 0.4184 0.999676 0.000304 0.000258 | 0.000912 2 360
3 20.0 0.4183 0.4183 0.999769 0.000239 0.000206 | 0.000762 3 614
4 100.0 0.4188 0.4189 0.999997 0.000016 0.000049 | 0.000122 2 675
5 1000.0 0.4188 0.4188 1.0 0.0 0.0 0.0 2 855

Table 6.4.20. Results (btained for Varying Values of R where W(1) = 10 and W(2) = 0.5 for a

Chebychev-form Uncertainty.




form

no. of

2%

CASE of PgAéﬂgc) P§A£“§C) PRB (1) PRB (2) PRB (3) PRB(4) | overall Eiié

BB22 g o e iterations

1 sine 0.5405 0.5405 1.0 0.0 0.0 0.0 2 280

2 Cheb 0.5405 0.5406 1.00043 -0.001290 0.000283 | -0.000735 3 520

Wr(2)=10

3 YA (2) 0.4022 0.3926 0.999659 -0.001406 0.012788 | 0.056001 6 955
sine

P Wr (2)=10

Yp(2)

Cheb 0.4022 0.4022 0.999611 0.000521 0.000286 | -0.001057 2 410

Table 6.4.21: Results Obtained for Time-Varying Weighting Matrices for both Forms of Uncertainty.




Comparing the computer time needed to achieve the
smoothed least squares solution as given by Table
6.4.15 with the improvement in Htc value, it can
be said that much effort is spent for little

improvement.

Table 6.4.16 which gives the effects of the value
of W(2) on Htc
the value of Htc decreases with a greater demand
for smoothing (though the amount of smoothing is
not significant). Fig. 6.4.23 shows how the
value of H changes with the value of W(2)

0.
under the classical least squares and the smoothed

shows that as W(2) is increased

least squares techniques. Here again, the changes
in Htc due to the smoothed least squares technique
are small.

Table 6.4.17 which gives the effects of R on Htc
values shows that as R is increased, the classical
least squares solution remains the same over the
whole range of R, whilst the smoothed least
squares produces very small changes, giving the
impression that the value of H
to R.

b is insensitive

Tables 6.4.18, 6.4.19 and 6.4.20 which give the

corresponding information to that given by the first three tables
but for Chebychev-form time-varying uncertainty

give almost the same information with only slight

differences in the classical least squares solutions,

and a tendency towards quicker convergence as

indicated by lower central processor (CP) times in

most of the cases.
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Table 6.4.21 shows the effects of using time-
varying weighting matrices given by equations 6.4
and 6.5 which are the inverse of the system samples.
The selutions obtained by the two techniques are

the same, resulting in a constant uncertainty equal
to its nominal value. When the time-varying
weighting matrix W(2) is increased by a factor of
10.0, the value of Hy o
least squares technique differs by about 2.5% from

obtained by the smoothed

the classical least squares solution in the case of
sinewave-form uncertainty, whilst no change in

the smoothed least squares occurred for the
Chebychev-type uncertainty.

Typical responses yielded by the model are given
by figs. 6.4.24 and 6.4.25. These responses
correspond to case 1 in Table 6.4.15 where W(1l)
= 10.0, W(2) = 0.1 and R = 20.0. Whereas the
model vapour pressure response fits nicely into
the average trend of the real system response,
the model height response does not have good
agreement with that of the system. The vapour
pressure response exhibits the non-minimum phase
behaviour but could not follow the fluctuations
on the system response.

When the weighting of the errors in the height
responses has been increased to 100 as in Case 4
of table 6.4.16 the responses yielded by the model
are shown in figs. 6.4.26 and 6.4.27. In this
case the model height response follows the average
trend of that of the system whereas the model
vapour pressure response becomes unable to follow
that of the system to the extent that it does not
exhibit the non-minimum phase behaviour.
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Case 4 of Table 6.4.15.



The performance of the classical least squares

and the smoothed least squares techniqueswith
regards to the estimation parameter Htc and the
objective function are plotted in figs. 6.4.28 for
the nominal weightings in Cases 2, 2 and 3 of

Tables 6.4.15, 6.4.16 and 6.4.17 respectively

and the corresponding three tables for the

Chebychev case. These graphs give the overall
performances of the two techniques and an

enlarged version of that to closely compare the
performances of the two techniques. The

classical least squares solution is given by the
solution at iteration 1, while subsequent solutions
are those of the smoothed least squares technique.
The classical least squares solution is obtained

by setting the time-varying uncertainty incorporated
by the model at its nominal value (1.0). From these
graphs it can be seen that the classical least °
squares technique effects a big change in the
value of Htc leading to a big drop in the
objective function. The smoothed least squares
then, affects small changes in the value of Htc
and objective function after several overall
iterations. 1In this case, changes of 1.6% in
H . and 10% in objective function over the

classical least squares values have been achieved.

Figs. 6.4.29 and 6.4. 30 refer to the cases of

Table 6.4.2] in which time-varying weighting

matrices are used. The graphs also compare the
performances of the classical least squares and the
smoothed least squares techniques, and point to

the idea that, for the particular system concerned,
the introduction of smoothing into the identification
problem affects little change on the performance

of the classical least squares technique.
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6.4.3. CASE 3

The results obtained for the estimation parameter
obtained by the classical least squares and the
smoothed least squares techniquesusing the two

forms of the time-varying uncertainty are summarised
in the following table:

CASE| FORM OF| W(1) | W(2)] R, PRA(HIC)| PRA(HIC) NO. OF | CP
BB22 | ; ; | C.L.S. | S.L.S. | OVERAIL| TIME
i | r . | ITERS. | secs.
1 jeme | 10 | 05 | 20f 0.4342 | 0.4358 6 875
i 3 ';
2 |ams | 10 | o5 20| 0.4382 | 0.4348 2 382
: ;' ]
3 | SO IR T el S i T I LT 6 760
YA() | YA(2) | TRAJ |
1 |
4 | cuEB 1 1 l _1| o.48 |o.479 4 675
Al | AR | TR !

Table 6.4.31. Sumary of the Results of Case 3.

The table shows that the smoothed least squares
estimate hardly differs from that obtained by the
classical least squares technique in all the cases
shown. The improvements range from 0.122% in Case
2 to about 2.5% in Case 3. The time needed to
achieve this minimal improvement is so large that
unless this improvement is critically needed, the
smoothing procedure may be considered unnecessary.
The table also shows that the use of time varying
matrices yields a higher value of parameter
estimate. This estimate may be considered more
accurate because it is the result of an averaging
process performed by the identification algorithm
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due to the use of the time-varying weighting matrices.

Responses obtained for the case of time-varying
weightings are shown in Figs. 6.4.32 and 6.4.33.

As can be seen from the height response, the system
response is too oscillatory and the model response
could not follow the system behaviour. On the
other hand, the vapour pressure system response is
less oscillatory and the model has produced a
response which has managed to follow the general
trend of the system response passing through the
average values. However, the model has not reproduced
the fluctuations of the system response.

A comparison between the performances of the two
techniques is given by Fig. 6.4.34 for Cases 1 and 2
and Fig. 6.4.35 for Cases 3 and 4. In both figures,
the performance of the classical least squares
technique outweighs that of the smoothed least squares
technique since it carries out most of the work in
reducing the objectiveﬂgff&glfrom its initial value
(which is always relatively high) to a much smaller
value depending on the change in the parameter estimate.
The contribution of subsequent smoothing iterations
(which lead to updating of the parameter estimates)

is relatively small. It is also apparent from the
graphs that the use of the Chebychev form of
approximation to the time-varying uncertainty results
in a lower value of cbjective function with a smaller
number of overall iterations.

The resulting forms of the uncertainties corresponding
to these two graphs are shown in Figs. 6.4.36 and
6.4.37. Although these uncertainties appear to
possess certain shapes, due to the scaling of the Y
axis of the graph, the fact is that when these are
compared with the values of the variables to which
they are attached (T,), they will appear as almost

a constant value near to their nominal trajectory (1.0).
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In addition to these results, an attempt had been made
to attach the time-varying uncertainty to the equatim
of Mvp to compensate for the seemingly periodical

variations on the vapour pressure response, thus

ﬁ = 2.0 (va = X(6) ) + BBZZ
vp

This kind of compensation for the uncertainties in
model structure was mentioned by Leal (1977). The results
obtained are summarised in the following table:

CASE | FORM @F| W(1)| W(2) R |PRA(HIC) | PRA(HIC)| NO.CF [C.P.
| BB22 | | | C.L.S. & S.L.S. | OVERALL|TIME
3 . i * ITERS. |SECS
| l | |
| ! j !
1 B a0 65 ]20.0] 0.%1 i 9.31 2 315
| | |
e | |
2 |cEB | 10 | 05 |.20.0| 0.31 ‘ 0.31 2 |1145
3 SINE 1 1 - 0.3085| 0.3085 2 185
YA(D) |YA(2) | TRAJ | !

Table 6.4.38 Sumary of the Results when By, is attached to Mvp

From the table it is evident that the identification process
rejected, altogether, the existence of the uncertainty in the
vapour pressure derivative as manifested by the fact that the
smoothed least squares solution resulted in a parameter
estimate equal to that obtained by the classical least

squares. Indeed this was achieved in only two overall
iterations with smoothing parameters given their nominal values.
A further attempt (which is not listed in the table) was made
by starting the identification process with smoothing

parameters set at values other than their nominal values.
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The process converged to the classical least squares
solution thereby supporting these results.

Responses which correspond to Case 1 in table 6.4.38
are given by Figs. 6.4.39 and 6.4.40. An important
feature of the height response is the fact that the
response has exhibited a behaviour similar to that of
the non-minimum phase concept. This may be explained
on the basis that the introduction of a time-varying
uncertainty to the height differential equation (which
was originally set to its nominal value of 1.0) has
caused a constant shift in the response which has made
the whole model response follow the average trend of
the system response. This result can be made use of in
further experimentation on the subject and may yield

more accurate results.

The vapour pressure response is similar to that of
Fig. 6.4.33 except for the non-minimum phase behaviour
which is not exhibited clearly here. This may be due
to the shift which has occured in the height response.
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Case 4

The results obtained using the nominal weightings and

the time-varying weightings for both forms of the time-

varying uncertainty are summarised in the following

table:
asE| FoRM F| W(1)  W(2) R |PRA(HIC) PRA(HIC) NO.OF| C.P.
BB22 ' C.L.S. | S.L.S. | OVER-| TIME
=. . | ALL SECS
| TTERS
1 | smE 10 0.5 20.0 0.38 | 0.381 i 6 700
| . E
2 | cmB 10 0.5 20.0/ 0.38 {0.391 | 3 745
(4terms) | 1 i | =}
'- - | | l
3 | cuEB 10, 0.5 20.0, 0.38 [0.394 | 6 1900
e WU (COLn ) S R i e
4 | snE 1o las ] ouss boaso |6 770
YA(D) | YAQD) | TR | |
5 | cuEB 1 1 | 1 | 0.465 |0.465 2 365
YA vA(2) TRAT
6 | snE 1 1 |1 |ou465 [0490 | 6 720
YA(D) (YA(2) 1tEstJ
7 |cuEB 1 | 1 {1 |o.4e5 |0.460 | 15 2000
YA(L) (YA(2) TRAJ

Table 6.4.41.

Summary of the results of Case 4.

In the first three cases where nominal weightings are

used, the classical least squares solutions are the

same whereas the smoothed least squares solutions
differ slightly.

use of the smoothed least squares technique are very

The improvements achieved by the

small (about 1.4%) in Cases 1 and 2 and 2.1% in Case 3).
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The use of a six-term Chebychev polynomial with the
accompanying large increase in computing time has
contributed only little to the improvement on the
parameter estimate achieved by the use of the
classical least squares technique.

The use of time-varying weighting matrices in cases
4-7 resulted in slightly different results. The
parameter estimates obtained by the classical least
squares technique are larger than the corresponding
values obtained by the use of the nominal weighting
matrices. The smoothed least squares solution of
cases 4 and 6 differ slightly from those of cases

5 and 7 which are almost indifferent from the
classical least squares solutions.

Increasing the weighting matrix associated with the
time-varying uncertainty (R) by a factor of 10 has
only little effect on the smoothed least squares
solution and no effect on the classical least squares
solution indicating to the insensitivity of the
classical least squares solution to R, which is
perceivable since the classical least squares solution
is obtained by setting the term with which R is
associated to zero.

Now, responses corresponding to Cases 2 and 3 of

table 6.4,41 are given by Figs. 6.4.42 and 6.4.43 respectively
Although the use of six-term Chebychev polynomial

has contributed only little to the improvement on the
parameter estimate (H ), compared with that obtained

by the use of four—term Chebychev polynomial, the

vapour pressure response has improved to the extent

of being able to follow major changes in the system
response. However,the pressure response obtained by
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the use of only four-terms Chebychev polynomial

has followed the general trend of the system

response and fitted into its average values. The
improvement yielded by the use of six-terms Chebychev
polynomial opens the door for further experimentation
on the effect of the number of Chebychev terms on the
parameter estimates and on the ability of the technique
to predict unknown system variations.

The performances of the classical least squares and
the smoothed least squares technique are given by
Fig. 6.4.44 for Cases 1 and 2 and Fig. 6.4.45 for
Cases 4 and 5. Both sets of agraphs have the same trend whereby
the classical least squares technique plays the major part in
reducing the objective function whereas the smoothed
least squares technique yields only a little
improvement at a much higher cost in terms of
computing time. As before, the Chebychev type
approximation to the time-varying uncertainty results
in a lower objective function than the sinewave type.

The forms of the uncertainties corresponding to Figs.
6.4.44 and 6.4.45 are shown in Figs. 6.4.46 and

6.4.47 respectively. As before the scaling of the
Y-axis has made the shapes of the uncertainties show
out whilst in reality, they differ only slightly from
their constant nominal trajectory (1.0). However,

it is due to these uncertainties however small, that
the smoothed least squares technique has managed to
improve, though only slightly, over the performance of
the classical least squares technique.
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l4'5.

CASE 5

In this case, where a 20% step change has been
applied to the hot water valve position, the
parameter estimation results obtained are
summarised in the following table:

£

form of PRA (H...)| PRA (Hn) | P9 ©F | c.p.

CASE | "pppp | WD) [ W(2) | R c.L.g?c s.L.g?C overall| /ire

iters Secs

1 | sine |10.0| 0.5 | 20.0] 0.591 | 1.0699 16 3200

2 | cheb |10.0| 0.5 | 20.0] 0.591 | 1.157 5 3750
4 1 ‘o T

3 | sire |y |l | s 0.4591 0.679 11 1850

4 | Cheb 1 1 1 | 0.591 | 0.564 ) 920
YA |Ya2) | TRA

Table 6.4.51: Summary of the Results obtained for Case 5

Unlike previous cases, the smoothing problem has
contributed a great deal in bringing down the value
of the objective function by its contribution to
enhancing the value of the estimation parameter H
The open loop responses of this case have been
obtained by the application of a 20% step change to
the hot water valve position (sz) causing more
heat to enter the system.

The system and the model open loop responses which
correspond to case 2 in table 6.4.51 are shown in

figs. 6.4.52 and 6.4.53. Both model responses do

not have good agreement with corresponding system

responses.
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Although the assumption that inaccurate estimate of
Htc is behind the lack of agreement between the
system and model responses has been made, other
parameters and, more importantly, system variables
may be in error. It has been hoped that the
smoothing will make the model insensitive to such
inaccuracies, but as reflected by these responses
this is not so, and thus further investigation
needs to be carried out in order to overcome the
inability of the model to predict system behaviour.
Clearly, the vapour pressure response needs a
constant shift in order to pass through the average
values of system response.

The computing time given in the table reflects the
amount of work done by the identification procedure.
The overall iterative process between the solution

of the parameter estimation problem and the smoothing
problem has helped in obtaining the parameter
estimates in the table though at a high cost of
computer time.

The use of time-varying weighting matrices resulted
in the same classical least squares solutions but
different smoothed least squares solutions.

The performance of the two techniques can be
visualised in fig. 6.4.54 for cases 1 and 2 and
fig. 6.4.55 for cases 3 and 4. From these graphs
it can be seen that although the classical

least squares technique has not taken the major
part in reducing the objective function, one
solution of the smoothing problem managed to bring
down the objective function drastically. The
subsequent iterations helped, but only slightly

in reducing the value of the objective function,
but the parameter estimate Htc continued to improve
though at a smaller pace.
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For the time-varying weighting matrices, the
performances of the two techniques are shown in
fig. 6.4.55. Again a major part has been played

by the smoothed least squares technique though most
of the improvement in the value of the objective
function has been achieved after one solution

of the smoothing problem.

The resulting time-varying uncertainties corresponding
to fig. 6.3.55 are shown in Fig. 6.3.56. In this
case, the departure of the uncertainties (of

both forms) from their nominal trajectory is more

than has been encountered in the previous cases.

This has been done by the smoothing problem in

order to reduce the gap between the system and model
responses. Despite all this, the behaviour of the
system has not been predicted by the model. This
suggests that, in this case at least, other forms

of time-varying uncertainties are necessary.
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Chapter 7

CONCLUSIONS

The research has been concerned with investigation into
the performances of the classical least squares technique
and the smoothed least squares technique which was
proposed by Roberts and Leal (1977). The investigation
has been carried out on a simulated mixing tank system
based on an existing rig in the department and a pilot
plant vaporiser system which has been developed in the
department. In both systems the aim has been to predict
accurate estimates of constant model parameters, but
since both systems either have or are made to have
responses unpredictable by the mathematical models i.e.
uncertain dynamic systems, compensation for these model
deficiences has been made by the incorporation of time-
varying "uncertainties" into the model, thus requiring
the solution of a smoothing problem. Roberts and ILeal's
approach to the solution of this problem has been by

the use of calculus of variations and a Riccati technique.
The alternative approach to the solution of this problem
which has been implemented in this research, is by the
use of "parameterisation" concept which, it is thought,
avoids the considerable computation complexity associated
with the calculus of variations. However, the considerable
computing time needed by the iterative process associated
with the concept of parameterisation makes it necessary
to review this idea.

Due to the seemingly periodical fluctuations on the output
responses of the two systems, two forms of time-dependant
periodical approximations; a sinewave and a Chebychev
polynomial, have been used to approximate for the
structural errors of the model.
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Two models of the simulated mixing tank system have been
considered; the first based on the assumption of a
perfectly insulated system with no heat losses whilst
the other takes the heat losses into consideration.
Important results obtained from these two models are

summarised below:

W) | W@ | R |k, | Fam [ k, No.of |Camputing
{ of : Overall | time
True | C.L.S. |S.L.S
| Uncert- Iters. |Secands
Value | Strietan Estimate
. CHEB. |0.9503 |0.9555 6 . 60
Ol 103 '120.011.0 | ene  |o.9508 |0.9543 | 3 51
| GEB [1.0000 |1.0000 | 12 120
100.0| 0.5 |20.0|1l.00 |
| SINE  |1.0000 | 1.0000 5 122
10 0.1 |20.0]1.00 | l1.c3 |1l.001 5 144
10 1.0 |20.0!1.000 11.159 | 1.062 8 1000.0

Tabl= 7.1 Typical results

of the identification of the mixing

tank system.
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' The first two cases relate to the model where no
heat losses are accounted for whilst the second
two cases relate to the model in which heat losses
are taken into account.

These results represent the best and the worst

results obtained by the identification process.

When the weighting matrices are assigned the proper
values, accurate estimates of the constant unknown
model parameters have been obtained by the classical
least squares technique and the need for smoothing

has become less acute. On the other hand, for
improper weighting values, the classical least squares
technique has not been able to predict the accurate
value of ko and the need for smoothing has become
greater. In such cases, the smoothed least squares
technique has resulted in improved estimate values,
though in some cases the improvement is not significant.
The weighting matrices have been found to be of prime
importance in determining the behaviour of the two
techniques and the computing time needed by the
identification process.

The structural uncertainties have been approximated to
by a time-varying uncertainty of two forms; a sinewave
and a Chebychev polynomial. The identification
process whose aim has been to predict accurate
estimates of an unknown constant model parameter and
to compensate for structural errors has managed to
predict, in most cases, the accurate value of the
unknown constant parameter. However, unlike the case
where a sinewave approximation is employed for the
uncertainty in which the exact behaviour of the system
has been predicted including the variations on the
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responses, the use of Chebychev polynomial has
resulted in correct estimates of parameters,
usually at lower computing time but variations on
the responses have not been predicted.

When heat losses to the environment have been introduced
into the system, the identification process which

is assumed to lack knowledge of these losses, which had
more difficulties in predicting the correct estimate,
but at certain set of weightings these werenear

enough to the correct values.

As regards to the vaporiser system, where five
different operating conditions have been considered,
the parameter estimation problem has been concerned
with the estimation of the value of the heat transfer
coefficient (Htc) between the wall of the heating
glass tube and the freon liquid in the vaporiser tube.
The inability of the model to predict the variations
on the system responses have been thought to be due
to periodical variations in the hot water temperature
and has been approximated to by two forms; a sinewave
and a Chebychev polynomial. The smoothing problem is
concerned with estimating the coefficients of these
time-dependent entities. The parameter estimates of
He o obtained by the identification process (both by
the classical least squares and the smoothed least
squares techniques) are compared with the values
obtained from steady state calculations and typical
results are given in the following table where the
values have been normalised relative to the values
obtained by the steady state calculations:
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Case  Form of | | Steady | Classical | Smoothed | No. of | c@
No. Uncertainty = W(1) W(2)! R| State least least overall | time
f Calculation | squares squares | iter-
5 ations
3 CHEB 10 0.5 {20 1.0 0.596 0.598 7 1000
SINE | 10 j0.5 {20] 1.0 0.59 0.572 12 1700
o  CHEB 10 [0.5 |20 | 1.0 0.4188 0.4183 3 614
. SDE 10 [0.5 |20 1.0 0.4188 0.4122 4 563
3 B 10 [0.5 |20 ] 1.0 0.4342 0.4348 2 382
| SINE 10 [0.5 |20 1.0 0.4342 0.4358 6 875
1 CHEB 10 [0.5 |20 | 1.0 0.386 0.391 3 745
SINE 10 0.5 |20 | 1.0 0.386 0.381 6 700
. CHEB 10 |0.5 |20 | 1.0 0.591 1.157 5 3750
SINE 10 0.5 |20 | 1.0 0.591 1.070 16 3200

Fig. 7.2 Typical results of the identification of the vaporiser system.

In most of the cases, the parameter estimate has
been significantly different from that obtained

from steady state calculations with the classical
least squares having to spend little effort to

predict an estimate over which little improvement

has been achieved by the smoothed least squares.

Whereas the computing time needed by the classical

least squares technique to converge to a solution
is about 60 seconds

the little improvement achieved by the smoothed

(in the majority of cases),

least squares technique has been achieved at a

much higher cost of computing time.

However, in

dangerous situations where this improvement is
critical, this cost may be justified.

Although the improvement in the parameter estimates

achieved by the smoothed least squares technique

over those obtained by the classical least squares

technigue is more significant in the cases of

sinewave form uncertainty, the general behaviour

of the smoothed least squares technique in terms of
the number of overall iterations (an overall iteration
comprises of consecutive solutions of parameter
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estimation problem and smoothing) and computing

time is almost the same for both forms of uncertainty.

Undoubtedly, the identified models of the vaporiser
in all the five cases have yielded better responses
tﬁan those in which the value of the Htc obtained
from steady state calculations were used though, the
seemingly periodical variations on the height and
vapour pressure responses have not been predicted
even by the identified models. Furthermore, despite
the fact that some identified models have yielded
responses which fit into the average trend of the
observational data, others have yielded models which
followed the general trend of the observational data
but did not pass through their average values.
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7.1

Recommendations for Further Work

In the light of the work which has been done in
this research, it is suggested that the following
proposals be considered for further investigation.

1) the application of the calculus of variations
and Riccati technique to the solution of the
smoothing problem as related to the vaporiser
system and comparing the results with those
obtained using the parameterisation concept.

2) the application of the filtered least squares
technique in conjunction with the classical
least squares technique to the vaporiser system
and the comparison of these results with the
results obtained in this thesis.

3) the attachment of the time dependent uncertainty
to a variable other than the hot water temperature
such as the derivatives of height and vapour

pressure.
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APPENDIX 1
1.) The Smoothing Problem

The incorporation of the smoothing problem into the
identification process modifies the objective function
to take the form

Ve 7Tf£y{t) -8 W] w.fy @ -2 ()] +
ol Y A
[6ee) —/ﬁttﬂ 4 R.( (t) - ﬂ(t}]}dt

The aim is to minimise VS w.r.t.fg(t) subject to

x =£(x, u, &, Bk,  x (o) =x
/3(t) may not represent physical quantities in the plant
but may only be added for possible model inadequacies.

If the degree of the unceftainty varies during the pericd
of observation, R can be chosen as a function of time, and
if the uncertain parameters/§ (t) are known to vary cnly
slowly with time an additional term can be added to V to
keep the derivatives of/ﬁ(t) small

foTﬁ;(t)’. P'/é' () ac

where P is a positive semidefinite matrix,

To incorporate the uncertainty in the initial state of
the plant caused by the uncertainty of the parameters
X andé_(o) an additional term could be added %o Vs of the

form:
[ © -% ©)]s [z o - % () ]
where
X (o) = an estimate of the initial state
S = a symmetric positive_definite weighting matrix
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18

Optimum Control Solution to the Smoothing Problem

(Calculus of Variations)

The constraint thzt the state variables satisfy the
model equations, is adjoined by means of Lagrange
Multipliers a (t), tc give the following augmented
objective function:-

4 =yt
V:SO [f_ EY = .z (t?] Wl;_f. (t) - 8 (tﬂ
ig (£) - /3 (t)J+ R [,3 (t) -/_’ (t)J

+_A(t)[3.c_ (t) - £ (x, u, &, L (t) dt

To solve this problem use is made of Calculus of
Variations:

Theorem: If a set of continuously differentiable
functions x minimises a functional V of
the form:

Vv (x) =5b L (x ,x, t) dt
a

where L has continuous first and second partial

derivatives with respect to all its arguments, and

if x satisfies the boundary conditions x (a) =k,

and x (b) = k,, then x satisfies the Euler Equations:

L (x, x, t) -4 PL (x, x, t) =0
x dt 2
a%; s

\
Applying this theorem to the above problem, we have

= 153 -



(a)

#a__E -
a/g (t)

(b)

[7\ (t)

A(t)

oL - d AL =0
IB(t) at a/_'s (t)

dL = 2R (B (8) - 1) - f5 A (&)
OB (t)

o]

2 R (B (8) - ° (£) ) - £5 A (£)

-1 !
(t) =R° (£t) + 1 R £ A (t)
é /g 5 =8 =

L -~ d dL = 0

] dt a‘;

| [

h W (g (x)- & (£) +h, W(y (x) - 8

- £, A (1) - A () =0

d (Q)J
at g

Al == £, X (x)

‘
+ h
i

/ '
+h W (y (x) - 8 (t)

=188 =

=-f;{2\(t)+2r_;xw(x (x)- & (t))

(t) )

(3)

Wiy (x) -8 (t) )

(3)



(€} 9L = & 3L =0

ax  dt 3%
gtt)-gzgm/@(tmm
x (t) = £ (x,u Beg,8 () ) (3)

The usual method of obtaining optimum trajectories for

x(t) and/é’ (t) from Egns. (3) is to use Riccat i techniques.
A solution of the form x (t) = x (t) + P (E) N (t) is
attempted, where P is a symmetric matrix. Note that

at t =T, x = ; . Assume initially that/é’ /3’ . is small
enough to allow linearisation W.R.T.A, and that PA is small
enough to allow linearisation W.R.T. X,

1%
[

. £ (x, Ergr/éo (t) ) - 21='hx W (h(x) -y (E))

x (o)

Il
»
(o]

P(o) = 0O

(The Riccati Equation)
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1.3 Chebychev Approximation

Chebychev polynomials have the properties of both
the Fourier series and orthogonal Polynomials.
These polynomials are defined by:

T (x) = Cos (n arc Cos x) (A)

Iet & = arc Cos X , we have

Tn (x) = Cos n ©

By de Moivre's Theorem

(Cosn® + isinne) = (Cos © + i sin )"

Expanding the right member of the binomial theorem
and then equating the real parts, we obtain:

n-2

(Cos ©)® - (@ (n - 1) (Cos @) (sin ©)2

P Na——

2!

(Cos n ©

+n-1) (n-2) (n-3) (Cos ™4 (sin 64

41

n(n-1) (n-2) ( n - 3) (n-4) (n-5) (Cos 6% % (Sin )

6

But from © = arc Cos x, we have Cos & = x and sinze =

1ne xz. Substituting in the above Equn.

Tn (x) = Cos n & = xn - n (n-1) xn-2 (1 -xz)
s
+ nin = 1) (1 = 2) (n—3)xn‘4 (1 - x2)2
4!
- n(n-1) (n-2) (n-3) (n-4) (n—S)xn_G(l—x2)3 + -
6!

Hence Tn(x) is a polynomial of degree n in x. The
polynomials may be computed from above equation thus:
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To (x) = 1

TE (x) = %

2 (x) = 2x%° -1

T3 (x) = 4x° -3x

T4 (x) = 8xT - 8x% + 1

However, the easiest method of computing the poly-
nomials is by use of the recursive formula:

(x) (x)
Tn+l = 2Xx Tn (x) - Tn-l

The Fourier expressions for orthogonality may be
written as:

m o) ms#n
_4E m =n
Cos m©® cos n 6 de =12 i e

0 W

From equation (A) this becomes

1 Y z
f Tm (x)-Tn (x) (dx /Jy1 - xz) = |

l)

288
o
== =)

Hence the Chebychev polynomials are orthogonal over
the interval (-1, 1) with respect to the weighting
function:

wix) =17 Jd1 = »*

Correspondingly, in the discrete domain for N equally
spaced data points, we have the relations

N-1
= Tm(xj)Tn(xj)

(== e

N -1 (0] m
Cos m 8. Cos n €.=!N/2 m

J 5, N m

j=o0 j=o (B)

I
o
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\

Chebychev showed that of all polynomials of degree n,
having a leading co-efficient equal to 1, the polynomial

Tn (x)
o T 1
has the smallest upper bound for its absolute

value in the interval

(—1\( x Ql)

since the upper bound of Tn

bound is 1/2 n-1

(x)lis 1, then this upper

This property is known as the Chebychev Criterion.
"Chebychev Approximation" is associated with those
approximations which try to keep the maximum error to

a minimum. This is known as the MINIMAX principle.
Normal least squares approximation keeps the average
square error down, but allows isolated extreme errors.
Chebychev keeps extreme errors down but allows a larger
average square error.

The nth degree least squares polynomial approximation
to £(x) in (-1,1) relative to the weighting function

wix) = 1/\1 - xz

is defined by

y (x) - nz a Ty (x) =1 x <1 (C)
k=0
where 1
a°="Lj £ (x) dx
7 —i l-x
a.k=gj £{x) Py (x) dx k# o
A
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It has the property that, of all polynomials of
degree n or less, the integrated weighted squared
error

; |
f I Ll 2
f_l /1T [ - v, 0] % e,

is least when Yn (x) is associated with the right hand
member of (C).

In practice the above formulas are seldom used to
evaluate ay but they do yield the following upper
bounds:

v
ja 2M, a 2M Cos k 6| de = 4M kS0
'0"4’1*47—1-[,' ‘ > 7

where M is the maximum value of f£(x) in (-1,1).

A more useful method of evaluating the coefficients is
based on relations of formular (B). The functions

To (x), Tl (x) are orthogonal under integration over
(-1,1) relative to '

wix) = 1/ 1 -l

The functions To(x), Tl(x) Tn(x) are orthogonal
under Summation over the zeros of Tn+l (x), relative
to w(x) = 1. The nth degree Chebychev polynomial
approximation to f(x) is defined by:

£(x) = fi:’ ay Ty (x)
k=0

i
where 'ZZ indicates a finite sum whose first term is
to be halved and

n
= 2 £ i(23) T, 'Ix3)

°k n+1l ;2; k {

Xxj ==Cos (2j + 1 s WP 1L, 5 S SR

2n + 2
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APPENDIX 2

INTEGRATION PROCEDURE

The integration procedure used in the research is a
dividend-difference formulation of Gear's method
implemented by the NAG subroutine DO 2 AJF. This method
is intended for "stiff" systems of ordinary differential
equations of the form:

dyi
dx

from % to %

= fi (X,Y;YZ, L Yn) i - 1'2 -.---N

end*®

Most stiff systems can be characterised as having complimentary
functions (transients) which decay rapidly in comparison with
the true solution, Yl’ Yz,..... YN' In most cases, the degree
of stiffness of a system can be quantified by the size of the
stiffness ratio (the larger the ratio the stiffer the system);
if the eigenvalues of the Jacobian matrix Jfi are'hl,’hz,

A y with negative real parts, then the an

stiffness ratio is defined as the ratio of the largest real
part to the smallest (in magnitude), In general, the values QA
will depend on X and the solution Yl'YZ"""YN and hence the
degree of stiffness may vary across the range of integration.
The routine chooses the step-size h and the order of the method
to try to obtain specified accuracy with minimum computation.
The maximum order used is six, giving a local error of h6. The
differential equations are defined by a routine (MODEL), which
evaluates the derivatives fi in terms of x and Yl' Yz,.... YN'
The solution can be determined at intermediate points within
the range of integration, if required.
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APPENDIX 3

Programs of the Identification of the Mixing Tank System

3.1 Program Example

2] PROGRAM EXAMPLE (INPUT,QUTPIT,ITAPE SINPUT, TAPE220UITPIT)
c
. C: THIS PROGRAM CARRIZS OHT JINENTIFICATION PROCESS ON A MIXING TANK SYSTEM
e 1
REAL KH,KC, KO
REAL HVH,%VT
DIMENSION DVH(i»2),0VT (139T1“VH;131);HVY(19d) TACLOM)
DIMENSION ERS(R8D),W(3I5331),VB(4)
CCOMMON X(2),Y(2,1564) ,KH, KL ﬂnOlXinzpt,TH 'TC,AH,0C,00,H,PRA,
i PRB(4),YY(2,19:), X122}, cz‘iﬂas.wr(lesua Yn(Z) P(2,148),
Fd PR(“J;mR;r(Z,ﬂ\ vr)Ygglalﬂ“IFtE, r2)»ES8(2)
COMMON/DIF/DXX(D), nurgian>ﬂnfhw°(x1a) BRS(}34) ,BBM(1490)
EXTZRNAL SYSTEM, “J“hL Qur

o

C READ DESIGH VALUES AND JET (NITIAL CONDITIONS

=]

RnAD(L;;m)hH,\C.hO
READCi,315)Xis X244, TH, TC
READ(1,15)PRA, (PRB(I), I 21, NPRY
15 FORMAT(SFiS. 1 &)
CALL CAM33MM :
WRITE(2,5)KH,KC, KOy X1, X2, A,iTH,ITC
5 FORMAT(iHL,5H KH -,Fl2]?,5ﬂ KC -AF12];,5H KO =,F125k7+/,

1 294 HW VALVE POSITION =/Fi207,/7,
2 224 CHW VALYE 2a3ITion -nr;z}7,/,
3 287 AREA OF THE TANK  =,F1207,7,
4 234 HOT HWATIR roMe =,F1227,2,
3 234 COLD WAYER TEMP 2, FA 2376 1)
X(l):vj
X(2)=317:
XIC(1)= X(;]
XIC(2)=X(2)
NRITE(&;;)itz),X(E}
7. FORMAT(4H , 194 IMNITIAL CONDITIONS,Z,
i 244 MATER HELSHT 2 0757y
2 234 MIXED WATER TIMP =,FL2)7 /
¢ s
C: SEY PARAMETERS REINIREN BY INPIGRATION PROCESS
C
NP=NPA+NPS
DD 13 I={,NFB
VB(I)=5 1L

13 CONTINUZ
KaNP+3+NP /S
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TER5=HY%N3
IAZ2XIERSHAANPHIZRS#NP ¢ (NPHHP #NDY /24K A (24 IERS+2aNP)
DO 15 I={,NX
 EB(I) =< jua9y
§# CONTINUE
DEL=2,%
T=0,3
TEND=2")a
DLT=13ja
IFAIL=3
ITE=2
TAB= &3
X2=2.75
Y(J, D) =X(D)
25. CONTINUE
BBS(I)=itlatslat #SIN(E [3314150«T)
TEND=TEND#DLT
TACI)=TEND .
CALL. DB2AJF (T, TEND, X,NX, 3Y3TEM,DEL JEB, ITE, TAB,0UT,F,DFDY,DIF,

e § IFAIL)
29 CONTIMUE
2 45 FORMAT(/,23H SYSTEM HEIGHT DIRIVATIVE,?({6F13.15))
WRITE(2,58) (DTEMP(N) ,N=1,N3) :
0P FORMAT(/,33H SYSTEM TEMPERAT''RE NERIVATIVE,/Z(6F15.6))
WRITE(2,33)CYCL, 1), I=8,N3)
32 FORMAT(LH},24H3DESIRED HEIGHT RESPONSE, Z(5F15.46))
DTEMP(I)=DXX(2)
DHT(I)=DXX (1)
WRITE(2¢45) (DAT(N) ,N=1,'M3) -
WRITE(2,43)(Y(2,T1),1=1,'N5) ]
42 FORMAT(/,4H ,29H DESIRED TEMPERATURE RESPONLE, Z(6F1546))

B
—.C.CALL THE IDEZNTIFICATION SNBROUTINE {OPTIM)YZ
..__cE
IR CALL OPTIMCNY NS, NX,NPA NPR MNP IZRSJIERS, W, IX,VB, 5, IER, I0PT)
w;]g;éti ARRAYS FOR PLOTTING
e DYH(DI®Y(1,I)
DO 55 Ix(,NS
DVT(I)=Y(2,1)
HVH(D) =P (i, DD
MVT(I)=P(2,1)

55 CONTINUE
CALL PLOT(TA,DVH,DVT,MVH,MYTY
STOP
END
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3.2. Subroutine SYSTEM

SUBROUTINE 3YSTEMIDX,X,'T,NY)

.ﬂn'r‘) o

THE SURRGUNDIﬂG

REAL KH,KC,rO

DIMENSION DX(2),X(2)

COMMON G(2),Y(2,123) ,KH, KL IRDIXLIK2,4,TH, TC,QH,QC, B0, H, PRA,
1 PR3(4),YY(2,19%)
COMMON/DIF/DXX(2) ,PHT (L 43) NTEMP(133),B35(143),BRM(148)
TH=343")z

H=X (1)

To=X(2)

QH=KHAX {

Wi - - QEAKCAX2

no_no*sqartH)

ST PHeETHR (LR ltsIN(?laaléISvtT&)

o LIGLID HLIGHT £aN
DX (1) =(aH+0Caan) 74
DXX (1) =DX (1)

c TEMP EQN ) :
DX(2)=C(CQHX(THHTO)~ACx (TO{TCY 2 (AxH))
DXX(2)=DX(2)

RETURN
END
c.

3.3. Subroutine MODEL

SUBRQUYTINE: MODZL (DX, X, T, NAY
c .
C: THI$ SUSROUTINE MODPELS A MIXING TANK 3YSTEM FOR THE CASE WHERE NO
C HEAT IS LOST TO THE SURROIINDINGL S
c 1
REAL KH,KC,KO
DIMENSION DX(2),X(2) 1
COMMON G(2),Y(2,102) ,KHKSIR0,IXY IX2,A, TH, TC,QH,0C,00,H, PRA,
1 PR8(4),YY(2,i94)
COMMON/DIF/DXX(2), DHT(133) DTEMP(1438) ,RBS(]49) ,;BBM(149)
TH=343"]5
HaX(1)
TO=X(2)
IFCHMLE S 42)G0 TO Lo
KO=],I38 L 3E~54PRA
QH=KHEX |
AC=AC%xX 7T
Q0=KOx3ORT(H)
THETHX (PR3 () +PRA(2) *LINCPRE(IYATIPRA(4)))
DX(3)=(AH+OCAIAT) 24
DXX(1)=DX(1)
DX(2)=(Qtx(THATO) 4AC(TOATT) Y ACASA)
DXX(2)=DX(2)
RETURN
§a DX(1)=3. 1
DX(2) =5 )4
RETURN
EMD

THIS SUBROUTINE s;“”L«TE; A MIKING TANK SYSTEM WITH NU HEAT LOSSES T



OO0 O

3.4 Subroutine OPTIM

SUBROUTINE: OPTIM(NY,Nu,'NX, NPA,NPR NP ,'ERS, TERS, W, I#,VB,S, IER, IOPT)

THIS SUSROUTINE COORNINATES THT TOINT SOLUTION OF THE PARAMETER
- ESTIMATION AND THE SMOOTHING PRUSLEMS )

REAL KH,KC,KO

DIMENSION ERS(IZR3),ALIAN),VB{NPAY

COMMON X(2)pY (28 a) ,KH, KL 'RD XL JX2,4,FH,TC,QH,0C,00,H, PRA,

i PRB(4) ,YY (2, i 20) ,XIC(2LJE(2,)423), KT (2,132),Y0(2),P(2,1¢2),

2 PR(3),pRR,F(2,4),07DY (2,123 ,'0IF (2,7,2) ,E3(2)

COMMON/DIF/DXK(I) ,PHT (L 33),'DTEMP(132) ,BB3(}44),BBM(199)

COMMON/LOG/ZEST, 310

EXTERNAL FUNCT, MONIT

EXTERNAL FUNCTY

WRITE(2,5)
5 FORMAT(iZHBINITIAL RESPONLE)

CALL FUNCT(IER3,NPA,PRA,ERS)

WRITEC2,13) (DATC(N) ,N=1,'N3)
15 FORMAT(/,26H INITIAL HIIGHT DERIVATIVE,/Z(6Fi5J6))

WRITE(2,15) (DTEMP(N), N1, N3) _ _
16 FORMAT(/,31H INITIAL TEMPERAT'IRE DERIVATIVE,/(6F15{6))
§=a,2
DO & I=|,IERS
S=S+EZRS(I) xx2
CONTINUE
NRITE(Q(Q)Jp (3("I)plzl,\1;1 L
FORMAT({ZH3MODZL OMTPUT ND 1,i12234H ,6F1578))
WRITE(2,9)3 ' .
FORMAT (42HZINITIAL: VALME OF THE ORTIECTIVE FUNCTION =,E1576)
WRITE(2,14) ;
1@ FORMAT(2{HIOPTIMISATION MOMITOR)

DO %3 KK=§,2s

WRITE(2,11)

o ®mN o

11 FORMAT(4243 skkixrsxexr ESTIMATION PROBLEM aaxixtsartn,/)

§8=5
EA=e.l3
E2=4,l3
Al=d)s
B81=2.%
MAXCAL=31
IFAIL=Y .
CALL S94ABF(FUNCTL,EL,22,'A1, 81, MAXCAL,PRY, 5, IFAIL)
PRA=PRX
CALL FUNCTLI(PRA,3)
_ HRITEC2,2 ) IFAIL,MAXCAL:
21 FORMAT({H ,/,i%H IFAIL 13,5490 MAXCAL =,15)
WRITE(2,12) 5,257, 5M0,PRY ] .
12 FORMAT(/,4H ,7H SES = ,FI516,)5X,6H EST =,F15.00,5%X,6H SHD =,F15.67,
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) {44 PARAMETERS = F3T1S 5y
CALL SECOND(TT)
WRITE(2,(7)TT ¥
17 FORMAT({H ,244 CP TIML T0 THIS POINT =, FB j3)
WRITE(2,13)

13 FORMAT({H2,424 xxxxavawxe 3MOOTHING PROBLEM Khdxkkkkhx)

EPS8=3"]i1
ALF8=z")a|
IPRNTB=2
MAXIT =443
IFAIL=1
CALL E34FAF(IER3,MNPB,PRB,ERS,'3,/IP8, ALFB, VB, W, Tk, FIINCT, MONLT,
1 CIPRNTS, MAXIT, IFAILY
CALL SECOND(TT)
WRITE(2,19)TT 2 : )
19 FORMAT({H ,244 CP TIME FD THI; POINT =,FBJ3)

e
C: CONVERGENCE' CRITERIA
c : ,
IF(ABS(3843)IILT I3, J723d1)60 72 92
c !
122 CONTINUZ
99 CALL FUNCT(IERS3,NPR,PRB,Tx3)
$=25 .3
DO 53 I=4,IERS
S=2S+ERS(I) xx2
52 CONTINUE
. WRITEZ(2,53)
35 FORMAT(/,33H FINAL. RESPONST AND PARAMETERS)
DO. 6% J=zi,HNY
63 WRITE(2,63)3,(P(T,1),I%i,N3}
65 FORMAT(/,47H MODEL! ONTPUT NULII22{6F150J5))
WRITE(2,658) (DAT(N), N=j,'N3) _
66 FORMAT(/,24H FINAL HEIGHT DLRIVAYIVE,/Z(6F15.05))
WRITE(2,68) (DTZMP(N),N=L,'NS)
68 FORMAT(/,29H FINAL: TEMPIRATIRD DERIVATIVE, /(3F1516))
. WRITE(2,78)s ; ‘
7% FORMAT(/,iH,42H FINAL VALUT OF THZ ORJECTIVE FUNCTION =,F15.6)
_ WRITEZ(2,73)PRA B -
75 FORMAT(/,LH ,24H ESTIMATION PARAMETERS =,/2(5F15.,6))
WRITE(2,85) (PRB(I), I={,NPRY
82 FORMAT(/,4H ,23H SMUOTHING PARAMETERS =, /(SF1516))
RETURN -
END

3.5 Subroutine 0OUT

c _

SUBROUTINE OUTCT, X, T, N, TAB)
c 5
C. THIS SUBROUTINE 15 A DUMMY ONE B''T' MAY BE UHIED TO 0uUTPUT INTERMEDIATE
C RESULTYS
C

REAL X, Y,HT,TAS

DIMENSIONX(2)

RETURN
END
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3.6 Subroutine FUNCT1

c.
SUBROUTINE FUNCTI(PRA,S)
c
C: THIS SUBROUTINE I3 CALLED SY THE S'BRONTINE EZ4A3F AND CALCULATES THI
C MODEL RESPONSES AND THE OBJECTIVE FUNCTIONI
o
REAL KH,KC,Kk0
DIMENSION Es(223),5M(233)
DIMENSION ER5(284)
COMMON X(ZJ,Y(Q,lﬁé),KH,KiﬁhOJKisz,A,TH,IC,QH,QC,QU,H,PR&A,
1 PRB(A),YY(Z,1@&Y,XIC(?¥JE(2J1Ea),wrfz,12&},Yu(?),P(E;Lﬁﬂ)r
2 PR(S),RR,F(R,f),'DF?}Y\'?,IZ_’)',.‘?)IF(z,7,2),EB(:)
CDHHOH/DIF/DXK(ZI,5d?(l?ﬂ)1D?EHP(L?&),BBS(;23),BBH(163)
COMMON/LOGZEST, 5MO.
EXTERNAL MODEL,0UT
NX=2
NY=2
NS=13532
IERS=233
2 X(I)=XIccD
PRAA=PRA
ITE=2
[TF=3
Te=a 14
TEND= &)y
DEL=% 3
DLT=1&0
DO 3 I=g,N3
T=T#
BBM(I)=PR3(}) +PRR(2)#SIMN(PRI{IVATHPRA(4))
CALL OUTP(T®,X,Y0)
$z5 2
P(J,I)=Y0(J)
ECT,I)=P( I, I)wY (I, 1)
S=S+ABS(ECT, I))
K=I+N3*(Jmi)
ES(K)Z(NT(J 1) *ECT, 1)) wx2
SMIK)=(RRAC{TuBBMCI)) ) en2
19 ERS(K)=SART((AT(T, II*ECT IVY ¥a2e (RRACADNBEM (L) ) ) an2)
TAB=3,/)
IFAIL=2
TEND=TEND#DLT
CALL DBZAJF(T&,TEN“,I,HAJ“DBELHDELJEBPITE,TAB;OUT,F,DFDY,DIF,
i IFAIL)
DHT(X)=DXX(4)
DTEMP(I)=DXX(2)
3. CONTINUE
$MO=% 3
EST=E,T
Szfgﬁ
DO 4 I=f,IERS
S=SH+ERI(I)*xA2
EST=EST+ES(D)
SMO=3MO+SM(])
4 CONTINUZ
RETURN
END
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c
C

3.7 Subroutine FUNCT

SUBROUTINE FUNCT(IERS, NP, PRMIZRG)Y

C THIS SUBROUTINE I5 CALLED BY FHE 3UBRANTINE I24FAF AND CALCULATES
C MODEL RESPONSES AND THE ORJECTIVE F/INCTION)

1¢

REAL KH,KC,h0

DIMENSION PRM(HP),ERI{IERSY

DIMENSTION ES(2a3), sM(293) :

COMMON x:zJ,Yce,:ea),xﬂrxcﬂﬁagxlszfA,rn;rc,Qq,nc,nu,n,PRA,
PRB(4)rYY(2,165),KIC(?hJE(ZJlQH)'HT(ZNl3E).Y0£2);P(2;lﬂwL
PR(S].RR,F(zgi);DFD?(?AerDIF(2;7£2)rEB(2\

coHMoN/DIF/DXK(z),DHT(gae)garzﬂpcxaa);BBS(lﬂﬂ);BHH(IHH)

COMMOGN/LOG/EST, 3MD

EXTERNAL MODEL,OuUT

NX=2 ,

NY=2.

N3=|2%

DD 2 I=j,NX

X(I)=XIC(D)

ITE=2

ITF=%

Tﬁ=ﬂ§§

TEND=213

DEL=%,3

DLT=t1&)o

DD 3 I=j,NS

T=T4d

BBM(I):PRB(;}+PRR(?)*bIN(?RBCSVxT+9RHg4))

CALL 2UTP(Té,X,Y0)

$=5 3

P(J,I)=YO(.T)

E(Jrl)=P(Jr1)=Y(1pI)

S=S+ABS(ECT, 1))

K=I+N3x(J~l) :

ESCKIZ(ATCI, I)XECT, [) ) %x2

SM(KJ:(RR*(!QQBBH(j)))*x2. ;

ERS(K}:;QRT((#T(J,I)tECJJIT)“h?beRk(iUQHBH(I)))t*2)

TAR=Z 3 2

IFAIL=2 ,

TEND=TENDHDLT _ 5

CALL DézAJF(Ta,TEND,X,MKJWOHELJDELJEﬂQITE,TAB;DUT,F,DFDY,DIF,

IFAIL)

PHTY(I)=DXX(})

DTEMP(I)=DXX(2)

CONTIHNZ

E3T=%,9

SMO=% g3

S=a,3d

DO 4 I:i'IERS

SS+ERS(I) 2 %2

EST=ESTHES(D)

SMO=SMO+SM( )

CONTINUE

RETURN

END
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3.8 Subroutine MONIT

o

SUSROUTINE MONITCIERS, NP, P ITERC,ISING,LIM)

THIS SUBROUTINE IS CALLED BY THE MINIMIGATION SUBROUTINE TO WRITE THE
. REQUIRED RESULT3D

OO0

COMMONZLOG/EST, 3M0
LOGICAL SING,LIM
DIMENSION P(NP) _ T
WRITE(2,2562) ITERC, 3,E5T,uM0,i(P (1) ,/T=1 ,NP) .
202 FORMAT(/,7H ITER =,13,3X,7H 3E5 = JF1576,5X,6H EST =,F1536,5X,
6H SMO =,F15.]5,7,1411 PARAMETERS = ,4E1548)
RETURN
END

3.9 Subroutine PLOT

SUBROQUTINE: PLAT(TA, DVH,OVY,MVH MV T)

o000 o

:THIS SUBROUTINE PLOTS THE RESULTS ON MICROFILM]

REAL DVH,DVT,NVH, VT _
DIMENSION TACIS®) ,DVH{153).IDVTI20Y, MVH{LI32) ,MVT(196)
CALL 3LIDE(©7,821%,2 L,oa.)
CALL, HMARGIH(# i#)
CALL XAXI3(&,1%35))
CALL YAXIS3(23i,5315)
CALL. LXTICK
CALL. LXVAL: _
CALL LXLASEL(i7H YTIMS IN JECOND3IIL7)
CALL LYTICK
CALL LYVAL
CALL LYLABEL(}SH HEIGHT (METRES;]16)
CALL EDGE3(&2i1,2)
CALL PTPLOT(TA,DVH,13¢,'3)
CALL INTRUPT(2,2)
CALL: POLYS(TA,MVH, 133)
CALL NEWFRAM
CALL SLIDE(E],122j,#1,830)
_ CALL MARGIN(m M
CALL XAXIS(J1,1399°])
CALL YAXIS(3143,3i7.D
CALL: LXTICK
CALL LXVAL :
CALL' LXLABEL(L7H TIMZ IN STCOND, 1,117)
CALL LYTICK
CALL LYVAL
CALL LYLABEL(L7H MIXED WAPER TEMP,17)
CALL EDGE3(&#41t,?)
CALL PTPLOT(TA,OVY,180,'13)
CALL INTRUPT(2,7)
CALL POLYSCTA,MVT, 123)
CALL NEWFRAM
CALL ENDFILM
RETURN
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c

C THIS PROGRAM CARRIES QT INEMPIFICATIUN PROCESS ON A VYPORISER SYSTEMY

c

DD 7

APPENDIX 4

Programs of the Identification of the Vaporiser System

4,1 Program VAPOUR

PROGRAM YAPDUR(CINPIT, UITPUT,TAPELSINPIT, TAPE2=0UTPUT)

REAL DVH,DVP,4VHT,MyBY
REAL MYPIC,MVHIC,“PBGIC :
REAL K1,K2,KCpLAMDA, MGIC, MG, MYH MYP | A

DIMENSION ERS(182),ATAC(I82, 5 W (2269),VA(2),VB(4),A1(6,102),

1 A2(546),A3CE,'1) 184 05,05

DIMENSION X(9),EC2 51),NT(2,51Y,'YY(2),F(9,4),DFDY(9,9),DIF(9,7,2)

_COMMON RL, SH, LAMDA, HTC,HY, DVMAV voLY,.
KGeK],K2,3PH, 5P, 1 4. ‘
PH,PD3, TL, MVH, MVP,IOL ,.7,108,ITR, POV,

VP&;RAD,BHN,Rﬂ,?ﬁﬁ?ﬂﬁ(EL}J@H;TH;EaifI,

i

- -
3 FRAL(21),FVP1(21),FVP2{21),VP1,RAL, MG,
4
5

-

e VPICL,VPIC2, 3P ICH, 3P {CP

CGMHOHJGDMTABf?aacz),PRatéygxIC(Q)Jysce,sz),Y(z,sl).EaNn,or,Nxx,

NIS,TRIN, N33, NYY, PR ISY ITRAT,IRR,UT
COMMOH!?LGT/TA(Bl);D?H(S;}35??(51}JMVHT(S;)EHVPv(SI)

r

NAMELISTS

NAMEL IST/DTAZRL, DV, AV, SH,ALAMDA IVOLY,KG,
i ; AYC, K1 K2,V 3HY IR, IRAD JLA
NAMEL IST/FUNCS/FRAL,FVPL,IFYP2.iFNd

NAMEL IST/ZCONT Z3PH, SPICH, 3PP ,i3PICP
NAMELIST/80UND/PH, PBS, TL YD, 23
READ(1,DTA)

READ(},FUNCS)

READ(1,BOUND)

READ(4,CONT)

READ (4§, i9)NY, N3, NX,NPA,'NPB

18 FORMAT(3Ii3)

-

CALL CAM3ISMM
PARAMETERS REMMRED BY THEZ IDENTIFICATION PRUCESS

NP=NPA+NP3
IERG=MYXNS
K=hP+3+NP /LD
IH=2*IERS+1*“°#IERJ*H“?;F?*H?%H?Y/ZrKk(2§IERSP?*NP)
DO i Izlg\“pk
VA(L) =2 |

DO 11 I=t,NPB
VB(1) =3 Ji}

YOPT=i

PRA(L)={"]D
PRA(2)={!lla
HTC=248 3 '24PRACL)
K2=7 JH4Z1 4xPRACD)
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c

C CALCULATE INITIAL CONDIFION.

c

C

€1 CALL SUBROUTINE WHICH COGRDINATE3 THE 3

Ci

c

PYGIC=249 [544%3PICP

PVIC=PVGIC+PA g
RGIC=(PVIC/}IJES+2,J879) 75 1143
TBIC=(PVIC/S53.ITI#x () Yi’a DTIV/RGIC
AVIC=KCXxSART((PVIC+POSI A{PVIC PI3) /TRIC) ZREIC
ABIC=RGICXQVIC/RL.

MyPIC=3PICP

MYHIC=5PICH _

MPBIC=MVPICH(RLAMVHIC) #{RH*#215443 j2})
PBGIC=249 _5444MPRIC

_PBIC=PBCIC+PA

ZIC=(P3ICaPVIC) ZCRLA9.J31)

_ MGICHRGICHCVOLY4AV*ZIC)

QLIC=Q3]C

_ PI=PH+PA

RAICL=QLIC*SART(K2/(PI-1PR1Z4K1%ALICHALIC))
CALL.FUNC(RAICd;FRAI,?VPl,ELJVPltiﬁI)

TNIC*(93IC*RL&LA“DA%QLIEtﬂLtSHt(?LAfBIC)kLA)f{3b14159kDVtZICtHTC)

+T8IC

QNIC=27JaxHTCA(THICNTBIC) AZIZ#3 J{ 4159 4RADARAD #(RADARWASH A

(TO~THIC))
CALL FUNC(QWIC,FQY, FVP2,2iVP1C2,0)

CALL. IDUNDYS(NY, N5, NX,NPA,INPR,ND 'ER5;'TERS, ATAC, W

ALpA2) A3, A4, 110PTY

1
IF(IERINE J3) WNRITE(2,253)
209 FORMAT(23HOAxATDUNDYS FAILI'IREwx«)

g4 :
C CALL PLOTTING SUBROUTINE

CALL PLOT(TA,DVH, DV, MVHT,MV2VY
sTOP
END
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Subroutine IDUNDYS
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4.3 Subroutine MODEL

SUBROUTINE: MODEL CDERX, X, T,INXX)i

THIS SUSROUTINZ MODELS THE VAPORTSER $YaFEM ON THE ASSUMPTIUN OF
PERFECT MIXING CONDITIONMS,])

REAL K1,/K2,KGpLAMDA, MGIC, MG, MVH MyP | A MPS
DIMEN3SION DERX(9),X (23 .
DIMEN3ION X(?),E(Z;51){H?{2351YﬁYY(Z}rF(9,4){DFDY(9,9),DIF(9;7;2)
COMMON RL, SH, LAMDA, HTC,'HY,DV,AV,vaLy,)
KGyK1yK2,3PH, 3PP, L4,
PH,PDS, TL, MVH, MVP QL ,7,ia8 T8, PR, AV,
FRhl(21],FVP1(21)JFVF2(21¥AVP1ﬁRA1;MG£
VP2, RAD, SHW, kW, T3, 'FRA{211,00K,T4,PA, P1.
. e VPICE,YPIC2, sPICH 2 ICP. ,
COMHDN/GDNTAB!PR&(Z),PﬁﬁidTrIICIQIJYA(Qfﬁi)fYC2a51),EBND;DTrer
1 NIS,TFIN,NSS,NYY, Pr(SY TRAT,IKR,WT
COMMON/CHECKZ NN, IN :
COMMON/VAL/RG,PVH, PBH, Vi V2, Vid, Vi1
COMMON/VALUEZS, ICOMINT

o GN e

CALCULATT CHEBYCHZY POLYNOHLALS

Tad=1 ]
TOR=2 /38 3 IxT ot .
TLI=TOR
T2=2. Ik (TOR**2) mii |
T3=4, 05 (TOR*#3) 3 1xT0R

ono-

. ATTACH CHEBYCHZY POLYNOMIALs FO HOY WATER TEMPERATHRE

TIN=TOX(PRB(1) TOH+PRAL2) T L+PRB(IVET2+PRE(4)YATX)
HTC=2%82 BxPRA(L)
K2=7 J14E1 4xPRA(2)
ZaX(1)
-~ IFCZIGT.I4 j65)Z=22 155 :
IFCZAT 8 1) 223 40 |
MG=X(2)
TW=X(3)
MPB=X(4)
YP1=X(3)
MVP=X(6)
VP2=X(7)
IFCTINILT T TIN=TY
VPi=1 24YPIC}
VP2=VPIC2
RG=MG/(VOLVwAVAZ)
IF(RGQLT@?HQJZ23)RG=?J44?23
PV=2 (=8 6794201 432R5) #{ ES
T8=(PV/S3 7y % k() ;2/2.1971) 236
IFCT8 LT . YL)TS=TL
PVG=P VHPA
PVW=PVG/249 iS31
UV=SIGN(KG*&QR’(AH;((”V&"DS}*(PVJPG;)?TR))fRG,PVaPDS)
IFCAY LT Sl avaan
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L ¢
THIS SUBROUTINE CALCULATES THE HEIGHT AND VAPOUR PRESSURE USING

c
c

o

- CALC

Mo D)=

CALL FUNCCVPL,FVPE,FRAY,21.RALITY
CALL FUNC(VP2,FVPZ,FQA, 21,04 11Y
PB=PV+RL*9 3t x7

PEG=P3=PA

PBW=PB86/249 544 ,

IF(RALICT o 2&a21)50 TO 2

QL=35

GO 1O 3 _
OL=SIGN(SART (ABS(PI PB) 2 (X1 +K22(RAIXRALDY), PI +PH)
VIS {52%HT XDV &Z & (TW{T3Y
VZ=RLXQL*xSH* (THE«TL)
IFCOL LT a8 sy v2=n i3
IFCQLJLT'19708) AL =2 4
IFCVELTIICVZHLAYIVESV24L A
A8=(V]«V2alA) 2(RLALAMDA)
VIG20WX(TINATA) 2(Z*#3 114159310 4DY
V1= 3%HTCA (TW~TR) /(RADARANSHN),
DERX(1)=(AL«33) 2AV s

DERX(2) 3RLA0B =RGxQV
DERX(3)3Vis8avit e
DERX(4)=2 jox(PBW-iX(4))
DERX(3)=4.8 _
DERX(6) =22 [Ox (PVH-IX(5))

DERX(7) =4 2 :

DERX(8) =43 ja

DERX(9)z2 13

RETURN

END

4.4, Subroutine CUTP

SUBROUTINE: oUT2(T,X,Y)

-REAL Ki,K2,KG,LAMDA, MGIC,MS,MVH MVP, LA, HP8

DIMENSION X(92),Y(2)

ULATED. VALUES OF STATE VARIASLES)

COMMON RL, SHp LAMDA, HTC, 5V, DV AV, iVOL Y,
KG, K}, K2, 3PH, 3PP, 4, i
PH,PD3, TL, MVH, VDAL Z,i03,1%8,p3,0Y,
FRAL(21),FVPL{21) /FYPR2LV, VP ,RAL, MG,
VP2, RAD, SHA, kW, TU,FANCZL 5 JA4, TH, PA,P]
e YPICYL, VPICR, SPICH, P ICP

Y(1)=254%2 ja | #RWa(X(3) 4X 5 Y230

Y(2)=X(6)

MYH=Y({)

RETURN

END
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Subroutine MCONIT
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4.7 Subroutine FUNCTI

C.
C THIS SUBROUTINE IS CALLED BY E£234A8F AND CALCULATES THE MODEL RESPONSES
C AND OBJECTIVE FUNCTION)]
c
DIMEN3ION ERS(1282),E5{142),15M(142)
DIMENSIOM E3(?)
DIMENSION X(2), E(2051)34'L~35§fﬂYYc2) F(9,4),DFDY(9,9),DIF(9,7,2)
C0“4J”/CDN’&BIPR~(’) A3Y,XIC(9),YAC2,51), Y(2,51), EBND eDT, NXX,
| NI3,TFiN, N;S,NYY PR{SY,ITRAIJRR,WT
COMMON/PRINT/Z Z35T,349

BMMOMICHrcnfxnn,;N
COMMON/VALUEZ 38, ICOUNT
EXTERNAL 0OUT,MODEL.

PRA (1)=PRX
TAB=2 4
.25 CALL INCON(PRX)
DO 2 I=1,NXX
- EB(I)=ESND
2 X(I)=XIC(X)
IERS= 32
Ta=sly
DLY=DT/FLOAT (NI
ICOUNT=ICOUNT 1
TEND= ]
DEL=3JB
IFAIL={ .
ITE=2
DD 3 I=i,NS5
T=Te
CALL QUTP(TE,X,YY)
DO & J={,NYY
Y(J,D)aYY(JT)
EJe D)=y (I, D) wYACT, 1D
K=I4#N3S%(Jsdi)
c.
C: CALCULATE THE TIME-VARYING UNCIRTAINFY
c
TOR=2_J/583" IaT w1 J
Taz=1y
T1=TOR
T2=2 )% (TORA#2) %1}

T3=4 )5 (TORAA3) <3.4nT0OR
8522hPR3(|)kTaa+PRRL2)kf1+"38t1)kf?rPRRL1)*?1
ESCKISCATCI, 1) XECT, D)) 222
SM(K) = (RRX(3B22+TRAS) I wa2

18 ERS(KI=SQRT((AT(T, 1) #E {1, IV %2+ (RRE(BB224TRAIN ) 2 22)
DO 3 N=i,NI5
TEND=TZND+DLT
CALL D32AJF (7o, TEND, X, NXX MUDEL I0ELER, TTE, TAR,ONT, F,OFDY, DIE,
i IFAIL)
3 CONTINUE
S=d g3
EST=#,13
SMO=F 3
DO 7 1={,IER3
S=S+ERS(I)xA2
EST=EST+ES(I)
CSMU=3IMO+SM(I)
7 CONTINUE
15 RETURN
END

S T S
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4.8 Subroutine INCON

SIBROUTINE INCIN(PRA)

' THIS SUBROUTINE CALCULATES THE IMIYIAL CONDITIONS WHICH ARE FUNCTIO
' OF THE PARAMETER ESTIMATZ.L.)

REAL MVPIC,MVAIC,“PRIC ;
REAL K1,K2,KG,LAMDA, MGTC, MG MVH,MYP LA
DIMENSION X(9),E(2,51),'AT(2, 1Y, YY(2),F(9,4),0FNY(9,9),DIF(9,7,
COMMON RL,SH, LAMDA, HTC,'HY, DVIAV,iVOLV,!
KG;K;,&'Z, SPH,_‘;P?'L::”‘ .
PH,PD§, TL,MVH,MVP JAL,'7,iQ8 IT8,PB,QV,
FRAL(21),FVP1(21),FVP2(21),VP1,RA} MG,
VP2, RAD, SHW, RN, TO,FAN(21),/4,TH,PA,P1
e VPICL,VPIC2,5PICH, 5PICP;
COMMON/GDNTAB/ZPRF (2),PR3C4Y JXICCI)IYA(2,54),Y(2,51) ,EBND, DT, NXX
_ 1 NISeTFIN,NE3,NYY,PR{OY A TRAJJRR,MT
S HTC=2w8 @& 18xPRA
TAIC=353.138
PVGIC=249.[544%3PICP
PVIC=PVGIC+PA
RGIC=(PVIC/ZIIES+9.jar9) 23 11 48
T3IC=(PVIC/53 7)) ev~() 1020 1974 YZRGIC ]
QVIC=KCASART({(PVIC+PDIY x(PVICPDSYZTRIC) /RGIC
QBIC=RGICAAVIC/RL
MYPIC=3PICP
MVHIC=SPICH
MPBEIC=MVPICH (RLAMVHIT) 2 {RA+2 1544 J3})
PSGIC=249 {S44xMPRIC
PBIC=PBGIC#+PA
ZIC=(PBICSPVIZ) ZCRLAD.JRLY
MGIC=RGICX(VOLV 4AVXZIC)
eLIC=aBIC
PI=PH#PA _
RAICI=QLIC*SGR?(K2/(PI4PBI€3KIknLIC~ﬂLIC))
CALL  FUNC(RAICY,FRAL,FVPL,21,VPICi, )
LA=3314159;DV~ZICrHrcx(rwlcqrszchnaxc*RLxLAwUA+anctRLxSH*
§ (TLaT31C) :
oHIc-zga*HTc*(rwxcdfaic)tZIchWt4159&RA0*RAD!(RAD*Rw*suw*
{0 (TOxTHIC)) '
CALL FUNC(ﬂWICy?QN,vazleJV?I:QJJ)
XIC(LI=ZIC _
XIC(2)=MGIC
XIC(3)=TWIC
XIC(4)=MPBIC
XIC(3)=VPIC]|
XIC(8)=MYyPIC
XIC(7)=VPIC2
XIC(8)=atll
XIC(2)=¢dl
RETURN
END

N
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4.9 Subroutine FUNC

c:
c
: SUBROUTINE FUNC(X,A,8,N, Y JIERRY
o
C' THIS SUBROUTINE CALCULATES THE VALMZ OF YCORRESPONDING TO X WHICH LIE:
C IN THE RANGE A«B 3Y INTERPOLATION
c
DIMENSION A(1),8Ci)
IF(X=AC1))2,1,1
1=2
IF(I=-N)3,3,9
IF(X'A(I")‘*'“:& y
Y=B8(I=f) +(XmACTt)) > (R{LY PLialdY/CACII~NALTIHI))
IERR=%
GO T0 7
8 Y=B(})
GO TO 5
9 Y=B(N)
5 1ERR=|
GO 19 7
6 I=I+1
GO 1O 2
7 RETURN
END

B WA e

,4.10 Subroutine OUT

_ SUBROUTINE OUT(T, X, HT,N,TAR).
c i .
C: THIS SUBROMTINE 13 CALLED RY THE IDENTIFICATION SIIBROUTINES TO QUTPUT
C: INTERMEDIATE RES!LYS
c .
DIMEMSION X(9)
COMMON RL,SH, LAMDA, HTC,'HV, DV AV, voLY,)
KGrK1pK2,3PH, 5PP LA
PH,PDS, TL, MVH, MVP Q1,17 103,178, P3 0V,
Fﬂﬁl(21);FVP;(23)gFV??ikaﬁgVPl.ﬁhs,HGg
VP&;RAD,&Hﬁ;RNfTQQFDHCZii;aﬂpfﬂgPA,PI
; e VPICY, VPICR, 5P ICH,I571IC°
COMMON/VALZRG, PVH, PRW, V1, IV2,Vi 3,V
NRIIE(Z:lS?T;X(l).“VH,Kg?lﬂﬁGA?VHgX{Gi;PﬂwéxidlpTH,TNfGV;QL;ﬂB,VI;
i VZ,Vig, Vit
12 FORMAT(F? i, 4F 2,15, 4F2. 3,275 )1,3F 12 .17 7F6 .41, F3 )1, 2F552)
RETURN
FND

O s LR =
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Subroutine PERAS

4.11
SUBROUTINE PERAS(NSyNPyP4EsSyCP,FUNCT4AJAC,A1,A2,A3,Ak,Y)
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S COMPUTED USING STUDENT T DIST.
)
DENCE TOLERANCES ON PARAMETERS//(1H ,
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4,12

Subroutine PLOT

SUBROUTINE: PLOT(TA,DVH,'DVP, MVHT MVPY)

c

C THIS SUBROUTINE PLOTS RESULTS ON MICROFILM
c

REAL

DVH, DVP, MVHT, My®Y

DIMENSION TA(31),MVHT(51),MVPV(51},DVH(51),DPVP(51)

CALL.

CALL
CALL

CALL.
CALL.

CALL

CALL.
CALL
CALL

CALL

CALL

CALL

- CALL.

CALL

CALL
CALL

CALL
CALL
CALL
CALL
CALL

CALL.
CALL.

CALL

CALL.

CALL
CALL
CALL

CALL:

CALL
CALL

SLIDE(&T,1%3j,a1,3)),
MARGIN(Z j3)

XAXIS (8T, %35 )

YAXI3(uDd8,2.414)

LXTICK

LXVAL: - .

LXLASEL(i7H TIME IN SICONDSILUY
LYTICK

LYVAL: . ;

LYLABEL(}8H HEIGHT {MITRE3),'16)
EDGES(53i1,2)
PTPLOT(TA,DVH,3{,5)
INTRUPT(2,2)

FOLYSCYA,MVHT,51)

NEWFRAM

SLIDE(e, 122 4,81, 83)
MARGIN(Y 33)

XAXIS(47,533,))

YAXIS(3,14)

LXTICK

LXVAL: -

LXLASZL(L7H TIME IN LECONDLI)MT7)
LYTICK

LYVAL

LYLABEL(i7H VAPOUR PRISSUREJNT7)
ZD0GE3(&711,2)
PTPLOT(TA,DVP, 51, 11)
INTRUPT(2,7)

POLYSC(TA,MVYPY,51)

NENFRAM

ENDFILM

Ci raxkakkxrrkxx O A S 5 | Favsearcdaescks

END

WELL RETURN
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APPENDIX 5

Miscellaneous
5.1 Program Plotter

THIS PROGRAM PLOTS THE PERFORMANCES OF THE CLASSICAL
LEAST SQUARES AND THE SMOOTHED LEAST SQUARES TECHNIQUES
AGAINST THE NUMBER OF OVERALL ITERATIONS WITH REGARDS
TO THE PARAMETER ESTIMATE (PRA) AND THE OBJECTIVE
FUNCTION.

DIMENSION SPRA(20), CPRA(20), FIERS(20), SESS(20), SESC(20) |

1 ,SPRAL(20), CPRA1(20), FIERS1(20), SESS1(20), SESC1(20)

READ(S, 5)NPLOTS : s
5  FORMAT(I23) ‘ N

X1=15. N e e

X2=95. I T S O B

X3=175. N = L e

Y1=15.

Y2=110.

Y3=140.

Y4=235.

CALL B1302

DO 999 II=1,NPLOTS

CaLL DEVPAP(210.,297.,0)

CALL WINDOW(2)

CALL PENSEL(O,0.,0)

CALL CHASIZ(2..,2.)

CALL CHASWI(1)

READ(S, 10) ITERS

1TERSS=ITERS
10  FORMAT(213)

READ(S, 15) (SPRA(I), I=1, ITERS)

WRITE (6, 88) (SPRA(I), I=1, ITERS)

READ(S, 15) (SESS(I), I=1, ITERS)

WRITE(&, 88) (SESS(1), I=1, ITERS)
15 FORMAT(9E15. &)
88 FORMAT(9E12. 3)

§=10.

F=1. OE+4

D=0. 001

U=0. 001

P=0. 001 e -

R=0. 001 T

@=0. 001

H=0. 001

@=10.

A=0. 001

B=1. OE+4

C=0. 001

FIERS(1)=0.0

DO 55 I=1, ITERSS

FIERS(I+1)=FLOAT(I)
S5 CONTINUE
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25

37

20

45

50

ITERS1=1TERS-1

DO 25 I=1, ITERS1
SPRA1(I)=SPRA(I+1)
SESS1(I)=8SESS(I+1)
CONTINUE :

DO 37 I=1,ITERSS
FIERS1(I)=FIERS(I+1)
CONT INUE

DO 20 I=1, ITERS

IF(S.
4 2§
IF (U,
IF (A.

GT. SPRA(I)) S=SPRA(I)
GT. SESS(I)) F=8ESS(I)
LT. SPRA(I)) U=SPRA(I)
LT. SESS(I)) A=SESS(I)

CONTINUE
DO 45 I=1, ITERS1

14 g
IF(R.

LT. SPRA1(I)) P=SPRA1(I)
LT. SESS1(I)) R=8BESS1(I)

CONTINUE

IF(Q.
IF(A.
IF(B.
IF(C.
IF(G.
IF(H.

LT.S) 8=Q
GT.D) D=A
LT.F) F=B
G6T.U) U=C
GT.P) P=G
GT.R) R=H

§6=5-0. 01%#8

DD=D+0. 01%D

UU=U+0. 01#U
FF=F-0. 01#F
PP=P+0. 01%P
RR=R+0. 01#R,
WRITE(&, 50)DD, FF

FORMAT (17HTHE VALUE OF DD= ,F12. &, 17HTHE VALUE OF FF= ,F12. &)

CALL
caLL
CaALL
CALL
CALL
CALL
CALL
caLL
CALL
CALL
CaLL
cAaLL
CALL
caLL
CALL
CALL
CALL
CALL
CaLL
CALL
caLL
CALL
CALL
CALL
CALL
CALL
CALL
CaLL

AXIPOS(1, X1,Y3,80..,1)
AXIPOS(1, X1, Y3, 95..,2)

AXISCA(1, ITERSS, 0. 0, FLOAT(ITERSS), 1)
AXISCA(1, ITERSS, S5, UU, 2)
AXIDRA(+2, +1, 1)
MOVTO2(X1+30. , ¥Y3-7.)

CHAHOL (1SH#U ITERATIONS#*. )
AXIDRA(+2, -1, 2)
MOVTO2(X1-7., Y3+40. )
ROTAT2(%0. )

CHAHOL (17H*U VALUE OF PRA%*.)
ROTAT2(-20. )

GRAPOL (FIERS, SPRA, ITERS)
GRASYM(FIERS, SPRA, ITERS, 7, 0)
AXIPOS(1, X2, Y¥3,80.., 1)
AXIPOS(1., X2, Y3, 95..,2)
AXISCA(1, ITERSS, 0. O, FLOAT(ITERSS), 1)
AXISCA(1, ITERSS, FF, DD, 2)
AXIDRA(+2, +1, 1)

MOVTO2(X2+30. , ¥Y3-7.)

CHAHOL (15H#U ITERATIONS#. )
AXIDRA(+2, -1, 2)

MOVTO2(X2-7. , Y3+40. )

ROTAT2(90. 0)

CHAHOL (23H*U OBJECTIVE FUNCTION:¢. )
ROTAT2(~-90.)

GRAPOL (FIERS, SESS, ITERS)
GRASYM(FIERS, SESS, ITERS, 7, 0)
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A

CAaLL
caLL
CcaLL
CALL
CALL
CALL
CaLL
CaLL
caLL
CaLL
CALL
caLL
caLL
caLL
CALL
CAaLL
caLL
CALL
CaLL
caLL
CaLL
CALL
CALL
CALL
CALL
CALL
CaLL
CaLL
caLL
CALL
CALL
CALL
CALL
CaLL
CALL
CALL
CALL
CALL
CaLL
CALL
CALL
CALL
CaAaLL
CALL
CALL
CALL
CALL
CALL
cAaLL
CAaLL
caLLl
cAaLL
CALL
CaLL
CALL
CALL
CALL
CaLL

AXIPOS(1,X1,Y1,80..,1)
AXIPOS(1, X1,Y1, 95..2)
AXISCA(1, ITERSS, 0. 0, FLOAT(ITERSS), 1) _

AXISCA(1, ITERSS, SS,

AXIDRA(+2, +1, 1)

MOVTO2(X1+30. , Y1-7.

PP, 2)

)

CHAHOL (15H#U ITERATIONS#*. )

AXIDRA(+2, -1, 2)

MOVTO2(X1-7., Y1+40. )

ROTAT2(20. )

CHAHOL (17H*U VALUE OF PRA#. )

ROTAT2(-90. )

GRAPOL(FIERS1, SPRA1l, ITERS1)
GRASYM(FIERS1, SPRA1l, ITERS1,7,0)
AXIPOS(1, X2,Y1,80..,1)

AXIPDS(1, X2, Y1, 95.

1 2)

AXISCA(1, ITERSS, 0. 0, FLOAT(ITERSS), 1)

AXISCA(1, ITERSS, FF,RR, 2)

AXIDRA(+2, +1, 1)

MOVTO2(X2+30., Y1-7.) : omE e L
CHAHOL (15H*U ITERATIONS#. )

AXIDRA(+2. _11 2)

MOVTO2(X2~-7., Y1+40. )

ROTATZ2(R0. )

CHAHOL (23H#U OBJECTIVE FUNCTION*. ) -"

ROTAT2(-20C. )

GRAPOL (FIERS1, SESS1, ITERS1)
GRASYM(FIERS1, SESS1, ITERS1, 7, 0)

MOVTD2(X3, Y1)
LINTO2(X3, Y2)
LINTO2(X1, Y2)
MOVTO2(X3, Y3)
LINTD2(X3, Y4)
LINTO2(X1i,Y4)
MOVTO2(X1, ¥3-8. )
LINTO2(X1, Y2+7.)
LINTD2(X3, Y2+7.)
LINTO2(X3, ¥Y3-8. )
LINTO2(X1, ¥Y3-8. )
MOVTO2(X1+6. , Y3-12.

CHAHOL ( “#U THE ABOVE TWO GRAPHS SHOW HOW THE VALUES OF#. )

)

CHAHOL ( “#U PRA AND OBJECTIVE FUNCTION#*. 7)

MOVTO2(X1+6. , Y3~-15.

CHAHOL ¢ “#U VARY WITH THE NUMBER OF OVERALL ITERATIONS#*. /)

)

CHAHOL ( ‘#U WHILST THE LOWER TWO GRAPHS#. )

MOVTO2(X1+4. , Y3-18.
CHAHOL ( ’#U COMPARE THE PERFORMANCE OF CLASSICAL LEAST#. )

CHAHOL ( '#U SGQUARES

MOVTD2(X1+6. , Y3-21.
CHAHOL ( “#U TION NO.

CHAHOL ( “#U SQUARES

MOVTOZ2(X3-40. , Y4=10.

SYMBEOL(7)

)

TECHNIQUE (AT ITERA~%. )
)

1) WITH THAT OF THE SMOOTHED LEAST#,

TECHNIQUE*. 7)
)

CHAHOL ( 7=y S/W APPROX. *. /)
MOVTD2(X3-40. , Y4-15. )

SYMBOL (4)

CHAHOL ( “=#U CHEB APPROX. #. *)

PICCLE

CONT INUE

CALL
STOR
END

DEVEND
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5.2 Program CHEB

C THIS PROGRAM PLOTS CHEBYCHEV-FORM UNCERTAINTY
C
DIMENSION X(51}),Y(51)
CALL B1302
CALL DEVPAP(170.0, 120. 0, 0)
CALL WINDOW(2)
CALL PENSEL(0,0..,0)
READ(S5, 25)N _
25 FORMAT( ‘READ NUMBER OF INPUT DATA’, I3)
DO SO K=1i,N
READ(S, $)A, B, C,D,E, F
S FORMAT(&E1S. &)
WRITE(&, 15)
15 FORMAT(4X,6H TIME,8X, 2HBB)
T=0.0 ;
DO 20 I=1,51
TOO=1.0
TOR=2. 0/500. 0#T-1. 0
Ti=TOR
T2=2. 0% (TOR#%#2)-1. 0
T3=2. O0#T2#TOR-T1
T4=2, O#T2%#TOR-T2
TS=2. O0#T4#TOR-T2
BB=A#TOO+B#T1+C#T2+D#T3+E#*#T4+F*T5
X(I)=T
Y(I)>=BB
WRITE(&,30)T., BB
30 FORMAT(F10.2,F15.8)
T=T+10.
20 CONTINUE
CALL GRAF(X,Y.51,0)
CALL PICCLE
S0 CONTINUE
CALL DEVEND
STOP
END
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5.3 Program SINE

C THIS PROGRAM PLOTS THE SINEWAVE-FORM UNCERTAINTY
c
DIMENSION X(101),Y(101)
CALL B1302
READ(5, 25)N
25 FORMAT(I3) : £ " _
DO 50 K=1,N R I e s by
CALL DEVPAP(170.0,120.0,0)
CALL WINDOW(2) :
CALL PENSEL(0,0..,0)
READ(S, 5)A,B,C, D
S FORMAT(4F15. 8)
WRITE(4, 15)
15 FORMAT(4X,&6H TIME, 8X, 2HBB)
T=0.0
DO 20 I=1,101
BB=A+B+#SIN(C#T+D)
X(I)=T
Y(I)=BB
WRITE(&, 30)T, BB
30 FORMAT(F10.2,F15.8)
T=T+10.
20 CONTINUE
CALL GRAF(X,Y. 101, 0)
CALL PICCLE
50  CONTINUE
CALL DEVEND
STOP
END
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