
   

Copyright  and  Reuse:  Copyright  and  Moral  Rights  remain  with  the  author(s)  and/or

copyright  holders.  Copies  of  full  items  can  be  used  for  personal  research  or  study,

educational, or not-for-profit purposes without prior permission or charge, unless otherwise

indicated,  provided  that  the  authors,  title  and  full  bibliographic  details  are  credited,  a

hyperlink and/or URL is given for the original metadata page and the content is not changed

in any way. For full details of reuse please refer to City Research Online policy.

City Research Online:            http://openaccess.city.ac.uk/            publications@citystgeorges.ac.uk

Citation:  Shehabi, S. A. (1981). Investigation into the performance of 
identification techniques applied to uncertain dynamic systems. (Unpublished 
Doctoral thesis, The City University, London) 

This is the accepted version of the paper.

This version of the publication may differ from the final published version. To cite 
this item please consult the publisher's version.

Permanent repository link: https://openaccess.city.ac.uk/id/eprint/36913/

 

City Research Online
City St George’s, University of London

https://openaccess.city.ac.uk/policies.html
mailto:publications@citystgeorges.ac.uk
http://openaccess.city.ac.uk/


INVESTIGATION INTO THE PERFORMANCE

OF IDENTIFICATION TECHNIQUES

APPLIED TO UNCERTAIN DYNAMIC

SYSTEMS

by

Saeed Abdulnabi Shehabi

A thesis submitted for the degree of

Doctor of Philosophy

The City University, London

Department of Systems Science

Macch, 1981



CONTENTS

Acknowledgement

Declaration

Abstract

Principal Nomenclature

1. Introduction

ted

1.2

Contribution of the Thesis

Layout of the Thesis

2. Identification Techniques

2.1

2.2

2.3

2.4

2.5

Introduction

Model Structure

Classical Least Squares

Smoothed Least Squares

Filtered Least Squares

3. Mixing Tank System

3.1

3.2

309

Introduction

Plant Description

Mathematical Modelling

3.3.1 System with no Heat Losses

3.3.2 Computer Simulation

3.3.3 Step Response

3.3.4 System with Heat Losses

3.3.5 Step Response

Page

~ Wad.

16

18

9

21

23

23

24

25

26

29

29

35

36



4.

Page

Identification of the Mixing Tank System

4.1

4.2

Introduction

Program EXAMPLE

4.2.1 Subroutine SYSTEM

4.2.2 Subroutine OPTIM

4.2.2.1 Parameter Estimation Problem

4.2.2.2. Smoothing Problem

4.2.2.3 Convergence Criteria

4.2.3 Subroutine FUNCT (& FUNCTI)

Results

4.3.la Chebychev-form Uncertainty

4.3.1b Sinewave-form Uncertainty

4.3.2 System with Losses to the

Environment

Vaporiser System

Sak

Dae

5.3

5.4

Introduction

Plant Description

Instrumentation and Computer Control

Final Control Elements

5.4.1 Thermistor

5.4.2 Turbine Meter

5.4.3 Temperature Control of Hot Water Supply

Computer Control

Open Loop Response

Vaporiser System Models

5.7.1 Perfect Mixing Model -fast

dynamics assumption

Computer Implementation

Closed Loop Control

ii

38

38

40

40

41

42

42

44

45

49

Su

52

69

74

74

1S

80

81

81

82

82

84

86

89

90

98

102



6. Vaporiser Identification

6.1 Introduction

6.2 Open Loop Responses

6.2.1 Case 1

Coane Case 2

Cero Case 3

6.2.4 Case 4

6.2.5 Case 5

Identification Procedure

6.4 Results

6.4.1 Case l

6.4.2 Case 2

6.4.3 Case 3

6.4.4 Case 4

6.4.5 Case 5

7. Conclusions

7.1 Recommendations for Further Work

Appendices

Appendix 1

Al.1 The Smoothing Problem

Al.2 Optimum Solution to the Smoothing Problem

(calculus of Variations)

Al.3. Chebychev Approximation

Appendix 2 Integration Procedure

Appendix 3 Programs of the Identification of

the Mixing Tank System

3.1 Program EXAMPLE

3.2 Subroutine SYSTEM

105

105

109

110

112

i113

113

114

116

120

12)

124
135

139)

142

145

151

152

152

153

156

160

161

16d

163



Appendix 3

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

MODEL

OPTIM

ouT

FUNCTI

FUNCT

MONIT

PLOT

Appendix 4 Programs of the Identification

Appendix 5

References

of

4.1

4.2

4.3

4.4

*4.5

4.6

4.7

4.8

4.9

4,10

4.11

4.12

Mis

the Vaporiser System

Program VAPOUR

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

Subroutine

cellaneous

IDUNDYS

MODEL

OUTP

MONIT

FUNCT

FUNCTI

INCON

FUNC

out

PERAS

PLOT

5.1 Program PLOTTER

5.2 Program CHEB

5.2 Program SINE

163

164

165

166

167

168

168

169

169

aya

75

176

Ty

177

179

180

181

181

182

184

185

185

188

189

190



LIST OF TABLES

MIXING TANK SYSTEM

Chebychev-form Uncertainty

ate) Results obtained for Varying

with W(2) = 0.5 and R = 20.0

403.7 Results obtained for Varying

with W(1) = 10 and R = 20.0

4.3.12 Results obtained for Varying

W(1) = 10 and W(2) = 0.5

Sinewave-form Uncertainty

4.3.14 Results obtained for Varying

with W(2) = 0.5 and R = 20

4.3.18 Results obtained for Varying

with W(1) = 10 and R = 20

4.3.22 Results obtained for Varying

W(1) = 10 and W(2) = 0.5

SYSTEM WITH LOSSES TO THE ENVIRONMENT

4.3.34 Summary of the Results obtain

with heat losses

Values

Values

Values

Values

Values

Values

ed for

of

of

of

of

of

of

W(l),

W(2)

R with

w(1)

W(2)

R with

the system

56

oy

58

62

63

64

69



6.4.10

6.4.15

6.4.16

6.4.17

6.4.18

6.4.19

6.4.20

6.4.21

6.4.31

6.4.38

6.4.41

6.4.51

VAPORISER SYSTEM

Steady State Values as Measured on the

Vaporiser under Five Different Operating

Conditions

Summary of the Results obtained for Case

Results obtained for Varying Values of W(1)

where W(2) = 0.5 and R = 20, for a Sinewave-

form Uncertainty (for Case 2)

Results obtained for Varying Values of W(2)

where W(1) = 10 and R = 20 for a Sinewave-

form Uncertainty (for Case 2)

Results obtained for Varying Values of R

where W(1) = 10 and W(2) = 0.5 for a

Sinewave-form Uncertainty (for Case 2)

Results obtained for Varying Values of W(1)

where W(2) = 0.5 and R = 20 for a Chebychev-

form Uncertainty (Case 2)

Results obtained for Varying Values of W(2)

where W(1) = 10 and R = 20 for a Chebychev-

form Uncertainty (for Case 2)

Results obtained for Varying Values of R

where W(1) = 10 and W(2) = 0.5 for a

Chebychev-form Uncertainty (for Case 2)

Results obtained for Time-Varying Weighting

Matrices for both Forms of Uncertainty

Summary of the Results of Case 3

Summary of the Results when Bao is attached

to Mop (for Case 3)

Summary of the Results of Case 4

Summary of the Results obtained for Case 5

vi

111

121

125

126

127

128

129

130

131

135

137

139

142



7.2

CONCLUSIONS

Typical Results of the Identification of the

Mixing Tank System

Typical Results of the Identification of the

Vaporiser System

vii

146

149



, ACKNOWLEDGEMENT

I would like to express my thanks and gratitude

to my thesis supervisor, Professor P.D. Roberts,

who has not only been of continuous help and

advice, but also a source of encouragement and

inspiration.

Thanks are also due to    for his help

on the vaporiser rig, and the computer personnel

for their kind advice on programming matters.

Finally, I would like to thank   ,

for her enduring patience and constant support.

viii



DECLARATION

The author grants discretionary powers to the

University Librarian to allow the thesis to be

copied in whole or in part without further

reference to the author.



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.



eect ad Seeds
=

tow

PRINCIPAL NOMENCLATURE
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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

fF 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. In 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 system has been identified,

under different operating conditions, where the values of

the heat transfer coefficient (Hy) 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.



Hee

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.



Chapter 2

Identification Techniques

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.

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 presesses 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-line 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
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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 due 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. In

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. In 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.

oa 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 Georgantzis (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 ee

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 = +(x, u, of), meme 2.1

xy =h (x) ee 2 oe

where x =a n-state vector

u = m-vector of known input signals

xs = p-vector of constant model parameters

y = r-vector of model output responses

Xo = n-vector of known initial conditions

£ 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 parameter “sroesatte which
compares model and process observations at a particular

type and range of input signals u will also be valid 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:

I |e
x (x, Ur Blt) 2), xox 2-3

(x) "2.4

where B(t) is a q-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 values S(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 O&(t), which are set at

their nominal values, i.e.

Bilt) = Bee) 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) (J,(x))

regarding the error between the model and corresponding

system outputs, where

4

fe

Tg) “ff (y(t) -2 (t)) We (x(t)-2(t)) Fat 2.6

where T

Ww

observation time

positive definite weighting matrix, whose

elements are chosen to weight the relative

importance of the square errors

(y q(t) - a(t))?, i = 1, 2----r

The parameter estimation process may be defined as

attempting to solve the minimisation problem

Ms

min {ac ={ [ixtey = 2 co. Wyte) - 2(y)]ae]
io o

where

ce) oc)

2 REE uy Pie): «), x(0) = Xo

which may be solved using standard computer algorithms

(Roberts, 1977)
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Smoothed Least Squares Technique

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 theirnature. 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:

Js (Blt) «) = bili cy -20e))* we czce) - z(eyl+

[igte) - Brey *r. ere) Beri} at 2.7
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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 J, (&(t), x)

x Blt)

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 Blt) at its nominal value A(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 % which solve the

minimisation problem

. ~~ w~
min pe =/( (y(t) - 2(t))* we. (git) - 2 (t))] act 2.8
va °

where

y(t) = A(z) : ts
X = £ (% u, Blt), + x(t) {2(t) = z(t) f,

X(0) = x,

where x(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 uncertain

parameters A(t) set at their nominal values Bilt), 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(®) = 2P(t) x WwW 2-11

rhe

A ' Qel2
RUE, 7 2 Phi, WheBef P+ Pl x + 0-5f5)

x

where fy, £ and h x 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= [wt + any P(tyn Jt 2.13

Thus, the filtered least squares approach to determining

the constant model parameters % 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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3.2

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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3.3

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 O-10mv.

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 rig.

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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System with no Heat Losses

In modelling the mixing tank system, the following

assumptions have been made:

1)

2)

3)

4)

Continuous supplies of hot and cold water are

available and at constant pressure;

Perfect mixing takes place within the tank,

i.e. temperature in the tank is uniform, and

so is the outflow temperature;

Density and specific heat of water remain

constant over the temperature range involved;

Heat losses to the surroundings are negligible

(this assumption will be dropped later).

Now, the mathematical model is 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 mass ‘water in tank =

mass flow rate of inlet cold water +

mass flow rate of inlet hot water -

mass flow rate of outlet mixed water

da. (ARH es) i= Qe #5Q, Ci Q,-¢
dt

where

A = cross sectional area of tank (m?)

= height of water in tank (m)

Q = density of water (kg/m?)
Qe volumetric flow rate of inlet cold water (m?/s)
Of= volumetric flow rate of inlet hot water (m?/s)
Q_= volumetric flow rate of outlet mixed water (m?/s)

assuming constant density,

pe (One HeOr S00) eal
aA
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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.€.c.T,) SOP €sced et. Qy-@-c-Ty

3.2Q,:@-e-T,

c = specific heat of water o/kgoK

T = mixed water temperature (x)

Q= cold water flow rate ins)

Q,= hot water flow rate © (m-/S)

Q = mixed water (outlet) flow rate (m?/s)
ae cold water temperature (Ok)

T= 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,

he ee HT oe Geit On= BS = Ooo *Onth = Cots

tt ate =aee mi: (Tn - To) + O-(T, - 7) 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 O-1 and the

following equations are used to calculate the volumetric

flows:
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Cc c c

Q, =k, - yn

where

kh = hot water valve constant

k_ = cold water valve constant

ky = outlet water valve constant

ah. 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, Q, = 3x 10° m/s, Q.=2x10°m Ys, the
hot and cold water valves half opened, i.e. xT ace 0557

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

been obtained -

6 x 10 ~° m/sk, =

k, = 4 x10)" m/s
ky = 1058 xod0p? m 2/278

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

Using the steady state values of the two state variables

(h and T)) and the design values of the valve constants

and other variables, the tank has been simulated on the

Cpc 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 DO2AUJF

(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 vaive:

If a 50% change is applied to cold water valve i.e.

3 x 10°°m?/s,x_ = 0.75, then Q
ic c =6ia/

6.x'10 “mSQo - a

ae = 310-5 K,

h = 0.144m
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For this step change, the computer simulation gives

the open loop responses for h and To shown in Figs.

(2.2) 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

4.5x10°m7/s Q, = 6.5 x 10° a6 m /SQh

T 323°K‘s , 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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oe =h= (Q, + 9, - 9)

er 2 (nT, = 2 Oy (OR 7)

Since Q =K, vh, these equations can be rewritten as:

h=1/flo +0.) -Ko Tn | 3.42 [io So ae
Pal (9, T, +O, To - (Qh + 2%) 76] 3.5

Ah

It can be seen that Eqns. 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:

*,

@=f (z,w) 3.5

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

Let W be the corresponding value of w obtained by solving

Irn (z,w) = 0 for w, and define the small variations as

*Xx SZ h2i Sew w. Then a Taylor series expansion

linearises equation (5) to

x=Ax+Bu

If £, denotes h and f, denotes ae then:
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at af, ie ges

FR

ae, ae emo
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mie eye tL, af oh

mm,

at, af, : Che

aw, Gp Sw,

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 ae and the two inputs are Xo and Xx, But for

convenience an and Q, will be considered as the two

inputs since (for linear values) they are directly related

to the valve positions (x, and X,) through the valve
constants.
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eS > th [o, (er to) ato = t.)]

Bee rs ke

ah 5a Th

ag
ee

area

df, = a pemy [2 > to) - a - 7]

aeaneae = 1 [ 9 + QSe eg Ach eee e]

Se ae 7k
SF ai.
af, = a (he T)5 Gi mil. 4 (Tet a

30, a,

In matrix form

h ko ° h
hay RE +

to | | 2, [2 FrBo)-o 0% 1] -(Q,40,) To

an? ah
1 1 |
K x o

e (Tae) es (1-1 Q

36

At the steady state values of h = 0.1 and T, = 317% as the

Operating point, evaluation of the upper matrix will give:
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pe 0.00221 ° h 88.5 88.5 a)
1

0.00442 T 2.3x10* -3.45x104| | 2%He °

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

the equation | sz = al = 0.

7 (Sy - 0.00221) (So - 0.00442) =0

- S, = 0.00221 S, = 0.00442
hie de 2

The time constant is the inverse of eigen value

T) = 452 seconds Tt * 226 seconds

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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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:

d (A.h.0.8.7,) = O,.€.0.7,40,.0.6.7, - 0.0.6.2
at ° °

=e W.r.h.Hte. (T,-T,)

where

- = radius of the tank (m)

Htc = heat transfer coefficient of the tank wall SI units

Te = ambient temperature (°k)
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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.

. n ah “A aA 2
Wate. Geck(h otouee Dod) = O,.(.c.T) +) On.c.c.0R

at

OmeGec. 0) — dur Ha (Ta—t

aA

Sa Chyna am Q.@.c.7, +0 .0.a.7 -9 .€.c.7 =eseWeat el Be es ene. ¢
2 WereAyS: ee eee oe & (OS Ohne 0,)|

El [ (T)-To) - 2, (,-7.)] - 2), Hee aa(T =r) Sui
aoe CcO.r

Now, in the steady state, the values of all the variables

will remain as before except ey which depends on the

tc’ Graph (3.6)

shows how the steady state value of cS varies with Biot

io Big is too high, the losses to the surroundings will

be unrealistically high. Similarly, if Hee 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 H = 100 is accepted. This will
te

give a steady state mixed water temperature TT, = 315.34 =°K.

value of the heat transfer coefficient H.,

STEP RESPONSE

If a 50% step change is applied to the cold water valve

position so that xa = 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 (Tt), thus,

Ty = T, (1.0 + 0.01 x sin(wt) ) (See Fig 3.7)

This sinusoidal variation on TT, will have a direct

effect on Ty) 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 is 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. In 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

whilst 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 (hand a 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 (hand 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. In

this subroutine, the two state variables

(h and T.) are set to their previous 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 Ty and frequency of 7/100 rads/S is

superimposed on Thr thus:
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Ty = T, * (A + B x SIN(wt))

where

A = 1.0, B = 0.01 andw = _T’ rads/sec

100

The derivatives of the two state variables are

then calculated according to Eqs 3.4 and 3.5

The value of Ky (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) .

tate



4.2.2.1.

4.2.2.2.

Parameter Estimation Problem

This problem is concerned with finding an

estimate of the constant unknown parameter

k, (the outlet valve restriction constant)

using NAG subroutine EZ4ABF. 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

=

= - T -Yor & [z(a) h(x (4) )] ww. [2 (4) h (x(4))|

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

a Zio ~ h (x(4)j] 7.w.[z (4) - nix(i))] +

[Pras = Bom (if ore \rraj . Pan i 4.2.1

where

- Traj = nominal trajectory of the uncertainty

Bum (4) = 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 (fe) 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 processcontinues between

the two problems until a convergence criterion

is satisfied.

Convergence Criterion

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 Si, and on exit So and on entry to

the smoothing problem So and on exit $3, then the

criteria is satisfied only when Is, - s|<e,

where Eis an arbitrarily small number, otherwise

the iterative process continues.

A better and more accurate criterionwhich 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 unchanged 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 4.2.2In this

case, the objective function has a flat minimum

as illustrated below.
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this change in parameter value

has no effect on the value of

objective function.

Figs 4.2.2.< Possible behaviour of the objective

4.2.3.

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

EP4ABF and E#4FAF have been used. Subroutine

EQ@4ABF requires subroutine FUNCT1 whilst

subroutine EQ4FAF 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 E#4ABF and EQ4FAF.

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 Eqn 4.2.1.

The integration procedure is done using the

NAG subroutine D$2AJF 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 O - 100 seconds with samples obtained at

10 seconds intervals. These results [ncecer)]
(for height and mixed water temperature) are

compared with those obtained similarly for the

system simulation z(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:

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

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

#(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

Blt).

(b) if the uncertainty is approximated to by

a Chebychev polynomial; then its value

is calculated as:

Bleye= HG) er pe (2)5 yt 2 (2)) ete tue.

where tee Ti, T, «.. 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.
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The classical least squares solution is

obtained by startingthe identification

process with the time-varying uncertainty

set to its nominal value. The overall

objective function (EGn 4.2.1) thus

reduces to that of the classical least

squares. It must be noted that subsequent

solutions of the problem where the A (t)

has values different from its nominal

value are smoothed least squares solutions.
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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 ifisulated 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 (HL):

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 Ty,

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 Ty and aT, respectively.

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 (k,)

Column 4 - smoothed least squares solution of the

estimation parameter (k,)
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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: ade Rie x
Ns “rajIKIR

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 Watt) 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

response
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.la and

4.3.15 two of these three weighting matrices are kept

constant whilst the third is varied as shown.
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4.3.la

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(1) and R are kept at 10.0 and

10.0 whilst W(2) is varied from 0.1 to 5.0. In

table 4.3.12 W(1) and W(2) are kept at 10.0 and

0.5 whilst R is varied from 1.0 to 1000.0. In 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 TT) are

summarised in Tables 4.3.1, 4.3.7 and 4.312 In

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(1) is increased

the classical least squares technique yields results

(for kQ) 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 Ky 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(1) as in Fig. 4.3.2.
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The effect of the weighting matrix W(1) on the

parameter estimate ky 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 ky by the equation:

Can koh

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(1) = 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 (k,)

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. In 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(1), 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 sauares and the smoothed least squares techniques.

As W (2) is increased, the parameter estimate ky 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 ky 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 Ky (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 (k,)- 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 Kor and have, thus,

not been presented here to avoid repetition.

= 5A



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

objective function to zero. However, the smoothing

which gives the uncertainty values other than its

nominal trajectory, results in improved parameter

estimates of Ky 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.
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casH = Ww | PACK.) | PRA) | PRB(L) PRB (2) PRB (3) PRB(4) PRB (5) PRB (6) No. oF | cP TIME
(Daltetn Se loins: OVERALL | SECONDS

TITERS.

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| 0.862462] 0.24245 0.21172 | 0.00006 1 86

5 |100.0 |.0.99989] 0.999925] 1.00028 | 0.133447 | 0.4365 | -0.278794 0.29219 | -o.000148 | 12 120

Table 4,3.1 Results Obtained for Varying Values of W(1) with W(2) = 0.5 and R = 20.0
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10.0, W(2) = 0-5 R = 20.
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CASE Ay PRA (K.) PRA (K.) PRB (1) PRB (2) PRB (3) PRB (4) PRB (5) PRB (6) OaREET se

Teast s0.| LEAST SO. TTERS. | SECS.
SOLUTION SOLUTION

tk oO.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 0.75 150.9927, 0.9996 1.000107 |-0.003804 0.000132 | -0.003238] 0.000168 |-0.00191 4 12

4 10 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 aa bal

6 530 0.9572 0.9773 1.000007 } 0.253418] -0.383442| 0.237888] 0.378242 | 0.000396 12 144

Table 4.3.7. Results W(1) = 10,0 and R = 20.0.Obtained for Varying Values of W(2) with
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CASE R PRA (k.) PRA (k.,) PRB (1) PRB (2) PRB (3) PRB (4) PRB (5) PRB (6) INO.OF cP
C.L.S. SMLS OVERALL | TIME}

ITERS. SECS}.

os 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) 2 14

3 20 0.9965 0.999 1.000231] 0.349457 -0.549379 0.746591] -O0.144905 | 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(1) = 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

% = T, 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(1) 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 7

value of ky 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

59 =



matrix associated with the errors in the height

response is increased to 100 (Case 5) in Table

4.3.14, the correct value of ky 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 inguishable because the correct value of

Ls 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 Ky 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.

= bor



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 squares

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 ky. These improvements are of the same magnitude

as those obtained using Chebychev-form uncertainty.

The results obtained for varying values of W(1), W(2)

and R are almost identical to those already discussed

in Section 4.3.1la).

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.

Gi
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Table 4.3.14

jee | |
CASE | PRB(2) PRB (3) PRB (4) NO. OF C.P.

| OVERALL TIME
| i ITERS. SECS.

beeen ool oni 2 = e > jee oes See LN eT ale

| i
1 0.1 | 0.9503 | 0.9543 1.00 0.00067 | 0.000244 0.000437 aig t 51

nae eal a ——___—___—_— ere ee eee ereneneenenseeia ~ 1
{ i 1 |

2 | 1.00043 1.000127 0.004362 | 0.031312 0.074486 | 16 ' 255

i

3 10 | +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

Results Obtained for Varying Values of W(1) with W(2) = 0.5 and R = 20

for the Sinewave-form Uncertainty.



ae

HEIGHT (METRES)

MIXED WATER TEMP

T
Straight line = Model respmse

Unjoined points = System response

s1a,00

5.00

514,00

313.00

312.00

311.00

Fig.4.3.16. Qoen Loop Mixed Water Temperature

2.00

Straight line = Model response

Unjained points - System respmse

:

z re es = ibe
TIME IN SECONDS. x07

respmses of Simulated System

and Identified Model of Mixing Tank for the case where wW(1)=10.C

W(2) = O.r and R = 20.0. L



MIXED WATER TEMP

see

316.00

315,00

314,00

313.00

310.00

'

Straight line = Model response

Unjained paints = System response

Fig.4.3.17. Qoen Loop Mixed Water Temperature Responses of
Simulated System and Identified Model of the

Mixing Tank for the case where w(1) = 100,

w(2) = 0.5 and R = 20.
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CASE | W | PRA(K, | PRA(K, | PRB (1) PRB (2) PRB (3) PRB (4) NO. OF Cop.
Hi sen (2), bie Gadee ee Bet eset OVERALL TIME

3 ITERS. SECS.
| \ 

Sil boar ie

|

2 O1:,| 0. yaad Oe +999784 | 1.0 | 0.0 0.0 0.0 2 28

| a2 00.5 | 0.996 jan 02999 1.000245 | 0.000966 0.625273 | 0.066669 6 197

oak th era aL A eel a ee ee

Se 
|

3 0.9996 1.000136 |-0.000118 -0.298335 0.196652 | 6 89
i

4 1.0 | 0.9887 1.0008 1.000057| -0.007744 -0.031394 -0.042036 | 4
|

5 2.0 | 0.9738 1.0022 1.000035| -0.009231 -0.031405 -0.01309 | 8 | 228
| |

6 5.0 | 0.9568 0.9648 1.000023} 0.005753 | 0.08992 -0.122755 | 10 | 840
1 

{ |
|

Table 4.3.18 Results Obtained for Varying values of W(2) with w(1) = 10.0 
and R= 20.0

for Sinewave-form Uncertainty
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CASE) R PRA (k,) PRA (k,) PRB (1) PRB (2) PRB (3) PRB (4) NO. OF cC.P.

c.L.s. S.L.S. OVERALL TIME

ITERS SECS

x 1.0] 0.9966 0.9992 1.00021 |-0.0005789 |-0. 103009 0.15303 4 102

2 10 0.996 06999 1.000245 0.000966 0.625273 0.066669 6 177

eo }—-—-—---- -

3 20 0.996 0.9996 1.000181} +-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 2D

6 |1000 0.996 0.996 1.0 0.0 0.0 0.0 2 29

Table 4.3.22

sinewave-form Uncertainty.

Results Obtained for Varying Values of R with W(1) = 10.0, W(2) = 0.5 for



Another important difference is the ability of the

smoothed least squares technique to produce accurate

estimates of the unknown parameter (k,) 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 kK, (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(1) = 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.

- 65 -



The resulting time dependent uncertainties are shown

in, PigA: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(1) Fig.4.3.26 shows the per-

formances of the classical least squares and the

smoothed least squares techniques. In 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 (k,) 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(1), Fig. 4.3.28 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.

=IG6le



However although the improvement produced by the

smoothed least squares technique (in the case of

Chebychev form) on the value of Ky 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 ky 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

Ky (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 values

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

“767 =



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.

- 68 -
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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

t. in addition to that attached to the hot water

temperature. The overall uncertainty comprises of

two parts; a sinewave variation attached to Ty 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 (k,) and the smoothing

problem to estimate the parameters of the time-

varying uncertainty for varying values of weighting matrices

are summarised in Table 4.3.34.

casE | w(1)} w(2)| R Fa heaps PRA(K,)| PRA(K,)| No. of overall
KS C.L.S. | S.L.S. iterations

Lal 100] O51 | WezO10 | RIzO 1.003 | 1.001 6

2 | 10 | 0.5 | 20.0] 1.0 1.027_| 1.0205 1

3_| 10 | 0.75] 20.0] 1.0 0.986 _| 0.9877 1

4) 154105] s120m|bzoro |e 1.159 | 1.062 7

5 | 20 | 0.5 | 20.0] 1.0 1.o21_| 1.011 3

6 | 100 | 0.5 | 20.0] 1.0 1.048 | 0.9992 6

7 | 10 | 0.5 | 100.0] 1.0 1.0923 | 1.0765 u

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 ky 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(1) is increased the value of ky obtained by the

classical least squares technique becomes more

accurate at first but for higher values of W(1) 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 k, (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 and4.3.4respectively. Since accurate

estimate of ky 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

ee Oe =
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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 k,) 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(1) 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 eecaniaue sion weighting on the errors
in the model and system responses of Hixea 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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BS is not remarkable. The time-varying uncertainties

corresponding to figs. 4.3.39 and 4.3.40 are shown in

fig.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 parameter estimate ky 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 ky: This may be due to the idea that

with large emphasis on the errors in height response

which is related to the estimation parameter kyr 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 fig.

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

Ky is normalised to 1.0. However, unlike the time

varying uncertainty which has been introduced into the

system discussed in section4.2.lin 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.

ani)



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 anda

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 5

VAPORISER SYSTEM

Introduction

Vaporisation is the process through which a non-aqueous

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 aqueous

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, whose 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 El-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 head 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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system 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.
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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 lomv 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 O-10mv.

Base pressure is measured by a wire wound potentio-

metric type pressure transducer of 0.2 psig. With

an applied 1Ov, an output signal of 0-1l0v 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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5.4.1.

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 eee ene e 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. In the vaporiser operation

R has been adjusted to give a cycle time of 0.5secs.

When the output voltage reaches +5v the ramp resets

to Ov and restarts. The comparator gives a logic

O when V, ¢V ramp and a logic 1 when V.>V 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° 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 and’ ackground
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

vapour 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 0.1m 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 liquid

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.

Dis veils 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 vaporiser

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,

liquid ‘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 dynamics are very fast.
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Valve Characteristics

Both valves have a non-linear relationship between

valve position and flow of the form

Ra, = f, (VP, ) coos 5.5.1.

Qi a f, (VP 5) eeee 5.5.2.

where VP) and VP, are the valve positions of the

freon feed and hot water feed valves respectively.

Ra, 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

Sry oy Relate 5.5.2.
Ki - Kp/Rq 2

where Q, = freon flow (m3/s)
P,; = the freon valve inlet (N/m?)
xe * the inlet pipe constant (SI units)

K, = 1/c?4, the valve constant (SI units)

Vaporiser Base Pressure:

The pressure at the vaporiser base is taken to

be the sum of the vapour pressure Py and the

pressure due to the head of freon liquid in the

vaporiser, i.e.

Ph =P, +092 Se oes

where

c = density of liquid freon (kg/m?)
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i gravitational constant (m/s?)
N Q u height of freon liquid in the vaporiser (m)

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:

5.5.4.

Q. = the vapour flow (m3/s)
&g = density of the vapour (kg /m?)

= vaporiser downstream pressure (N/m?)
= the saturation temperature of liquid freon

at pressure, ao (ox)

Vapour Mass Balance:

Mc = G0, = G0) 5.5.5.

where

R, = M6/ (Voi y7Ay?2) 5e5.6-

where M, = the mass of vapour present in the
G

vaporiser (kg)

QB = the boil-off rate (m?/s)
Volver the total internal volume of the

vaporiser (m?)
AL = area of vaporiser (m2)
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Equilibrium 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 C by the following relationships:

T, = £3 (6) 5.5.7.

Ba Sam) 5.5.8.

Using the available data, the following linear

relationship is obtained when vapour pressure

Pe is plotted against vapour density (Ellis 1979)

5P= (-0.79 + 0.0148 (,) . 10 5.5.9.
Vv

Also from the plot of P against log (€5Tg) the

following relationship is obtained over

the operating range of interest:

i 0.971
Py = 53.7 (€,T,) 5a56 10s

Liquid Mass Balance

Applying the principle of the accumulation of

liquid mass in the vaporiser tube gives the

following differential equation:

z= (Q) - Q,) SooeLd.

A
Vv
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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):

=" = e et eSon Deztea late) e (OnCy (tea La.

ir 5.5.12

where

Dy = diameter of the vaporiser tube (m)

tT, = the hot water temperature (O,)

H.,.= heat transfer coefficient (SI units)

cy = specific heat of liquid freon at constant

volume (3/kg°c)

= freon inlet temperature (oy)

Ly = the losses to the surroundings J/S

A= latent heat of vaporisation of freon

Teg

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.

rate of heat flow in

net heat flow out across boundary

heat flow to freon

2
a (tr2z2c_ (T§ eae Eat)

The heat balance equation, after manipulation

(Roberts and Ellis, 1977) becomes:
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Ty = Qy (ToT) - 2-Hee (Ty 7 Tp) 5.5.13WwW ° w
3 :

Wrz re, ¢,,

where r = radius of the heating tube (m)

C= specific heat of hot water (B/pg°°)

coe hot water inlet temperature (oy)

i
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Computer Implementation

The mathematical model presented in section (5. #./)

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 ( €g), vapour pressure he
boiling temperature (TB), vapour flow (Q), freon

valve relative aperture (R hot water flow (QQ),al)?
base pressure (Py), freon inlet flow (Q)) and

boil off flow (Qp)- Since the two control valves

have non-linear characteristics, data obtained

when calibrating them are used to interpolate the

values of Ray and Quy which correspond to the two valve

P2° The differential equations

represent the state variables of the system which are

mainly the freon height (Z), the mass of the vapour

positions Vp1 and V,

(My), the hot water temperature (T,), (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 (Mp5) and the measured value of the vapour

pressure (M,,,). The measuredvalue of height (My)

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
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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 0-1). 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 Ones

The routine chogses 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.



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 obtained 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

1 = 295.74°K, and

subjecting the freon feed valve to 20% step change in

pressure of 1.02245 bars, T.

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 phenomenon. 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 Hig is calculated using the following

equation:

Bee | Ona [A+ Gales |
T-D.Z (Ty - TR)

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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Hy 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 H, and P,, to a 20% change in the height

setpoint (i.e. Spy changed from its steady state

value of 0.1m 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.
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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). In fact, the open loop system responses

discussed 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, combination 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

(Tg) 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 (Hy) -

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 HL

starting the model from different initial conditions.

This idea has been incorporated into the identification

process and has proved fruitful.

¢ may not be so when
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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 criterion)

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.
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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

ade ambient

temperature (Ty), and the steady state values of

conditions, the atmospheric pressure (P

liquid freon height (Sproq) + vapour pressure (Py),

cHwr)’ Outlet hot

water temperature (Topwo?) and freon feed flow (Q,.).

inlet hot water temperature (T

It also gives the calculated values of Ke KorHe os

and Ly using steady state calculations. Open loop

responses obtained under these different operating

conditions are as follows:

6.2.1. 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 Hp and Py, 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 (Vpy)e and

the transient responses of Hp and Py were

calculated.
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Pa Ta SPICH SPICP ve. TCHWI ‘TCHWO Q, K, BIC IA kK,
CASE N/m? ms m w.g. 2 O O 37S SI unity WAn /2x J/s |SI uiits

: 1.4166 13.85
1 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
2 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

4 1.8554 Lanefa [asd 101653.0 293.47 0.1102 10.02 0.634 352.3 350.23 | 1.53E-6 E-6 2125.0 138.77 E14
'

1.6641 Le4 100400.0 293.47 0.1405 9.38 0.464 352.1 349.8 1.32E-6 E-6 1498.8 140.58 E14

1.9467 dese5 100400.0 293.47 0.1306 9.21 0.562 352.01 350.1 1.53E-6 E-6 1490.4 52.121} E14

Table 6.2. Steady State Values as Measured on the Vaporiser Rig under Five Different Operating Conditions
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6.2.2.

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 which could not be predicted by the

model which has been operated under the same

conditions.

The parameter value (i) used in the model is

that obtained from steady state calculations

using Eqn 6.3.1. In this case Hic = 1835.7

SI units. In the model this value has been

normalised to 1.0.

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

in figs. 6.2.5. and 6.2.6.

ee oped
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6.2.3.

6.2.4.

The Lae value used is the steady state value

and is equal to 2080.0 W/m /ox 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
Vv

observed over a 500 secon period.

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

responses of Hy and Py recorded. Both system

and model responses have been plotted in figs.

6.2.7. and 6.2.8. ‘

Again the Hic value is that obtained from the

steady state calculations using the information

in Table 6.2. In this case, Hee = 2125 W/m? /oy
and is normalised to 1.0.

CASE 4

The vaporiser was operated under a new set of

conditions as shown in Table 6.2. In 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 (k) depends on the operating conditions

and the other is to operate the vaporiser

under easily achievable 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

es
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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 O.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 value of Hie obtained from steady state

calculations is equal to 1498.8 W/m? /o, 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 walve 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 Heo

obtained from steady state calculations is 1490.4

W/m? /ox 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

Hee.
In the next sub-section, the identification pro-

cedure adopted for the vaporiser system will be

presented and the results obtained will be

evaluated.

1S
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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 questions

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 questions can hardly be

qualified. However, since all available knowledge

of the vaporisation process has been applied 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 (A, Q) between the heating section and the

liquid freon section of the vaporiser tube. Accurate

estimate of Hie 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 Ae has been by the use of

steady state conditions, where, using equation

Se5n 125
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“T.D.s (reat)

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 Hie 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

gle
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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 (T,)

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

Eat 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. _In the identification of the mixing tank

system, system observations were calculated from the

system simulation.

The solution of the identification problem has heen

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 (k,) is not included in the steady state

calculations, the estimation parameter in the

vaporiser model (Hy) affectsthe steady state conditions.

te! 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 here Bte 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

Hye 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

(By 5) which has been attached to the inlet hot water

temperature ry 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) = a +o avieg Oc 4 ok

Y, (3,T,)

and

R sed Micierel Owe wee

Traj

where

Yy (J,I) = the Ith sample of the ach output signal

Tray = 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 (Hyg) is the normalised value, where Bee

1.0 is the value of Hee 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, Hic 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 (By)

for different values of weighting matrices for the two

forms of uncertainty are summarised in the following table:

H.

case |FOXM Of wiry) | w(2) | R ee Heo Hee
BB22 steady C.L:S S.L.S

state value| ~""""* aoe pet

1 SINE |10 0.5 20 120 0.596 | 0.572

2 “CHEB | 10 0.5 20 10 0.596 | 0.598

3 SINE |10 TEC 20 TE) 0.593 | 0.536

4 CHEB |1lo o.1 20 1.0 0.66 | 0.672

Table 6.4.10: Summary of the Results obtained for Case 1

=e



From the table, it is evident that the values of the

parameter estimate Bio yielded 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 Heo yielded by

both techniques decreases. The smoothed least squares

technique has improved over the value of Bic estimated

by the classical least squares. Since W(2) is associated

with the errors in the vapour pressure responses the

estimate of Hige 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 l

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

Hic (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 Hig (PRA) has continued to change for

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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6.4.2. 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 3

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(1) is increased the estimate of Bio increases

both with the classical least squares and the smoothed

least squares techniques. Fig. 6.4.22 shows the

effect of W(1) on the estimate of H., value.

as eH cas:



Set -

e no. of c.P

WwW PRA (HTC) | PRA (HTC) overall poe
cael! (1) Conse issies: ERB (2)? | GP RB (2) Ey ERB (S00) PRES) ee | eeee lone ae

A O.1 0.4116 0.4088 O. 999678 |-0000974 0.01324 0.047736 6 840

iz 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 10.7922 1.00082 _|-0.00189 -0.006304 -1.84257 4 1046

Table 6.4.15: Results obtained for Varying Values of W(1) where W(2) = 0.5 and R = 20 for a Sinewave-form Uncertainty
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CASE W (2) PRA (HTC) PRA (HTC) PRB (I) PRB (2) PRB (3) PRB (4) NO OF C.P.
* C.L.S. S.L.S. OVERALL TIME

ITERATIONS SECS

aE 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

oy 5.0 0.4116 0.4039 0.999581 0.001228 0.01265 0.08377 6 982

Table 4.4.16. Results Obtained for Varying Values of W(2) where W(1) = 10, R = 20 for a Sinewave-

form Uncertainty.
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cxse| ne [Pmaciney Joven ame) | onpcay | onaca | mame | omc [erent | Si;
Secs.

1 On. 0.4188 0.5154 0.999608 -0.001096 0.0134139 -0.068049 6 895

2 L220 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 0.013062 0.050579 4 485

5: 1000.0 0.4188 0.4188 1.0 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.
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sof

case | way | emacs | wmaciney | assay | emmy | omer | onocss| gree, | tin
Secs

a O.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 4 790

Table 6.4.18: Results Obtained for Varying Values of W(1) where W(2) = 0.5 and R = 20 for a Chebychev-form uncertainty.
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W (2) PRA (HTC) PRA (HTC) PRB (I) PRB (2) PRB (3) PRB (4) IO 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(1) = 10 and R = 20 for a

Chebychev - Form Uncertainty.
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|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.

ah 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

2 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 Cbtained for Varying Values of R where W(1) = 10 and W(2) = 0.5 fora

Chebychev-form Uncertainty.



Cel

form no. of
CASE of cre fee) PRB(1)| PRB(2) | PRB(3)| PRB(4) | overall Gara

BB22 RNa aa iterations

a sine 0.5405 0.5405 LO 0.0 0.0 0.0 2 280

2 Cheb 0.5405 0.5406 1.00043] -0.001290 0.000283 | -0.000735 BI 520

Wr (2)=10

3 Ya(2) 0.4022 0.3926 0.999659 | -O0.001406 0.012788 | 0.056001 6 955

sine

a wr (2)=10

Yq (2)
Heb. 0.4022 0.4022 0.999611 0.000521 0.000286 | -O.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 Hic 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 Hee shows that as W(2) is increased

the value of Hie decreases with a greater demand

for smoothing (though the amount of smoothing is

not significant). Fig. 6.4.23 shows how the

value of Hie changes with the value of W(2)

under the classical least squares and the smoothed

least squares techniques. Here again, the changes

aay due to the smoothed least squares technique
tc

are small.

Table 6.4.17 which gives the effects of R on Heo

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 Hic is insensitive

to R.

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 solutions 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 Hie obtained by the smoothed

least squares technique differs by about 2.5% from

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(1)

= 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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Fig.6.4.24 System and Model Height Respmses Correspmding to Case 1

of Table 6.4.16.
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Fig.6.4.26 System and Madel Height Responses Corresponding to Case 4

of Table 6.4.15.
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Fig.6.4.27 System and Model Vapour Pressure Responses Corresponding to
Case 4 of Table 6.4.15.



The performance of the classical least squares

and the smoothed least squares techniques with

regards to the estimation parameter Heo 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 Hee leading to a big drop in the

objective function. The smoothed least squares

then, affects small changes in the value of Big

and objective function after several overall

iterations. In this case, changes of 1.6% in

Big 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. | | i | CLS. | S.L.S. | OVERALL) TIME

| | | | | TITERS. | secs.

1 |} sme { lo | O05 | 20} 0.4342 | 0.4358 6 875

| ! | i |

2 |aeB | ilo 0.5 | 20) 0.4342 | 0.4348 2 382
| | | |
| 1 T ]

Syne siNeae (ele lige t | btw |-0:480' «170.492 6 760
| Ya) | YA(2) | TRAT | |
: + } 1 zh,

4 1 a: | Gola | 0.480 | 0.479 4 675
YA(1) | YA(2)| RAT} |

Table 6.4.31. Summary 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

-135-



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 objective waise: rom 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 objective 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 (TQ), they will appear as almost

a constant value near to their nominal trajectory (1.0).
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Fig.6.4.33 System and Model Vapour Pressure Responses Corresponding to

Case 3 of Table 6.4.31.
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In addition to these results, an attempt had been made

to attach the time-varying uncertainty to the equatim

of Mo to compensate for the seemingly periodical

variations on the vapour pressure response, thus

M = 2.0 (ore re O)ae)) +B,

vp
B22

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 GF! w(l)| w(2)| R |PRA(HIC)| PRA(HIC)| No.oF |c.P.
| BB22 | | | C.L.S. | S.L.S. | OVERALL] TIME
| | | | ITERS. |SECS
| | { } =! PA aie ae

1 | SME | 10 | o5 | 20.0 0.31 | 0.31 2 315
| | | |

2 | cee | 10 | 0.5 | .20.0| 0.31 | 0.31 2 | aras
| | | oe

3 | snE 1 1 | 1 | 0.3085] 0.3085 2 185
YA(I) |YA(@2) | TRA | |

Table 6.4.38 Sumary of the Results when B,,. is attached to Me

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 useof 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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Fig.6.4.40 System and Model Vapour Pressure Responses Corresponding to

Case 1 of Table 6.4.38.



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:

casE| ForMce| w(1) Ww(2) R |PRA(HIC)) PRA(HIC) NO.OF | C.P.

BB22 | C.LS. | S.L.S. | OVER: | TIME
| ALL | SECS

| TTERS

1 | sme 100.5 20.0, 0.386 | 0.381 | 6 700

2 | cE 10 | 0.5/ 20.0] 0.386 |0.391 | 3 745
(4temns) | | i yeaa 2

| i | i
3 | CHEB lo | 0.5} 20.0) 1 6 1900

pee etre) |e wee Tt ate ae

4 | sme i yet a | ec 710
YA(I) | YA(2) | TRAT | |

5 | CHEB 1 | 1 | 1 | 0.465 | 0.465 2 365
YA() WA(2) FRAT

6 | sme 1 1 |1 | 0.465 | 0.490 6 720
YA(I) |YA(2) PRAT

7 | CHEB “ea 1/1 | 0.465 |o.460 | 15 2000
YAM) WA@) RAT '

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. The improvements achieved by the

use of the smoothed least squares technique are very

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 (Hg) + 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

= 140 =
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Fig.6.4.43. System and Model Vapour Pressure Responses Corresponding to

Case 3 of Table 6.4.41.



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 graphs 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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6.4.5. 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(Hpo)| BO: Of | cup.CASE | "pazz |W) | way] oR | OE Ere ers en time
i ‘Ss 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
: T 13 | Sine | aay lacm | may} 0-591 | 0.679 lu 1850

7 | cheb T 1 I] 0.591 | 0.564 q 320
YA(1)| YA(2) | TRAT

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 203% step change to

the hot water valve position (Vpo) causing more

tc

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

Hig 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 Hic 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 Leal'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:

; ;

wt) | w(2) | R |k, | Fom | ky oe No.of |Camputing
| of | Overall timeTrue | Coser S-L:S.
| Uncert- Iters. |Secands

Value | ainties |Estimate gees

CHEB. [0.9503 | 0.9555 6 . 60

Oct |e os2 | 20-0)) 22025 | Tere we |0:95G3\u1,0.9543/410 18 51
| CHEB [1.0000 | 1.0000 | 12 120

100.0] 0.5 | 20.0/1.c | |
| SINE {1.0000 | 1.0000 5 122

10 0.1 | 20.0] 1.c00 | 1.003 [1.001 5 144
| | |

10 1.0 | 20.0! 1.000 /1.159 | 1.062 8 1000.0
| |

Table 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 represént 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 ky 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

— aie



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 (Hy) 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

Aye 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 Fomof | | Steady | classical | smoothed |No. of | cP
No. Uncertainty W(1) W(2)} R| State =| least least | overall | time

| 4 Calculation | squares squares | iter-

| | ations i

: CHEB 10 los |20| 1.0 0.596 0.598 7 | 1000
SINE | lo jo.5 |20] 1.0 0.596 0.572 12 1700

2 CHEB {10 10.5 |20] 1.0 0.4188 0.4183 3 614

| SINE lo |o.5 |20] 1l.o 0.4188 0.4122 4 563

5 | CHEB Io {0.5 [20] 1.0 0.4342 0.4348 2 382

| SINE lo jo.5 |20] 1l.o 0.4342 0.4358 6 875

4 | CHEB lo jo.5 |20 | 1.0 0.386 0.391 3 745 |

SINE lo o.5 |20 | 1.0 0.386 0.381 6 700

Z CHEB 10 |0.5 |20 | 1.0 0.591 1.157 5 |3750
SINE 10 j0.5 |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.

dangerous situations where this improvement is

critical, this cost may be justified.

However, in

Although the improvement in the parameter estimates

achieved by the smoothed least squares technique

over those obtained by the classical least squares

technique 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

than those in which the value of the a 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)

2)

3

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.

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.

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.

eS



APPENDIX 1

1.1 The Smoothing Problem

The incorporation of the smoothing problem into the

identification process modifies the objective function

to take the form

We “(fe ~ 8 (ey] we fy ey - 2 ce) +
° ns

[oce) - fej z rf fee) - A wifes

The aim is to minimise Vy wert. Bit) subject to

x = £ (x, u, «K, Alt), _X (0) = x,

Att) may not represent physical quantities in the plant
but may only be added for possible model inadequacies.

If the degree of the uncertainty varies during the period

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 en additional term can be added to V to

keep the derivatives of Blt) small

ea st ji .
{Aw 8b (t) at

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

« and & (0) an additional term could be added to V,0f the
form:

[x 0) - % wor]s fx (or - § (0) J
where

x (0) = an estimate of the initial state

s = a symmetric positive definite weighting matrix
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T2 Optimum Control Solution to the Smoothing Problem

(Calculus of Variations)

The constraint the state variables satisfy the

model equations, is adjoined by means of Lagrange

Multipliers A (t), to give the following augmented
objective functio

-

vel fy) - 3 ) why ce -s ey]

HB () -£ (e)]* R (4 (t) -f (t)]X

dt
+ > a > - g 1

I lg 1% i g

To solve this problem use is made of Calculus of

Variations:

Theorem: If a set of continuously differentiable

functions x minimises a functional Vv of

the form:

V (x) =f L (x x, t) dt
aq

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) = ky, then x satisfies the Euler Equations:

Geta, ase, Ht) oud! AT ae ee) meO
x at :ax a

ise ie ee

\
Applying this theorem to the above problem, we have

ess



(a) dL - a 9L =0

dA(t) at AF (t)

ImOL = 2R (f(t) - Ait) - £4
9B (t)

(t)

aL =0

98 (t)

ve 2R 8 (t) - A? (t) ) - £2 A Ce) =0

Ao -1 uiBt) A el +iRTM g, X (t) (3)

()) a -d QL -=0
ox dt os

' ‘

"hw (y (x) & (t)) + hy Wy (x) - Bt) )

ejf A (ee eA (et) 0

[>A =¢ (an]
a 3s

x

‘ e io 1 ‘ ’
eee Ane) == fe A(t) Bebe W (v(x) (—aen(t))

‘ .

+ hy W (y (x) - & (t))

de) = - eh A(t) + 2H wy (R- & (t)) (3)
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(C\geO Tia erdaiad =o
Oa t ax

x (t)-£ (x,u,0%,8 (t) ) =0

x (t)=£ (xray (t) ) (3)

The usual method of obtaining optimum trajectories for

x(t) and £ (t) from Eqns. (3) is to use Riccat i techniques.

A solution of the form x (t) = & (t) + P (E) X (t) is

attempted, where P is a symmetric matrix. Note that

att =7, x=. Assume initially that 2 - 8°. is small
enough to allow linearisation W.R.T., and that PA is small

enough to allow linearisation W.R.T. x,

Ix: "2 £ (x, Bret, 6° (t) ) - 2Ph, W (h(x) -y (t))

* e u x°

y " y rh 7 hh tg + e

hh
a

(The Riccati Equation)
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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)

let © = arc Cos x, we have

T, (x) = Cos n 6

By de Moivre's Theorem

(Cos n @ + i sin n @) = (Cos @ + i sin @)”

Expanding the right member of the binomial theorem

and then equating the real parts, we obtain:

nae(Cos 6)" - (n (n - 1) (Cos @) (sin e)?
1

2!

(Cos n ©

+n (n- 1) (n- 2) (n- 3) (Cos @)"~4(sin 0) 4

4!

n(n-1) (n-2) ( n - 3) (n-4) (n-5) (Cos 9-6 (sin 9)

6

But from © = arc Cos x, we have Cos 6 = x and sin“ =

i x, Substituting in the above Equn.

T, (x) = Cos n @ = x" —n (n-1) x"? (1 -x?)

mae
+ n(n = 1) (n = 2) (n-3),"74 (1 - x?)?

4!

- n(n=1)_(n=2) (n=3)_(n-4)_(n-5) PF (2x2) 3 + --

61

Hence T,, (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

PES (ye se

T2 (x) = 2x? -1

T3 (x) = 4x? -3x

T4 (x) = 8x? - 8x7 +1

However, the easiest method of computing the poly-

nomials is by use of the recursive formula:

(x) (x)
oe = 2x Tn (x) - Ti)

The Fourier expressions for orthogonality may be

written as:

T ° magn

ae m =n
Cos m @ cos n © dO =42-

°
T m =n=o0

From equation (A) this becomes

° mn

1 ‘ 5 F m=n
{ Tm (x)-Tn (x) (dx /y¥l- x") =), m=n=o0
atk

Hence the Chebychev polynomials are orthogonal over

the interval (-1, 1) with respect to the weighting

function:

W(x) = 1/1 - x?

Correspondingly, in the discrete domain for N equally

spaced data points, we have the relations :

Ne 1 ° min N-1

Cos m ®, Cos n 6.=/N/2 m=n = Tm(x,)Tn (x. )
J J N m=n =o J J

J = 0 j=o (B)

-157-



Chebychev showed that of all polynomials of degree n,

having a leading co-efficient equal to 1, the polynomial

Tn (x)

one 1

has the smallest upper bound for its absolute

value in the interval

(“1g x qv

since the upper bound of Tn

bound is 1/2 271,

“is 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 mae degree least squares polynomial approximation
to f(x) in (-1,1) relative to the weighting function

w(x) = 1/ x?

is defined by

eh

y (x) = ds a, Ty. (x) aii<ix <1 (c)

k=o

where 1

a, el £(x) dx

Tie? 7. Ls
1

a = GOT xpe ax k#02

J gyre
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It has the property that, of all polynomials of

degree n or less, the integrated weighted squared

error

1
2 2is asy 1 - x*) [eco sr (x) | a

is least when Y, (x) is associated with the right hand

member of (C).

In practice the above formulas are seldom used to

evaluate aye but they do yield the following upper

bounds:

7

ja 2M, a, 2M Cos k e| de = 4M k>oJeol Cam oy a4 | Fi
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

w(x) = 1/

The functions To(x), T1l(x) Tn(x) are orthogonal

under Summation over the zeros of Tnt+l (x), relative

to w(x) = 1. The nth degree Chebychev polynomial

approximation to f(x) is defined by:

£(x) = 5 a Ty (x)

k=o

where = indicates a finite sum whose first term is

to be halved and

a > £ (xj) T (xj),

xj =-Cos (23 ee 1 Diet d AS Opis sols tt
a:

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 x to x

Rhye epi 725 a eleie ad ale er, oT

end*

Most stiff systems can be characterised as having complimentary

functions (transients) which decay rapidly in comparison with

the true solution, Yu, Yoresece y; In most cases, the degree

of stiffness of a system can be daaii etka by the size of the
stiffness ratio (the larger the ratio the stiffer the system);

if the eigenvalues of the Jacobian matrix Ofi are Ayr a3.

A y With negative real parts, then the 3%5

stiffness ratio is defined as the ratio of the largest real

part to the smallest (in magnitude), In general, the values A

will depend on x and the solution YyrYoree ee -Yy 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 n®, The

differential equations are defined by a routine (MODEL), which

evaluates the derivatives fy in terms of x and Yur Yoreses Yy-

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

PROGRAM EXAMPLE (INPUT, OTP ITTAPE| SINPUT, TAPE 2S0lITPIIT)

c
C: THIS PROGRAM CARRIES ONT JMENFIFICATION PROCESS ON A MIXING TANK SYSTEM
Cc:

REAL KH, KC, KO

REAL. MVHeMVT Fg :

DIMENSION DVH( 48), OVTCL BEY >MVH CL 2a) PMVT (ida) PTAC LOAD
DIMENSION ERS(289) pNC3532)4V3.04}, f
COMMON XC 2), Y¥C2p GA) KH EKO MKOIXE JX2,/ApTH ETC -QHy OC, Q0,HpPRAp

4 PRB CA) (VVC 2p 4 90) NIC CAH NE C211 99) WT (2/198), YO(2),P (2,188),
2 PR(5) - RReF (2,4) OF DY (2,122, D1 F (2,7 72) gE 3(2)

COMMON /DIF/DXX(2) ¢DHT CL GS) JOTEMP (i 20), 8RS( 4 35) pBBM( 48)

EXTERNAL SYSTEM, MONEL, OUT

c

C READ DESIGN VALUES AND SET ENETIAL CONDITIONS
ic

READ( 4,23) NPA,NPB,NX,NY,IN3
READCA¢iS)KH,NCeKO_

READ Cig §5) Xi, X2e4, TH, TC

REAO CA, i5)PRA, (PRACT), Tal yNPBH

45 FORMAT(S5FiSij1 8)

CALL CAM35MM

WRITE C2, 5) KH KC pKOp Xt XA ANT ITC ?

5 FORMATCiHA,SH KH =,F (217,54 KC =,)F12.)7,5H KO SrFiQn7 ely
‘ 24H: HW VALVE POSITION =J)F1207,7,

2 23H CH VALVE POSITION =,)F12217,7,'

3 SSH AREA OF THE TANK =)F1297,/7,

4 204 HOT HATER FEM =F 1257,'7,'

5 234 COLD WATER TEMP. 3,1F1257,7)
XCbLse7i
XC 2) S34 71%
XIC (Ct) #XCi)

XIC(2)=x(2)

WRITE C2¢7)X(4),X€2)

7. FORMATC(LH , 394 INITIAL CONDITIONS ,7,!

4 23H. WATER HELGHT
2 2a4 MIXED WATER. TEMP

¢ :

€ SEY PARAMETERS. REQIIREM BY INTEGRATION PROCESS
c

NPS=NPA+NPS

Do 13 Tst,NP

VBC i) =9 Jt
43 CONTINUE

K=NP+34NP/3

StS



13

2s.

i i

22

: 45

Se

32

42

8332 Cre

= €: SET

ee Ch

TERSSHYA«NS

TAe2e TERS +aakNP+IERSHNP + (NPANP ENP) /2¢K A&R CQETERSHORNPD
DO 19 Tet,NX

ES(I) a2 jaa,

CONTINUE

DELEB iF

T3953

TENDS a
DLT=taia

IFAIL=8

ITE=2
TAB=R Ya

X252,175
DO 25 Tal,Ns

DO 25 Jat,NX

Y¥(J/TIEX(S)

CONTINUE
BBS(I) siilatelataSINC@ jasi di seer}:

TENDSTENDFOLT

TACL) =TEND :
CALL. D&QAIF(T, TEND, X,NX, SYSTEM NEL EB ITE, TAS, OUT, F,DFDY,DIF,

IFAIL)
CONTINUE

FORMAT(/,25H SYSTEM HEIGHT DERIVATIVE, 7 (6F 15.15) )
WRITEC2,56) (DTZMPCN) NL ,'N3>d
FORMAT (/,39H SYSTEM TENPERATNRE! NEREVATIVE,'/ (5F 1546))
WRITEC2, 33) (Y Ch, TD) el=teNad

FORMATC LHL, 24HSDESIRED HEIGHT RESPONSES /(5F15.36))
DTEMP( I) =DXx(2)

DHT (1) eDXX(4)
CERT Cee a COUT CSU eta an
WRITE(2,43) (Y(2,T), 1=1,'NS) 7

FORMAT(/e4H ,29H DESIRED TEMPERATURE RESPONSE, /(6F1546))
Fo

_— CALL THE IDENTIFICATION SUBROUTINE: COPTIM)
noe

CALL. OPTIMCNY) NS, NX, NPA,NPA INP ERG ITERS Hy I Xe VB, Sp IER, LOPT)

ARRAYS FOR PLOTTING

OVH(I)=¥ (iv 1)
DO 55 T4t,NS

OVT(L)=¥Ce,1)
MVH(T)=PCiy Dd

MVT(T)=P(2,1)
CONTINUE.

CALL PLOTCTA,DVH,DVT,MVH MYT?

STOP

END
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3.2. Subroutine SYSTEM

SUBROUTINE SYSTEMUDX,X,'T,INX)

THIS SUBROUTINE SIMULATES A. MIXING TANK SYSTEM WITH NU HEAT LOSSES T
THE SURROUNDINGS

REAL KH, KC,KO

DIMENSION DX(2),X(2)
COMMON 6C2)-¥C2, 824) -KH,KO IND IKE IX2/AYTH, TC e GH OC, GUs tly PRA?
c PR3(4)-YY¥C2,1 08)

COMMON/DIF/DXX(2) ,DHE (La) INTEMP (4 aD) BBS (4 3) »BRM( 109)
THE3433¢

H=X(1)

Tozx(2)
QH=KH&X§

OCRKE*X2

ee QO=K9*$ART CH)

Bi THETH* (iE Bee ALASIN (9931 AL59RTRY'
c LIQUID HEIGHT EQN

DXC1) =(QHFOCm99) ZA

Oxx( 4) sDxX(4)

Cc TEMP EQN : :
OX (2) =C (QHe(THATO) HACK CTO |TOV ES CARH))
DXX(2) =DxX(2)
RETURN

END

3.3. Subroutine MODEL

SUBROUTINE: MODELCDX,/XeT NAY
CP a
C THIS SUBROUTINE MONELS A MIXING TANK SYSTEM FOR THE CASE WHERE NO

C HEAT IS LOST TO THE SURRGINDINGS

c

REAL KH, KCrKO

DIMENSION DX(22,X(2) "

COMMON GC2)-Y¥ (2,262) pKH-KOIKO XG AX2,)A,ITHS TO QH OC, Op HpPRAy

PR8C4)-YY C2, 4904

COMMON/DIF /DXK (2), DHT (LSA). TEMP-CL 99) RBS (199) £BBM (199)

TH=343))5
H=X(1)

TO=X(2)

IF CHILE J9:199GG TO to

KOSq JOS LL SE m5aPRA
QHEKHEY |

AXE

QO=KOxS5ORTCH)

THETHe (PRI Cf) FPRIC2Z) *SINCPRBCSYATePRB (4)?
DXC4) =(QHFOCw ID) 7A
DXX(4)=DxX(4)

DX(2) S(OH*CTH ATO) HAC XC TOATS) YACASHD:

OXX(2)50xX(2)
RETURN

44 OXC{)=3 ja

DX(2) =o 9
RETURN

END
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anno oO

15

16

co PN OD

ai

12

THIS SUBROUTINE. ConRONATES THE Tg
ESTIMATION AND: THE SMOOTHING PRUSLEMS J

3.4 Subroutine OPTIM

SUBROUTINE: OPTIMCNY,Nu,'NX,NPASINPRZNPSERS, TERS, Wy 14, VB, S, IER, IOPT)

NT SOLMTION OF THE PARAMETER

REAL KH, KC, KO

DIMENSION. ERSCTERS) -AqTH) VBCNPAY }

COMMON XC2) ,¥ (2p £24) (KHy KOKI IKL IX2,A, TH, TC, OH, OC, O0-H,PRA,
PR8C4)/YYC2- 42) -XICC2RAE CAMA) p WT (271 92) YOCZ) p PC Dp LB) p
PRC5) p RRP (24) OF OVA 2/12). MOLE (2,7 92) E32)

COMMON/OIF/DXX(2) PHT C$ oS) TEMP (132) BBS ($44) -BBM(1 M4)

COMMON/LOG/EST,35TM¢0

EXTERNAL FUNCT,MONIT
EXTERNAL FUNCTS

WRITE(2,5)
FORMAT CA7H9INITIAL: RESPONDED
CALL FUNCTCIERS,NPA,PRA,VERS),
WRITE (2,15) (DATCN) pNEL,'NS).

FORMAT (/¢25H INITIAL HEIGHT DERIVATIVE, /(6F15J6))
WRITE (2, (5) (DTEMPCN) pN34,'N3). ;
FORMAT(/,34H INITIAL TEMPERATURE DERIVATIVE, /(6F1526))
$2452

DO 6 I=4,IERrs

S=StERSCI) «x2

CONTINUE

DO 7. J=i,NY -

WRITE(2,8) 5, CPC T/L) pT=bpNo?

FORMAT({7HOMODEL ONTPHT NOUIT22 cH ,'6F1596))
WRITE(2,9)5 : t

FORMAT (42HSINITIAL: VALINE. OF THE! GRIECTIVE F'NCTION =,E1526)
WRITEC2, 40)

} FORMAT (2UH90PTIMIGATION MONITOR)
DO 439 KK=i,2%

WRITEC2- 14)

FORMAT(42H9 ekeaeeeeee ESTIMATION PROBLEM 2exktxareny/)

SS=5.

Essal3

E2=9,)3
Aizu)

81=2,8

MAXCAL S30

IFAIL={ 2
CALL ED4ABF CFUNCTL, EL, E2,'Ab SL SIMAXCAL PRX, S,IFAIL)

PRASPRX

CALL FUNCTLC(PRA, 3)

WRITEC2,21) [FAIL /MAXSAL

FORMATCIH ¢/eiFH IFAIL a,13,/5< 19H MAXCAL. x,15)
WRITE C2712) Se ESTP oMUgPRS L
FORMATC/,4H ,7H SES ¥ ,FASUIOSSX 6H EST =,FL5ilo,5xX,6H SHO =,F1567,

=16 4S



i7

13

19

| _0nn7

38

55

63

65

68

7%

75

82.

3

c

c

4
CALL SECOND(TT)

44H PARAMETERS ¢ ,'3°i5_{5},

CALL SECOND(TT)
WRITE(2,(7)TT 3
FORMATCSH -244 CP TIME FO THIS POINT =, F853)
WRITE(2,13)

FORMAT ({HS,; 43H kekeeeeeee 3MOOTHING PROBLEM KARE RREKRY

EPS8=3 Jat
ALF Sse Jat

IPRNTB=

MAXIT s443

IFAIL=t
CALL ES4FAF(IERS, NPA, PRB, ERo,'S JEP S8,'ALFB, VB,W, IW, FUNCT, MONIT,

LPRNTS,MAXITSIFAILY

WRITE(2,19)TT z - :
FORMATC(H »24H4 CP TIME FO THIS POINT =,/F8 33)

* CONVERGENCE CRITERIA

TFCABS(SS43) LT IS u#aawL ICA TO 99

CONTINUE

CALL FUNCTCIERS,NPR,PRB,EK3)
$2353

DO S¥ I[z4,LERS

S=S+ERS( I) eaz
CONTINUE

WRITE (2-53)

FORMATC/, 33H FINAL. RESPONSE AND PARAMETERS)
DO. 63 Jsi,NY

WRITE (2,63) 3, (PC 1,1) fp ESE,IN35

FORMAT(/¢ 47H MaDEL! OUTPUT Nudit2/(6F 150152)
WRITE (2,65) (DAT(N) pNai,'NS)
FORMAT(/,24H FINAL, HEIGHT DERIVATIVES (GF 15.15)
WRITE (2,68) (DTEMP(N), 13).

FORMAT(/,29H FINAL: TEMPERATURE DERIVATIVE, /(8F1526))
WRITEC2/73)8 i
FORMATC/, 4H, 42H FINSL VALUE OF THE OBJECTIVE. FIINCTION =,/Fi5.6)
WRITE (2,75) PRA ‘ i
FORMAT(/,/ AH , 24H ESTIMATION PARAMETERS =//(5F1546))
WRITE (2,85) (PR8(1),1=4,'NPAY

FORMAT (/,2H , 23H. SMUOTHING PARAMETERS =, /(5F1526))
RETURN si
END

5 Subroutine OUT

SUBROUTINE OUT CT, Xp HT, N,iTAB}

C THIS SU3ROUTINE 15 A DUMMY ONE ST MAY BE USED TO OUTPUT INTERMEDIATE

C RESULTSS

c

REAL X,YeHT, TAS

DIMENSTONX(2

RETURN

END
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¢ THI
c MOD

c

19

3.6 Subroutine FUNCT1

SUBROUTINE FUNCTECPRA,S)

S$ SUBROUTINE I3 CALLED RY THE s'BRONTINE ER4A5F AND CALCULATES TH!
EL RESPONSES AND THE OBJECTIVE FUNCTIONS

REAL KH, KC, KO

DIMENSION £5(273),54 (234)
DIMENSION ERS(230)

COMMON X (2) /Y(2y G4) pKH,KEMKO, IKE AKA, TH, TC, GC, A0p ly PRAA,
IY /XICCSEME CS 39) HT (2,1 AB), YO(2),P (2,143),

1 PR3(4),YYC2, i 4
2 PROS) ¢ RRP (2p 4) POF DY (2,12) JDIF (2,772) ,EB(2)
COMMON/DIF/DXKC2) , MAT (129) IDTEMPCL Aa), RBS} 92) BBM 1908)
COMMON/LOGZEST,'SMO

EXTERNAL MODEL, our
NX=2

NY=2

NSF19a

TERS=234
DO. 2 Imi, Nx

X(Q)=SxXIcc1)
PRAASPRA

ITE?
ITFsd

Tee ia

TENDS Sy

OéL=3,9

OLT=LE 78

00 3 L=4,N5
T2Ta

BBM CI) =PRS($) #PRACZ) ASINCPROCIVATHPRA (AD?
CALL. OUTP(TH,xK,YO)
$2362
DO 13 S=t,ny

P(J,T)=YOCS)

E(JS,I)=PCI, 1) w¥CJ,I)
S=S+A88(EC1,1))
KSI +NS* (Imi)

ESCKISCHT (Je LT) *E CT, 1) x2
SMCKISCRRAC LD MBBMCT) )) eee
ERSCKISSORTCCATCS, 1) FECT SIV) Se 2eCRRACLDABSM (I) 442)
TABs5A9

IFAIL=2

TEND=TENDtOLT
CALL DOZAITF (TS, TEND, X/NX,MOOEL NEL JES ITE, TAB, OUT, F ,DEDY, DIF,

i IFAIL)
DHT CE)=DXX(1)
OTEMP CT) =DXX¢2)
CONTINUES

$MO=b.j9

Estss,9

$3¢ 4

DO 4 [3k,TERS

S=StERS CI) xa2
ESTSEST+ES(T)
SMO=SMOtSM(T)

CONTINUES
RETURN

END
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c

c

3.7 Subroutine FUNCT

SUBROUTINE FUNCT CIERS, NP,PRM ERS)

C THIS 3!BROUTINE Is CaLLen BY FHE SUSRONTINE ES4FAF AND CALCULATES
C MODEL RESPONSES AND THE ORJECTIVE FuUNncrton)

le

REAL. KH, KC,KO

DIMENSION PRM CHP), ERS TERS
DIMENSTON ES( 294), SM(20a)
COMMON XC2) pV (2p 144) pRH/KCAIK DIK KDA, TH, TC, D4, OC, QU rH, PRA,

L PRBC4) ¢ VY Cy Lda XTC CHAE CZ MFG) pT (2p'b 92) YO( 2) pP (2p LU),
2 PRS), 8, F (2,9) OF DY (2,12¥, DIF (2,7 £2) pEB(2)
COMMON/OIF/0XX(2) -DHT( $49} )TEMP Ch 32) ,BBS (133), BAM( 44d)
COMMON/LOG/EST, 3M0
EXTERNAL MODEL, OUT
NX=2

NY=2.

NS=122

00 2 L=4,Nx

XCI)SxXIC(1)

ITE2

Tata

BBM(TI=PR5(1) tPRR(2) *STNCPRBC3VATEPRB (4D)
CALL OUTP (TH, xX,YO)
$2553

OO 1? Jat,ny

P(J,T)2Y0(3)

E( S/T) PCJ, 1) s¥¢1,1)
S=StABS(ECJ,I))
KSItN3x (Jai)

ESCKISCHTCL, LT) KECT, IT) eee
SMCKI =CRR*CA BBMCT) )) ead
ERSCKISSORT (CATO, IT) RECTLY) YAQeCRRECLIMRBM (TL) ) ee2)
JAB=3 49 :
IFAIL=2
TEND=TENDS0LT :
CALL OSZAITE (TS, TEND, X,NX,MODEL JOEL EB ITE, TAB, OUT,F,DFDY,DIF,

1 IFAIL)

DHT CI) =Dxx(3)

DTEMP (I) =0XX(2)

CONT INNE

3,9

SHOSS 9

$2059
00 4 Izi,1ERS

SStERS (I) a%2

ESTSESTHES(T)
SMORSMOFSM(T)
CONTINUE

RETURN

END
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3.8 Subroutine MONIT

SUBROUTINE MONTTCLERS¢NPiPaloe ITERC So INGLIM)

c
C THIS SUBROUTINE IS CALLED BY THE MINIMIGATION SUBROUTINE TO WRITE THE
C: REQUIRED RESULTSI

c

20 0

4
RETURN

COMMON/LOG/EST, 3M

LOGICAL SING,LIM

DIMENSION P(NP) ;

WRITE (2-262) ITERC, Se EST elsMOZICPCLY IT Sh pNP)

202 FORMATC/,;7H ITER =p i5,3%/7H! SES = FASTOS5X,-6H EST =F 1525~5X,
6H SMO =,F15.J5,7,:14! PARAMETERS = ,4E1546)

END

3.9 Subroutine PLOT

SUBROUTINE: PLOTCTA, BVH, OVY,MVH MV TY!

THIS SUBROUTINE PLoTS THE RESULTS ON MICROFILM)

REAL DVH, DVT, 4SVH,4VT

DIMENSION TAC198),DVH¢L Sa) JDVECisad,MVHCi 98) PMVT (148)

CALL 3LIDE(4),83 4,9 Joo.)

CALL MARGIN(# Ja)

CALL XAXIS(o7,1939)))
CALL YAXIS(#H1,5 725)
CALL LXTICK

CALL. LXVAL: :

CALL LXLASEL(A7H TIMES IN SECONDS J,L7)

CALL LYTICK

CALL. LYVAL

CALL LYLABEL(A$H HEIGHT CHETRES3116)

CALL. EDGES(S211,2)
CALL PTPLOT(TA, OVH, t3e,'5)

CALL INTRUPT(2, 2)

CALL: POLYS(TA,MVH, 144)

CALL NEWFRAM

CALL SLIDE(S7, 122,j, 91,23).
_ CALL MARGIN(# 39)

CALL XAXIS( di, 4399'))
CALL YAXES(3144,317.)

CALL: LXTICK
CALL LXVAL :

CALL: LXLABELCA7H TIME ZN StCONDS 5,117)
CALL LYTICK

CALL LYVAL:

CALL LYLABEL(L7H MIXED WATER TEMP,'L7)
CALL EDGES (#4i4,2)
CALL PTPLOTCTA,OVT, L2i,'L 9),
CALL INTRUPT(2,7)

CALL POLYSCTASMVT, 143)
CALL NEWFRAM

CALL ENDFILM

RETURN
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APPENDIX 4

Programs of the Identification of the Vaporiser System

4.1 Program VAPOUR

PROGRAM VAPOURCINPIT, GUTPUT,'TAPEASINPIT, TAPEZ=OUTPUT)

REAL DVH,DVP,4VHT,MyPy

REAL NYPIC,MVHIC, MPBIC
REAL, Kip Kee KCpLAMDA, MGIC, MVH MVP, LA
Eon ERS(192),A JAC CLs Sold (2254) pVA(Z) ¢VB4) yAI (67102),

AQ( 575) ,A3COs'LD S84 CSyI5¥+ DEMENSTON X(9) EC By 1) HTC DAVEY C2) 2 F C9p SHOE O YEE 9, Vaan ine)COMMON RL,SH, LANDA, HTC, HV, DV AAV EVOLV,L i
KG Ki ,K2, SPH, SP, LA.)

PHy PDS, TL, MVM, PMYP JOL ,.7 5198, !TR,PBLOV,
FRAi(2i), FVPA C21) SFVP2C2i 0 AVPL ARAL, MG;
VP2, RAD, SHA, RW, TOSFONC2L).104,THPA,PI.
eVPICh, VPIC2, SPICH JSP iCP.{COMMON?GDNTAB PRA (3) ¢PABAY NICD) VAC 7h) 7Y¥C2,51),EBND, DT, NXX,>
NIS, TEIN, NSS,NYY pK CSV ,ITRAT ARR WT“COMMON/PLOT/TACSH) BVHCSS SsDVECSED HVAT CSL) pMVPY (519

aA pUNne
.

NAMELISTS

NAMEL IST/OTAZAL, OV, AV, SH-LAMDAAVOLY, KC
4 ATC, Ki, Kp HV SHY IRM IeAD gL
NAMELIST/FUNC S/F 2. tALSFVPL SFPD IFW
NAMEL LST/CONT/SPH, SPICH, SPP, SP 1CP

NAMELTST/301INO/PH, PDS, FL,ITO PPA

READ C4 ,DTA)

READC$,FUNCS)
READ C1, BOUND)

READ (4, CONT)

READ (C4, LB) NY, NSpNXpNPAy'NPB
1@ FORMAT (91i9)

CALL. CAM35MM

SET PARAMETERS REVITRED AY THE IDENTIFICATION PRUCESSy

NP=NPA+NP3

LTERSSNYANS

KSNP+DeNP sf

TAs SReLERS + IANPHI CRG ANP #UNPANPENPY/2 EK AC2HIERStQRNP)
DO 3 IT=j,NPa

1 VACI) sa 41
OO yt Tet,NpB

VEC) So .f4

OPT si

PRACL) = 4"3

PRAC2) Billa

HTC=2.98 9 'D4PRACL)

K237 Jk4244*PRAC2)
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c ; : :
C CALCULATE INITIAL CONDITION, 3
c

PYGIC#249 [SagesPr0P
PVICSPVGIC+PA "i
RGICSC(PVIC/ASESHS 8793 75 1,48
TBICSCPVIC/S3 IT) ee CL 73 IOTLYZRGIC

QVICEKGRSORT((PVICHP DS) ACPVIC JP 25) “TBIC) “RGIC
QBICHRGICKQVICZRL

MYPIC=sprce

MVHIC=SPICH

MPBICSMVPICtCRL&MVHIC) 2 (RHH215443.j9))
PBGIC=249 544 eMPRIC

ss5s:uu. PBICSPBOIC+PA
ZIC=(PBIC ePVICDACRL*9./384)

ou. MGICRRGIC*CVOLY HAVeZIC?
QLIc=a3ic

_PISPH#PA :
RAICL=QLIC*SORT(K2/(PTHPRLS KL ROALICKGLIC))

CALL. FUNCCRATCH,FRAY,°VPL,I2L,VPICL I)
= THIC=(OSICARLALAMDA4OL IC &RL &SH eC TLATBIC) FLA) 2(39141 59KDVAZICRHTC)

4 +TSBIC
QNICB2JaxHT Ce (THICHTBIC) eZIS#3 1h 41 59*RAD*RAD/(RADARWHSHA

i CTOsTHIC))
CALL. FUNCCON IC, FQN, FVP2,2ifVPICZ,I)

c

-G CALL SUBROUTINE WHICH COGRDINATZS THE SOLUTION. OF IDENTIFICATION PROCESS
c

CALL. [DUNDYS(NY,NS,NXp,NPA IND
1 J AL ,pA2,83,44A10P7
IFCIERINE 9) NRITEC(2,2293

2p8 FORMAT C(23HDxeATOUNDYS FAILIUNRE&&e),

IPERS TERS, ATAC,W,IN,VA,VB,S, IER,

c
C CALL PLOTTING SUBROUTINE.
C

CALL. PLOTCTA,DOVH,OVP,MVHT,MV>VY'
STOP

END
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4.3 Subroutine MODEL

SUBROUTINE: MODEL COERX, XT eiNAXHo 00
€ THIS SUBROUTINE MODELS THE VAPORTSER S¥sTEM ON THE ASSUMPTIUN OFC PERFECT MIXING CONDITIONS.1)
c

REAL Kite K2ykG,LAMDA,GIC,MGMVH_MYP IL ASMP
DIMENSION DERK(99,X (93 2
DIMENSTON X(9),2C2, 54) WEC2 SLY AYY CZ) pF C974) ¢DFDY (99) DIF (9p 772)
COMMON RL, SH, LAMDA, HTC, 'HV,DV,IAVVOLV,!

KG, K 4,42, 5PH, SPP, LA,!
PH,POS,TL, 4VH, MVP, ‘QL ,:Z,108,!75, PB, AV,"
FRAE C24) -FVPACZLD JFVP2C2LY VPA RAL» MG!
VP 2y RAD» SHN, RK, TO/'FOW (2A LS, ITA, PA, PI

i eVPICS, VPIC2, SPICHNsP ICP. ‘
COMMON/GONTAB/PRAC2) 

¢PROCAY pXIOC9D IVA (2,54) gb (2,51) pEBND, DT, NX,
1 NIS/ TEIN, NSSPNYY PK CST PRAT IRR YT
COMMON/CHECK/INN,'IN
COMMON/VAL/RG, PVA, PBA, Vi BVO, ViA ZV EL
COMMON/VALUEZ5, FCONNT

Youne

c .
© CALCULATE CHEBYCHEY POLYNOMLALS
c

TOR

Se CTORKAZ) bd
; F4 lk (TORAAS) AZAR TOR
C¢

C: ATTACH CHEBYCHEY POLYNOMIALS Fo Hor WATER TEMPERATURE
c

TINSTOX(PRB(L) ATSStPRA C2} eT LFPRA CRY ATIEPRB (ARTY
HTC2288% BxPRACL)

K2=7 JL4E14ePRA(2)
Z=X(4)

sone IFCZ,'GT.J9 65) 228 155
~ i TE CZ YLT 9 191) Zea for 

|: MG=X(2)

TW=X(3)
MPB=X(4)

VPt{=X(S)

MVPsX(6)

YP2=X(7)

IF CTINOLT jTW) TINST
VPL=Ly2eVPTC:

VP2=VPIC2
RG=MS/CVOLVqAVEZD
IF CRG JLTI.7.}44 223) RGS7 ,J4 4223
PVS (m8 6794901 434R6) et JES
TBSCPV/53 IT ARC LATO IITA RS
IFCTB LT. YL T32TL
PVGHPVmPA
PYW=PVG/289.j544

OVE STSNCKG*SORT CARS (CPV EP D3) #(PVIPDS)7TR)) /RG, PVePDS)IFCOV ALT Si}e) aVvea ja
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CALL FUNCCVPL,FVPE, FRAL 2 RAL TY
CALL FUNCCVP2,FV92,F Qn, '2f An NY
PBSPYV+RLA9 Jat eZ
PBG=PB~PA

PBW=P8G6/249 544 "
IFCRAL IGT B eaatyso To 2
QLes 4

GO TO 3

2 GL=SIGNCSORT (ABS CPX WB) 7CKE #K2A ERAT RRALDY) pPI APH)
3 VFS UNL S PHT CADV eZ eC TH4TBY
V2=RL*OL*SH* (TB 4TL)

LF COLL Tals) V2e0 Ja
IF CQLULT!9'Ja) aL=a Ja
IFCVASLTACV2+LAD VasV2eLa
QB=(VpeV2eLA) /(RLALAMDAD
VIGSOWACTINATA) £(Z#3 1 445942 1D w RADY

VALEZ SSRHT Ce CTH TS) /CRADHRARSHW),
25s DERX (4) 5( QL 493) /4V

st DERX(2) sRLXOB eRGxQV
“= DERX C3) sviSavit

DERX(4) 32 Joa (PBW 4X (4) )
DERX(5) =4..ja

DERX(6) a2 0% (PVH-IK (62)
DERX(7) sa ja :
DERX(8) a9 ja

DERX(9) sata

RETURN

END

4.4. Subroutine OUTP

SUBROUTINE: OUT?(T, X,Y)
~—. REAL. Ki, K2,KG,/LAMDA, MGIC,MS,IMVH MVP, Ay MPB

DIMENSION X(9),¥(2)
iz

C THIS SUBROUTINE CALCULATES THE HEIGHT AND VAPOUR PRESSURE USING THEC CALCULATED. VALUES OF STATE VARIABLES)
Gr

COMMON RL, SH LANDA, HTC, HY,JDV PAV AVOLV,!

KG, Kj ,K2,5PH, SPP,.4,)
PH, PDS, TL,MVH,EVP,3
FRAU(Qi) -FYPLC2L) PFYPOCOLY VP L S¢
VP 2y RAD, SHA, RW, FUP FON CSA Ny THpP APPT

eVPICt ee VPIC2, SPICH SIC
YCLI=254xe jai eRwe CXC 4X (59 YZRL
Y(2)=X(5)

MVH=Y(¢)

RETURN

END

/:Z 128 JFS,P3 ‘
74SULune
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Subroutine MONIT4.5

= 5€15.653X,
» 5SE15.69/)

633X57H EST

4

5
R

216,57)

DEPENDENCE ***)

ETER CHANGE LIMITED ***)

)

M

Ss
7

1

FUNCT CALLSOr Ne AX

RZ  OW  UaatOND  en  Coweo  OW  wZO0Y  9ZO  eonREHM WO DENI Oo
(IERS,NPyP,S,ITERCsSING,LIM)

(
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WHO  ON  Oo  zrexrZVOAZAN  erNI  OxMH  O50  eNA  etian  MmBINNS  Worn° mua  No eres,nu uw Nw
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c

4. 7 Subroutine FUNCTI

C THIS SUBROUTINE IS CALLED BY ES4SAB8F 4ND CALC!LATES THE MODEL RESPONSES

C AND OBJECTIVE FUNCTION.)

c

c

-25

DIMENSION ERS (482) 6E5¢192).15" C122)
DIMENSION £3(9)

DIMENSION X(9), ECZy SA) g KT C2 p'Si WAVY C2) fF (974) pOFDY (949) p DIF (9477 2)
COMMON/GONTAB/PRAC2) gp PRACIY XIC (9) IAC2, 34) eV (2,51) ,EBND DT, NXX,

NI3,TFIN, N53, YY, PROV ITRATARR WT1
COMMON/PRINT/ £57,549

COMMON/CHECK INN, IN

COMMON/VALUE/ 3S, ICOUNT
EXTERNAL OUT,HODEL:

PRA(1)5°RX

TAB=2'j0

CALL INCONCPRX)

DO 2 L=L,NXX
E8(I)SE5ND

X(I) =XIC(2)

DLT= be yri okt curs)
ICOUNTSICOUNT +t
TEND= efi

DD 3 isi,Nsg

T=Te

CALL OUTPCTS,X,YY¥)

OO 4& Jat,Nyy
Y¥CSp, TI #YYCS)

E(Jet)sy¥(3,1) wV¥ACI, 1)
KSItN3S#( Sei)

C CALCULATE THE TIME-iVARYING UNCERTAINTY

c

18

3
i
CONTINUE

TORS2)/52 dfx Tai J

Taa@siy
TiSTOR

T2=2JkCTORAR2) ALS
T3=4-JK(TORAABIAS ATOR
BB22=PR3( 4) AT 2atPRB(2) eT hePR8 3p aT2EPRE CAD ATS

ESCKIRCATCIA DIRECT, I) eee
SMCK) =C(RR&CBBQ2*ITRAS) ) aD
ERSCKISSQRTCCATCI, T) HE CITY) NSH (RR &CBRIAATRA TS a 42)
DO 3 N&L,NTS.

TEND=TENDEOLT

CALL DS2AJSF (To, TENN, X,NXX, MODEL JOEL, ES, LTE, FAR, ONT, Fe DFDY, DIF,

iFAILD

$2 3

ESTs#,19

SHO=F ad

DO 7 Lzsi,IERs
SSStERS (IT) x2

ESTRESTHES (I)

SMOSSMO+SM(I)

CONTINUE

RETURN

END
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4.8 Subroutine INCON

SIBROUTINE. INCONCPRA)

THIS SUBROUTINE CALCULATES THE INIFZAL CONDITIONS WHICH ARE FUNCTIO
OF THE PARAMETER ESTIMATES}aono0

REAL MVPIC,MVAIC, MPRIC
REAL Kirk, KG,LAMDA,MGIC,MS,MVHMVP, LA

DIMENSION X(9) ,EC 2,54) AT E2 BA VAVY C2) FCI y 4) POFDY (9,9) ,DIF (9,7,
COMMON RL» SHe LANDA, HTC, HY VyIAVVOLV,!

KGpKhe Ky, SPH, SPPeL Ay)

PHe PDS, TL, MVH, MVP, QL ,'Z,iG8 JTB,PB, QV,:

FRAG (24) pFVPAC2E) SFVP2C2L) AVP Ly RAS p MG,
VP 2, RAD, SHW yp RW, TOp'FOW C24 gH, TH PA, PI

eVPIC1,VPIC2, SPICH,SPICP:
COMMON/GONTAB /PRF (2) p PRA CAY IKICCO) AVA (2p SA) y¥ (254) pERND, DT pNXX

1 NISe TEIN, NSS, NYY OR COY STRAT RR WT

Us.une
tm ged HTCS2e8HIGaPRA

THICS35 51138

PYGIC=249 5 44e5PICP
PVICEPVGIC+PA

RGICSCPVIC/§JES+9.j979) 781 42
TSICSCPVIC/SS I) aeCh dad OTLYZRGIC _
QVICSKGKSART(CPVIC+PDS) kCPVIC IPDS) /TRIC) ZRGOIC
QBICERGICKAVIC/RL

MVPICs3PICP

MVHICSSPICH
MPBICSMVPIC#(RLAMVHIC) 7CRHH2I5 44D Jai)
PSBGIC=249 (S44eMOBIC
PBICHPBGIC+PA

ZICSCPBICMPVICI SCRE RIUSLY
MGICERGICK(VOLV HAVAZICY

QLIczasIc

PI=PHHPA f
RAICLSOLICASQRTCK2/(PE PPRIC yKLRQLIC eOLIC))
CALL: FUNCC(RAICA, FRAA,FVPLI2i-'VPICi LS)
LACS AALSOSOVAZICHHTCCEHICHTSICY YABICARL ALAMDASOLICARL RSH

4 (ThLsT3rc)°
GUICs2JaaHTCx(THICATBIC) RZIC #3 It 4L59*eRADARAD /CRAD&RUASHWK
, (TOmTHIC)) :
CALL FUNCCOHIC, FQN, FVP2,2i VPI C2sN1)
XIC(g)sZIC
XIC(2) MGIC

XICC3)=TWIC
XIC(4)=MP8IC
XIC(S)svPIC{
XIC(S)=4VPIC

XIC(7)svPICS

XIC(8)=
XIC(9) sai

RETURN

END
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4.9 Subroutine FUNC

i SUBROUTINE FUNC (Xs A, Be Ne lZERRY
c

C THIS SUBROUTINE CALCULATES THE VALE GF YCORRESPONDING JO X WHICH LIE:
C IN THE RANGE ASB 3Y INTERPOLATION

c

DIMENSION A(1),3C4)
IFCX*ACL Se het
1=2

IF (I=N)3,3,9

» LFCX*ACII) 4, 4,5

YEB (Lat) +(XoACT At) ER CLD FT AUDYZCACL AACTALD)
IERRS4

60 19 7
8 Y=BC4)

Go To 5

“Y=BCN)

IERR=4

Go 19 7

Isttt

Ga T9 2

RETURN

END

pune

Ne oD UO

,4.10 Subroutine OUT

SUBROUTINE: OUT(T,X,HT,N, TAA)
c

C THIS SUBROUTINE [5 CALLED RY THE IDENTIFICATION SUBROUTINES TO. OUTPUT
C: INTERMEDIATE RESULT 5a
c

DIMENSION X(9)
COMMON RL¢ SHe LANDA, HTC, 'HV,OVIAVVOLY,!

KGr Kh, k2, SPH, SPP, Lad
Pit, POS, TL, HVHAMVP iA 47 100,178, PB, ‘QV,
FRAL(2L) EVP A P2C2LY VPI At sMG,
VP2e,RAD, SHA, 243,100, 7H, PA, eeevPTeL veTCE, sPren " joo

COMMONZVAL?RG, PVH, PAW evasive eViawvil
wt ee MYA, XPV IRS PV, XC6) PRA SX (40,7, TW, QV, OL, QB, V1,

VRS VEL
4? FORMATCF? Ji, 4Fa.J5, 4F2./3, 2FS JE, BFS IZ SP61, FSI, 2F5%2)

RETURN

FND

Le Nite
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Subroutine PERAS4.11

SUBROUTINE PERAS(NS yNPyP5E9SeCPyFUNCT sAJAC 9A1,A2,A3y Alby YW) oeoOo FFX

e  HHeRE  =Zz Fewer  =ra Zz HeWw nn nx

a  zz  nu  =>  xe  XY  ZOOM2  >  e¢2Zz  Nn~  -  Ff  Dae  =aw  WW  FOS  &ren  Ye  & Wr  2D>a.  ewwamunn  om  WaaZoer  t  t YF  aerREHZW  &  YF  a  WHbDD~  ee  WwW  YWpada  wwaa  Wor  «O2202=  aZzw  aoZAnRZz—a to wo ww
He  Ore  x  10  a~  HOd  WHwW  HxOHHrZ0A  OYO  Wh  HIYHIjIa5  naea  OZzWeCatamkezreacer aqOOrwrOODuU>Or FO YrWHHEZHEO>-Y)  FEOZNNHHOD OZFEWON

AAWWLE  O>H>O  WHOFIERMA  DA~Y>Hea>-O  ZN>t  00  _  4hane  oa  D-Sa  owe  aed  xHrHaawZH>OBZ WOW HORS HWRO oHDHINER SWE HOW IOxaayO~DSHDWYN EXZKOH >HI
Z  EEOCE YNaDuUDOXNOo]YHORNA  IE  ana  DO=GH~OrRZ  Cag  oa  *L,WOHMUEZDZUMUZ  whew~dOHF-Oroa  YOtOWUCaLUWOWEtus  WHE  Fe  YOR  F  WwSELLEURNO>-W>r  W>-WLOQad0050xWOaFa  >EaEO=ZEY  ”  wWwvoOeatoadkaai>>  >  IVO  Kae  Ke  >H“Vodar  abu  IaMaa  {YdaaayeeSeOr a dan aad

ULeeFe  Dan  a  eeOOdtHawa  ZZNZUANZNs2  toe  ie  ed  *  uO00HHA  t0ne  HAWwaMotnZzze2Ez220z22aza2az7aZ=ESh aa  th ee1=

ooZano  arn  DH  NMaad 2zzawvnok  aad  =
PERAS REQUIRES NAG SUBROUTINES FO1AAF,FO1CJF,F O1CKF,GO1BAF

OIMENSION

Pp

A

S
‘A
N

QOOOCOOOOOOOOOOOOOOOOH00000
-a

visShotCeaia

yu  an<< 5o

. Ws~ FFno weZOE

-~ <ee

=  ato2a 45«4 waz Ow
. =-~ FL

an

Z4y ku~~ nOON &Zewnwe ot  Wwon  wiaz  XO2 = a woax wee- n On

aa WwOo  & bA2z Za

ie DawaDORnGHHSOZOWS0'seroaNHath ouNt  enn
ENSITIVITY CALCULATIONS USED TO COMPUTE JACOBIAN MATRIanHo

9£15.6)H PERTURBATION

4sNS)

1,NS)

iE

Ei

O  on  onaNPyPyW)sD =n7a  AS  =~  SNH  OHOrZ—0r-2~O0  *=00  «=VZqHUF  ZA  ort  ot  otetWARD  RRS  aARNN~  NWN  I 1,NP50H  He  HRA  REE  |~w  an  ai  tutePOR AHA ANNARETEEEEM
WQS  MOS  MOH  MHYKHYYOnOF MAO OnH~XOKMONOO

FLXORO  ONAO.OO  40.  FU.  RU  Sinu

7 Nn mt wyo.9  9ui Nu ; NHANINET «aDN~  I~H2--9~rSRW Lie

OFFEMHF=aZHY  HYIOXYOOKrO» fTOSLO=LMt O WnQ °

nN  nN
“aoeWwbuw==a=za

= -H =wo

2)  .a ry2° 4a  WwWoO: ©uu .
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4.12

SUBR

Subroutine PLOT

OUTINE: PLOTCTA,DVH, OVP IMVHT IMyPY)

C THIS SUBROUTINE PLOTS RESULTS ON MICROFILM
c

REAL

DIME

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

OVH,OVP,M4VHT,MyoY

NSTON TACS$) -MVHTESLD IMVEV CSE IDVH(5$) 2DVP C52)
SLIDE (89,133, a4, 32 J),

HARGIN(@ 39)

XAXIS (#5, 332))
. YAXI5( 348, Fj14)

- LXTICK

LXVAL. .

~LXLABSELCA7H TIME IN SECONDSIIL7)
LYTICK

LYVAL: - ;
LYLASEL( ASH HEIGHT (METRES) 16)
EDGES (23it,2)

PTPLOT(TA,OVH, 54,5)
--CALL: INTRUPT( 2,2)

POLYSCTA;MVHT, 31)

» NEWFRAM
SLIDE (3, (aay, 1, 82).

MARGIN(9 Ja)

XAXIS( 37,533.)

YAXIS (87), 1454)

LXTICK

LXVAL :
LXLABELCL7H TIME IN SECONDS:),117)

- LYTICK

LYVAL.

_ LYLABEL(A7H VAPOUR PRESSURE 7)

EDGES (H914,2)
PTPLOT(TA,DVP, 51,4)

INTRUPT (2,7)
: POLYSCTA,MVPYV, 51)

CALL NEWFRAM

CALL. ENOFILM

RREKK

RETU

END

Vee CAS EF b§ FeRAM Ri ke
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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_,SPRA1(20), CPRA1(20), FIERS1 (20), SESS1 (20), SESC1(20)

READ(5, 5)NPLOTS

5 FORMAT(13)

X1=15.

X2=95,

X3=175.

Y1=15. ee
Y2=110. Seopa ae
Y3=140

Y4=235. :
CALL B1g02

DO 999 II=1,NPLOTS

CALL DEVPAP (210. ,297.,0)

CALL WINDOWC2)

CALL PENSEL(0, 0.,0)

CALL CHASIZ(2. 2. >

CALL CHASWI(1>

READ(5, 16) ITERS

ITERSS=ITERS

10. FORMAT(213)

READ(5, 15) (SPRA(I), I=1, ITERS)

WRITE(6, 89) (SPRA(I), I=1, ITERS)

READ(5, 15) (SESS(1), I=1, ITERS)

WRITE(6, 88) (SESS(1), I=1, ITERS)

15 FORMAT(9E15. 6)

88 FORMAT(9E12. 3)

S=10.

. OE+4

001

. O01

O04

FIERS(1)=0.0

DO 55 I=1, ITERSS

FIERS(1I+1)=FLOAT(I)

55 CONTINUE

Se



25

37

20

45

5sO

ITERS1=ITERS-1

DO 25 I=1, ITERSi

SPRA1(1)=SPRA(I+1)

SESS1(1)=SESS(I+1)

CONTINUE .
DO 37 I=1, ITERSS

FIERS1(1I}=FIERS(I+1)

CONTINUE

DO 20 I=1, ITERS

IFCS,

LE CE.

IF CU.

IF CA.

GT. SPRA(I)) S=SPRACI)

GT. SESS(I}) F=SESS(I)

LT. SPRA(I})) USSPRACI)

LT. SESS(I)) A=SESS(1)

CONTINUE

DO 45 I=1, ITERS1

ECs

IF(R.

LT. SPRA1(I)) P=SPRA1(I)

LT. SESS1(I)) R=SESS1(1I)

CONTINUE

IF(Q.

IF (A,

IF(B.

IF CC,

IF(G.

IF CH.

LT.S) S=@ San

CT.D) D=A E Bee

LT.F) F=B

@T.U) U=C

CT.P) P=¢

GT.R) R=H

SS=S-0. 01*S

DD=D+0. 01#*D

UU=U+0. 01#U

FF=F—-0. 01#F

PP=P+0. 01*P

RR=R+0. O1#R,

WRITE(4, 5O)DD, FF

FORMAT(17HTHE VALUE OF DD=

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

AXIPOS(1, X1,¥3,80.,1)

AXIPOS(1, X1, Y3, 95. ,2)

AXISCA(1, ITERSS, 0. 0, FLOAT(ITERSS), 1)

AXISCA(1, ITERSS, SS, 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(90. )

CHAHOL(17H#U VALUE OF PRA. )

ROTAT2(-90. )

GRAPOL(FIERS, SPRA, ITERS)

GRASYM(FIERS, SPRA, ITERS, 7, 0)

AXIPOS(1, X2, Y3, 80.,1)

AXIPOS(1, X2, Y3, 95. ,2)

AXISCA(1, ITERSS, 0. 0. FLOAT(ITERSS), 1)

AXISCA(1, ITERSS, FF, DD, 2)

AXIDRA(+2, +1, 1)

MOVTO2(X2+30. » Y3-7. >

CHAHOL (1SH*#U ITERATIONS#. )

AXIDRA(+2, -1, 2)

MOVTO2(X2-7. » Y3+40. )

ROTAT2(90. 0}

CHAHOL (23H#U OBYECTIVE FUNCTION#. )

ROTAT2(-90. )

GRAPOL (FIERS, SESS, ITERS)

GRASYM(FIERS, SESS, ITERS, 7, 0)

oon —

»F12. 6, 17HTHE VALUE OF FF= »F12. 6)



999

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

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

AXIPOS(1i, X1,Y1i,80.,1)

AXIPOS(1, X1, 71,95. ,2)

AXISCAC1, ITERSS, 0. 0, FLOATCITERSS), 1) _
AXISCA(1, ITERSS, SS, PP, 2)

AXIDRA(+2, +1, 1)

MOVTO2(X1+30. , ¥1-7. )

CHAHOL(1SH#U ITERATIONS*. >

AXIDRA( +2, -1, 2)

MOVTO2(X1-7. , ¥1+40. )

ROTAT2(90. )

CHAHOL(17H#U VALUE OF PRA*. )

ROTAT2(-90. }

GRAPOL(FIERS1, SPRA1, ITERS1)

GRASYM(FIERS1, SPRAL, ITERS1, 7,0)

AXIPOS(1, X2, Y1,80.,1)

AXIPOS(1, X2, Y1,95.,2)

AXISCA(1, ITERSS, 0. 0, FLOAT(ITERSS), 1)

AXISCA(1, ITERSS, FF,RR,2)

AXIDRA(+2, +1, 1)

MOVTO2(X2+30. , Y1-7. >

CHAHOL (1SH*U ITERATIONS#. )

AXIDRA(+2, -1,2)

MOVTO2(X2-7. , Y1+40. )

ROTAT2(90. )

CHAHOL(23H#U OBJECTIVE FUNCTION#. )
ROTAT2(-960. }

GRAPOL(FIERS1, SESS1, ITERS1)

GRASYM(FIERS1, SESS1, ITERS1, 7, 0)

MOVTO2(X3, Y1)

LINTO2(X3, Y2)

LINTO2(X1, Y2)

MOVTO2(X3, Y3?

LINTO2(X3, Y4)

LINTO2(Xi. Y4}

MOVTO2(X1, Y3-8

LINTO2(X1, Y2+7

LINTO2(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#. ‘)
MOVTO2(X1+6.,Y3-15. ) ‘=
CHAHOL( ‘#U VARY WITH THE NUMBER OF OVERALL ITERATIONS*#. ’)
CHAHOL (‘#U WHILST THE LOWER TWO GRAPHS. ’)
MOVTO2(X1+6. , Y3-18. )

CHAHOL(’#U COMPARE THE PERFORMANCE OF CLASSICAL LEAST. ’)
CHAHOL(’#U SGUARES TECHNIQUE (AT ITERA-*. ‘)
MOVTO2(X1+6., Y3-21. )

CHAHOL(‘#U TION NO. 1) WITH THAT OF THE SMOOTHED LEAST#. *)
CHAHOL ( ‘#U SG@UARES TECHNIQUE#. ‘)

MOVTO2(X3-40. , Y4-10. ?

SYMBOL (7)

CHAHOL ¢ “#4 S/W APPROX. *. ’)
MOVTO2(X3-40. , Y4-15. )

SYMBOL (4)

CHAHOL ¢ 7#U CHEB APPROX. *. ‘>
PICCLE

CONTINUE

CALL

sToPp

END

DEVEND

, = 187 =



5.2 Program CHEB

C THIS PROGRAM PLOTS CHEBYCHEV-FORM UNCERTAINTY
c

DIMENSION X(51),Y(51)

CALL Bi302

CALL DEVPAP (170. 0, 120. 0,0)

CALL WINDOW(2)

CALL PENSEL(0, 0.,0)

READ(5, 25)N

25 FORMAT( ‘READ NUMBER OF INPUT DATA‘, I3)
DO 50 K=1,N

READ(S, 5)A, B,C, D, E,F

5S FORMAT(6E15. 6)

WRITE(6, 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. O#(TOR##2)-1.0

T3=2. OX T2*#TOR-Ti

T4=2. O#T3*TOR-T2

TS=2. O#T4#TOR-TS

BB=A#TOO+B*T1+C#T2+D#TQ+EXT4+FxT5S
X(1)=T

Y(I)=BB

WRITE(4, 30)T, BB

30 FORMAT(F10. 2,F15. 8)

T=T+10.

20 CONTINUE

CALL GRAF(X,Y, 51,06)
CALL PICCLE

50 CONTINUE

CALL DEVEND

STOP

END

— a ooe—



5.3 Program SINE

C THIS PROGRAM PLOTS THE SINEWAVE-FORM UNCERTAINTY
c

DIMENSION X(101),Y(101)

CALL Bi302

READ(5, 25)N

25 FORMAT(I3)

DO SO K=1,N siete 2
CALL DEVPAP (170. 0, 120. 0, 0)

CALL WINDOW(2) j

CALL PENSEL(0, 0. ,0)

READ(5S, 5A, B,C,D

S FORMAT(4F15. 8)

WRITE(6, 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(4, 30)T, BB

30 FORMAT(F10. 2,F15. 8)

T=T+10

20 CONTINUE

CALL GRAF(X, Y, 101, 0)

CALL PICCLE

SO CONTINUE

CALL DEVEND

sToP

END

SEE GS c=
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