
C O ST -B EN EFIT  ANALYSIS O F R E FIN E R Y  PR O C ESS DATA 
IN  T H E  EVALUATION O F  PLA N T PE R FO R M A N C E

A thesis submitted to the University o f  London 
for the degree o f 

D octor o f Philosophy

by

Cyrille Alheritiere

University College London 
Department o f Electronic and Electrical Engineering 

Torrington Place 
London W C1E 7JE

March, 1999



ProQuest Number: 10609795

All rights reserved

INFORMATION TO ALL USERS 
The quality of this reproduction is dependent upon the quality of the copy submitted.

In the unlikely event that the author did not send a com p le te  manuscript 
and there are missing pages, these will be noted. Also, if material had to be removed,

a note will indicate the deletion.

uest
ProQuest 10609795

Published by ProQuest LLC(2017). Copyright of the Dissertation is held by the Author.

All rights reserved.
This work is protected against unauthorized copying under Title 17, United States C ode

Microform Edition © ProQuest LLC.

ProQuest LLC.
789 East Eisenhower Parkway 

P.O. Box 1346 
Ann Arbor, Ml 48106- 1346



my parents



ACKNOWLEDGEMENTS

I would like to acknowledge BP Oil International for sponsoring this research 
and funding me for three years. I am grateful also to The Centre for Process 
Systems Engineering for providing partial funding.

I am thankful to Mike Knight, my supervisor at BP for initiating the project. 
Many thanks also to Stuart Fraser, John Davis and Laurie Costantin for their 
help to get to grips with refining processes and for providing insight into 
industrial practice.

It is thanks to Nina Thornhill that the project and indeed these three years as a 
PhD student have been most enjoyable. Thank you for motivating me, for 
indicating new directions to work in, and for being a wonderful thesis 
supervisor both in and outside of work.

Finally, friends, family and Nina J: thank you for all the fun times in London.



ABSTRACT

This thesis addresses an industrial problem in the field of plant performance analysis (PPA). 

For improving process performance both in the refining industry and in the chemical processing 

industry, it is necessary to accurately measure process performance. This task is known as 

plant performance analysis (Madron, 1992; Howat, 1997).

PPA usually involves using process measurements to develop process models which are used in 

turn to estimate performance parameters. The performance parameters are a mathematical 

representation of the plant’s performance. Examples of performance parameters are tray 

efficiencies, yields and heat exchanger coefficients. PPA is therefore a procedure which maps 

process measurements to performance parameters which reflect a physical condition on the 

process.

An important part of PPA involves gathering process measurements to be used in the analysis. 

This thesis focuses on the process measurements used in PPA and addresses an issue which 

follows from the following remark: improved process measurements yield improved PPA 

procedures, however they are also more expensive. There is therefore an industrial need to 

assess the cost-effectiveness of data collection procedures, and to optimise the trade-off 

between increased measurement costs and improved PPA procedures. This problem is referred 

to as the cost-benefit analysis of refinery process data in plant performance analysis.

This thesis presents a methodology to address the cost-benefit analysis of refinery process data. 

The methodology assesses process measurements on a cost-benefit basis; that is, it shows how 

the trade-off between the costs and benefits of improved measurements can be evaluated. The 

work is of practical interest since it has, from the very beginning, been carried out in co

operation with the project sponsor, BP Oil International. This has ensured that the methodology 

developed is fully relevant for industrial applications. The methodology has been successfully 

applied to an industrial case study.
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NOMENCLATURE

A„ Bh C, Antoine coefficients 

A Matrix of linear constraints

cij Performance parameter sensitivity coefficient (to model independent variables)

bi Performance parameter sensitivity coefficient (to model dependent variables)

b Vector of plant bias

C Total allocated cost to process measurements

C, Cost allocated to any measurement 1

CF„ Cash flow for any year n

Total maximum cost allocated to process measurements 

cov Measurement covariance matrix (see also Q)

cx Liquid composition vector

Cy Vapour composition vector

c, Feed composition vector

f Feed composition vector

F  Feed flow rate

/  Process model constraints

g  Constraints, mapping of the PPA procedure

h Linear constraints for data reconciliation , linear set of constraints for the MINLP
formulation

J  Jacobian matrix with respect to the process parameters

K  Jacobian matrix with respect to the process independent variables

1 Liquid composition vector

L  Liquid flow rate

Na Number of actual trays in a column section

Np Number of estimated parameters

Nlh Number of theoretical trays in a column section

Nx Number of input measurements

Ny Number of output measurements

NPV  Net present value of an investment

P  Flash pressure

Saturation pressure 

r Internal rate of return
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s Covariance matrix of process measurements (matrix of cf)

s Measurement covariance matrix

u Vector of all unmeasured model independent variables

V Vapour composition vector

V Vapour flow rate

V„ Molar flow entering tray n

w Least squares weighting matrix

X Model independent variables

Xi Liquid composition of component i, process model dependent variable I

Liquid concentration leaving the downcomer of a tray n

Xjjt Binary variable: measurement option k used for independent variable j

y Model dependent variables

y> Vapour composition of component process model dependent variable 1

y» Average actual non-equilibrium concentration of the mixed vapour leaving tray

yn Concentration of the vapour that would be in equilibrium with the liquid 
concentration x„ leaving the downcomer of a tray n

Yi.k Binary variable: measurement option k used for dependent variable i

z Measured variables; In many cases z = [x:y]

Zi Feed composition of component i.

Greek letters

a P Estimated parameter standard deviation

*2 Matrix of equipment information data

X ? Matrix of m of plant measurements

Potential set of data

p Vector of process parameters

T] Flash vaporisation efficiency

<t> Mapping of the PPA procedure

a Standard deviation

Superscripts
A estimated or reconciled variable values values

+ process measurement
+ process measurement values
opt Optimal value



p  performance parameter

Subscripts

0 Nominal point, nominal

1,2 Measurement option number

/ Variable index, dependent variable index

j  Independent variable index

n n’th tray of a column

m mass balance variables

M M  Modified Murphree

M  Murphree

s Stripping zone

x  Model independent variable

y  Model dependent variable



1. INTRODUCTION

1.1 General introduction and aim

This thesis addresses an industrial problem brought up by the industrial partner BP Oil 

International concerning the analysis of process performance. Improving process performance 

in the refining industry, and in the chemical processing industry in general, requires accurately 

measuring process performance. This is known as plant performance analysis (PPA) (Madron, 

1992; Howat, 1997). PPA generally requires using process measurements to develop process 

models which are used in turn to estimate parameters which reflect unit performance. Examples 

of performance parameters are tray efficiencies, heat exchanger coefficients, reactor yields or 

even profit.

Obtaining accurate process measurements to use in the analysis is important in PPA. This 

thesis focuses on process measurements used in PPA. Specifically, the thesis addresses issues 

brought up by the following remark: improved process measurements yield ‘better’ PPA 

procedures, but they are more also more expensive. There is therefore an industrial need to 

assess the cost-effectiveness of PPA procedures, that is to optimise the trade-off between 

increased measurement costs and improved estimates of performance.

The completed objective of this thesis is to

develop a methodology for the cost-benefit analysis ofprocess data

in plant performance analysis.
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1.2 Thesis achievements

This thesis presents a three step methodology to address the cost-benefit analysis of refinery 

process data. The methodology assesses process measurements on a cost-benefit basis; that is, 

it shows how the trade-off between benefits from improved measurements and costs of 

improved measurements can be evaluated. This work applies to continous, steady-state 

processes. It is of practical interest as from the start it has been carried out in co-operation with 

the project sponsor BP Oil international.

The methodology determines which process measurements are necessary in order to design a 

more cost-effective PPA procedure, by improving the cost-effectiveness of the measurement 

structures used in the analysis of plant performance. The measurement structure defines both 

the set and the accuracy of process measurements used in the analysis. It is shown that the 

cost-effective design of measurement structures for PPA can be formulated as an optimisation 

problem which maximises the benefits of process measurements by optimally selecting the 

measurement structure. Benefits of PPA are defined in terms of increased accuracy of the 

parameter estimates.

The first part of the methodology presented in this thesis describes the necessary steps required 

in order to account for, and to model the structure of the PPA used by the industrial partner. 

That is, it ensures that the parts of the PPA structure which are not to be improved, or 

equivalently which are not degrees of freedom in the optimisation, are modelled accurately.

The second part of the methodology focuses on methods for obtaining an objective function 

which is representative of the benefits of the industrial PPA procedure. The objective function 

must correctly represent the industrial goals of the PPA procedure and make use of the 

knowledge of the structure of the industrial PPA procedure.

Finally, the methodology presents the cost-benefit analysis of process data as an optimisation 

problem. The benefit is that measurement structures used in practice for a PPA procedure can 

be evaluated in comparison to the optimal structure and recommendations can be made to 

improve the measurement structure of the PPA procedure.

The title “Cost-benefit evaluation of refinery process data in the evaluation of plant 

performance” reflects the objectives of the industrial partner. The work can also be described 

as “a procedure for the design and retrofit of PPA procedures through the improved use of 

process measurements”.
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1.3 Relevance and contribution

The work presented in this thesis addresses several important issues for the overall 

improvement of processes in the chemical processing industries (CPI). Firstly it addresses 

PPA, a key aspect of chemical engineering. Secondly, it improves the use of process 

measurements. Due to the widespread implementation of distributed control systems and the 

improvements in computing technology, process measurements have been made more readily 

available and as a result, there has been an incentive for improved analysis and efficient use of 

data (Pages et al. 1996). The benefits of this work are the improved cost-effectiveness of 

procedures used by the industrial partners for plant performance analysis. The work is 

practically oriented and generates savings by solving a practical industrial problem.

The importance o f  plant performance analysis

The field of plant performance analysis is of crucial importance for improving process plant 

operations. Recently, it has become the focus of a whole chapter in Perry’s Chemical 

Engineer’s Handbook (1997) and the field is thus placed on par with other traditional 

disciplines of chemical engineering such as distillation, heat exchange and mass transfer. For 

the industrial partner’s engineers, measuring process improvements is a key part of their work. 

Indeed, the concept of reserves (Madron, 1992) states that it is difficult to exploit reserves 

(possibilities for process improvements) if the improvements fall below a measurable level. 

Plant performance analysis is also a means of problem prevention. According to Gans (1991), 

75% of all plant problems are due to unidentified, inefficient plant performance ultimately 

traced to simple equipment problems and limitations.

The importance o f  process measurements

With the development of improved computing technology, vast amounts of data can be readily 

gathered and processed. There is an incentive to use this information effectively. This work 

provides a methodology to improve the use of already available process measurements (such as 

data available from distributed control systems available at low costs) and to design better data 

collection procedures for more costly measurements such as laboratory measurements. It 

applies the efficient use of process data to PPA.

Importance o f  process measurements in PPA

Both the literature and the industrial partner’s experience indicate that process measurements 

play a key role in the analysis of process performance and that without quality process

20



measurements, a good understanding of plant operation cannot be obtained. Howat (1997) 

states that Measurements taken from the operating plant are the foundation for the analysis 

[of plant performance]” and that “The success in interpreting and ultimately improving unit 

performance depends upon the uncertainty in the measurements.” Obtaining good process 

measurements is therefore important in order to implement conclusive PPA.

However, process measurements are also expensive and for reasons of costs, convenience or 

technical feasibility, not every variable in a process is measured (Mah, 1990). There is 

therefore a need to determine which process measurements should be used for the analysis. 

“This [the choice of process measurements] often overlooked aspect of the analysis of plant 

performance deserves greater attention in the plant operations and research literature” (Howat, 

1997) and therefore addressing this issue is relevant for the chemical industry.

Potential savings from improved measurement strategies

O f great interest to most industrial applications is the economic bottom line. The methodology 

presented in this work is relevant for economic reasons as it presents a method for reducing 

measurement costs and maximising the benefits of process measurements which are readily 

available. “The potential savings from minimising the number of measurements, repeated unit 

tests, associated personnel are enormous” (Howat, 1997). There is therefore an economic 

incentive to use process measurements in an economically efficient way. The optimal use of 

process measurements in plant performance analysis aims to increase measurement savings.

Application oriented work

The work in this thesis has accounted for the practical aspects faced by the industrial partner. 

The project has been sponsored and followed by the Technical Development Unit of BP Oil 

International Ltd. whose requirements have been accounted for early in the project. The 

industrial partner has also provided on-going insight into the practical aspects of PPA. The 

industrial requirements have introduced constraints throughout the project such as the choice of 

the modelling software used in the analysis.

In conclusion, the work presented in this thesis addresses a number of problems whose solution 

is relevant to the chemical process industry.
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1.4 Original developments

This work presents a novel approach to the design of PPA procedures while remaining focused 

on the practical problems presented by the industrial partner. The methodology solves problems 

for which solutions are not available in the open literature. Both the principal works on PPA 

(Madron, 1992; Howat, 1997) describe the iterative, manual nature of the selection of process 

measurements in plant performance analysis. This work presents a rigorous, computer aided 

procedure to address this problem.

Although the problem of the cost-effective selection of process measurements using a computer 

aided approach has not previously been addressed specifically in PPA, a vast amount of 

literature must be acknowledged for solving similar problems in other fields and for inspiring 

much of this work. Indeed, literature on the design o f  on-line optimisers and on the sensor 

network design (SND) problem, presents a number of solutions to deal with the efficient 

selection of process measurements. This literature is reviewed in sections 2.4.3 to 2.4.5.

A further advance made in this work is that the methodology developed has been applied using 

commercial process models which are used by the industrial partner in PPA. This approach is 

novel as by contrast, most literature on the analysis of plant performance has used academic 

case studies (Macdonald and Howat, 1988; Serth et al., 1993).

1.5 Thesis structure

This thesis is written in three parts.

The first part (Chapters 1-3) introduces and analyses the problem, presents solutions which are 

available in the literature and introduces a solution methodology. The problem analysis 

(Chapter 2) presents a number of key issues in PPA such as parameter estimation, data 

reconciliation and introduces the concept of the structure of PPA. Chapter 3 presents the 

methodology, which has been developed in this work.

The second part of this thesis (Chapters 4-6) details each of the three steps of the methodology. 

Chapter 4 illustrates the importance of assessing the PPA procedure used at the refinery, 

characterises the PPA procedure used by the industrial partner and develops a model of the 

procedure. Chapter 5 shows how the benefits of increased process data can be assessed. 

Chapter 6 presents the different methods which can be used to evaluate the cost-benefits of 

process data and leads to a general formulation for the cost-benefit analysis of process data.
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The third part shows applications of the methodology. Chapter 7 uses an academic flash 

distillation model and Chapter 8 applies the methodology to an industrial example supplied by 

the industrial partner. Chapter 9 returns to the flash distillation case study to show that the 

cost-benefit analysis problem can be solved using an MINLP formulation.
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2. PROBLEM ANALYSIS AND LITERATURE 

REVIEW

The purpose of this chapter is to present the industrial problem, to review the key concepts 

available in the literature which are related to the industrial problem faced and to formalise the 

problem addressed in this thesis.

In this chapter, the results of several interviews with the industrial partners to define the 

problem are summarised. A good level of understanding of the practical problems faced on a 

day to day basis has been achieved and a certain number of objectives have been drawn. 

Theory relating to these objectives is reviewed to break the problem down into tractable sub 

problems and determine which ones have already been addressed in the literature.

2.1 The industrial problem

Estimating process performance is crucial in the chemical processing industries. For the 

industrial partners, it is an important way of obtaining measurable effects of improvements 

made to process units and process operations. Measuring improvements determines whether or 

not modifications have truly improved performance. This idea has been formalised by the 

concept of reserves defined as possibilities for improving process performance (Madron, 1992). 

The following figure illustrates that when the effect of a reserve falls below a measurable level 

(shown by the dotted line, Figure 2.1), it becomes increasingly difficult to implement the

24



r  r u u i e m  s \ i iu iy a ia  u r iu  i ^ i i e r u i u r v  ix c v itz w y ^n u p iisr  4

reserve. Mah (1990) states, in other words, that errors in process data can easily exceed and 

mask actual changes in process performance.

A

c:>

c>

c
Minimum detectable Level 

>

Cj>

<j> T ?
1 3 5 7

reserve

Figure 2.1: Possibilities of reserves disclosing1

The individual possibilities of improving the functioning (applying 
reserves) of a plant are presented on the x-axis in order of their 
decreasing effect. The horizontal dashed  line represen ts the usual
variability of the examined index (e.g. profit or other perform ance
param eter) caused by slight fluctuations in the  production conditions 
(process noise). So long a s  the effect corresponding to  a given reserve 
is below the  noise level (reserve 4 and higher) th e  existence of th e  
reserve will pass unnoticed.

The industrial partners use performance estimation for benchmarking, for establishing

performance targets and making operational decisions such as transferring the production over

to the best performing units. A performance parameter may be monitored over time in order to

make operational decisions such as when to take a unit out of service or a shut down a part of

the plant. Performance estimation is also used to determine if the plant is performing according

to ‘design specifications’. Indeed when the plant is designed, certain assumptions are made as

to how the plant will operate (assumptions on tray efficiencies, heat exchanger coefficients and

other inferred quantities). A well matched plant model and corresponding performance

estimates can assess the coherence between design assumptions and actual plant operation.

Overall, for the industrial partner, the objectives o f  the performance estimation are firstly to 

obtain confident performance estimates which reflect a meaningful physical condition in the

1 Adapted from Madron, 1992.
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plant, and secondly to obtain an estimate which can be meaningfully compared to other 

performance estimates.

Performance analysis at the refinery can be a monthly procedure. It involves collecting process 

data (either from the DCS or data collected during a during test run). The data is then used to 

build models of certain units on the plant. The models are then used to estimate performance 

parameters, generally estimated by adjusting the performance parameter in order to minimise 

the discrepancies between the model and the process measurements. An example which will be 

studied in depth is the estimation of the stripping efficiency in the bottom of the crude 

distillation column. Data such as TBP curves of feed crude and column products, temperatures, 

pressures and flow rates are collected and used in a HYSIM (Hyprotech, Calgary) model of the 

crude tower which is used in turn to estimate tray efficiencies. The procedures used by the 

industrial partner for the analysis of plant performance are principally developed from 

experience.

Performance analysis at the plant has raised a series of important questions concerning the way 

in which it is carried out2. The main question which is addressed in this thesis follows from the 

following: improved process measurements should improve plant performance analysis 

procedures, but improved measurements are also more expensive.

Moreover a large number of process measurements are readily available in plant information 

databases and distributed control systems. It would be desirable to use process measurements 

more efficiently in order to improve PPA procedures, to determine which process 

measurements are truly important for the analysis of plant performance and to assess the costs 

and benefits of process measurements. Overall, there is a drive to optimise, on a cost-benefit 

basis, the trade-off between improved process measurements and the benefits obtained from 

improved PPA procedures.

In summary, the aim is to implement a cost-benefit analysis ofprocess data fo r  plant

performance analysis.

2 Meeting notes, BP O il, Sunbury, December 7, 1995.
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The following more detailed industrial objectives were put forth in order to address the cost- 

benefit analysis of process data:

• Estimate the contribution of process measurements to performance estimates, i.e. determine 

the sensitivity of performance parameter estimates to process measurements.

• Rank process measurements on a cost-benefit basis in terms of their contribution to 

performance estimates.

• Use the ranking of process measurements to improve the cost effectiveness of PPA 

procedures through a more efficient use of process data.

• Implement a cost-benefit analysis of process data, that is determine the benefits of 

increasing resources allocated to process measurements.

This section has presented a summary of several interviews with the industrial partners which 

have led to a good understanding of the practical problem faced regarding the efficient use of 

process measurements in PPA. A certain number of practical objectives have been presented to 

address this issue. The purpose of the next sections in this chapter is to review the theory, to 

determine which objectives can be readily attained using results available in the literature and 

to determine how the practical objectives may be set into a theoretical framework.

2.2 Analysis of plant performance

The purpose of this section is to give an overview of the important issues in plant performance 

analysis (PPA). Literature which focuses specifically on PPA is not abundant compared to 

literature available in other related fields of chemical engineering such as data reconciliation 

and process optimisation. The two principal works to review the subject are a text by Madron 

(1992) and a more recent article by C. S. Howat published in Perry’s Chemical Engineer’s 

Handbook (1997). The field carries a number of important definitions, which are given in this 

section. An important aspect of PPA is parameter estimation which is introduced. Measurement 

selection in PPA is also discussed.
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2.2.1 D efinitions

The purpose of this section is to present a number of important definitions. Many definitions 

describe concepts which will need more detailed explanations at a later point. The majority of 

definitions are summarised from Perry’s handbook (Howat, 1997) and Madron (1992).

Plant: A group of processing units (Howat, 1997), process unit or entire processing facility.

Performance: How well the process is operating. That is, operating within or above expected or 

design conditions, with expected yields and expected profit. Profit can be difficult to assess for 

units which process and produce intermediate feeds and products, therefore performance is a 

more general notion than profit. Performance can be quantified by profit, yield, conversion, 

purity, efficiency (energy, environmental). Examples include: tray efficiency, reactor volume 

efficiency (Howat, 1997) and heat transfer coefficients.

Performance parameter: Performance parameters quantify performance and are a definition of 

performance. Performance parameters are model constants that relate the operating 

specifications to measures of product quality and quantity (Howat, 1997). Estimation of these 

is a frequent goal of plant performance analysis. The parameters are defined by the model in 

which they appear.

Plant performance analysis (PPA): Procedure defined by Howat (1997), as the reconciliation, 

rectification, and interpretation of plant measurements to develop an adequate understanding of 

plant operation. Often in the analysis, a process model is developed and its validity is tested 

against plant measurements. The purpose of the plant performance analysis is to troubleshoot, 

to develop models and to estimate values for model parameters.

Plant performance analysis structure: Analysing plant performance involves following a set of 

procedures. These procedures include gathering process measurements, averaging process 

measurements and estimating performance parameters. Each procedure can be implemented in 

a number of different ways. How the different procedures in PPA are implemented defines the 

structure of the plant performance analysis.

Parameter estimation structure: Parameter estimation is a procedure used to determine a value 

for a parameter given a set of process measurements and a mathematical model defining the 

parameter. How the estimation is implemented, for example using a least squares method and a 

certain number of measurements, defines the structure of the parameter estimation.
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Reconciliation: Procedure used to adjust process measurements such that they satisfy process 

constraints. The goal of reconciliation is to provide a set of measurements that better represent 

the actual plant operation (Howat, 1997)

Input measurement: Process measurements which correspond to the independent variables of a 

given process input/output model (also referred to as the independent variable measurements).

Output measurement: Process measurements which correspond to the dependent model 

variables of a process input/output model (also referred to as the dependent variable 

measurements).

Measurement set: Set of variables belonging to a process model which are measured and used 

to estimate parameters of the model.

Measurement options: Options available for measuring a process variable. For example, a flow 

rate measurement can be made using a number of sensors of different accuracy and cost. One 

also has the option, at a cost, to re-calibrate sensors.

Measurement structure: The measurement set and the options used for each measurement 

define the PPA measurement structure.

2.2.2 M athem atical in te rp re ta tion  of p lan t perform ance analysis

As previously stated in the definitions, PPA is the reconciliation, rectification and interpretation 

of plant measurements to develop an adequate understanding of plant operation. According to 

Perry’s Handbook (1997) PPA is a mapping from the set of process measurements to a 

performance parameter or a set of performance parameters. Mathematically, PPA can be 

described as follows (adapted from Howat, 1997):

Let:

X,

be the potential set of data. The set of equipment information, also a matrix of data, is denoted:

Plant performance analysis is a mapping from a measured set m of plant measurements X ” 

extracted from the potential set of data, and the set of equipment information X2 onto the set of 

performance parameters :
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g ( x r , x 2)=>p

subject to process constraints,/:

/ { * , " ) = *

g  is an operator on the measurements and data which maps the measurements on to the 

vector/?, a representation of the conclusions, model and/or equipment parameters, b is a 

vector of plant bias introduced by time dependence, leaks or accumulation which may not have 

been accounted for in the set of process constraints.

2.2.3 P a ram e te r estim ation in PPA

Parameter estimation is often the main aspect of plant performance analysis. The objective of 

parameter estimation is to estimate the value of an unknown parameter from a set of process 

measurements which are related to the parameter by a process model. The process model is 

usually a set of equations describing heat and mass balances, thermodynamic equilibrium 

relationships and equations of mass transfer.

The parameter estimates are obtained by determining the values of the parameters which 

minimise the difference between the model predictions and the process measurements. The 

difference between the model and the measurements can be quantified for example in the least 

squares sense, weighted if appropriate.

The estimation problem can be formulated as follows (Britt and Lueke, 1973):

m in % (  z ,z +)

such that / ( z ,  p) = 0

where x  is a merit function which quantifies the discrepancy between the model predictions z 

and the process measurements, z+, and p is the vector of parameters.

The objectives of parameter estimation may depend on the application for which the parameter 

estimation is required. Parameter estimates can be needed for example for:

- Performance estimation

- Optimisation

- Process control
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The application of the parameter estimation will define the objectives of the parameter 

estimation. Table 2.1 shows possible different objectives of parameter estimation according to 

different applications.

In PPA, the value of the parameter is crucial and is needed to give information on what is 

physically occurring on the plant or unit. In optimisation however, it is more important to focus 

on the parameters which significantly affect the optimum calculated by the process model 

(Krishnan et al., 1992). The main concern in process optimisation is for the plant set points to 

be at the true optimum; the value of the parameter is quite secondary. For unconstrained 

optima, Durbeck, 1965 (cited in Loeblein, 1996) states that it is sufficient for the parameters to 

ensure low plant-model mismatch around the optimum and for the model and process output 

derivatives with respect to the inputs to match each other exactly at the converged solution.

Another notable difference between process optimisation and PPA is that optimisation often 

requires parameter estimates to be part of a model which covers a large part of the plant. This 

helps to determine an optimum which takes the whole plant into account. It is often more 

desirable to optimise a plant as a whole rather than to optimise its individual units due to unit 

interactions. For performance estimation by contrast, the objective is usually to determine the 

performance of a unit or small part of a process, because the focus is to troubleshoot 

independent units.

The objectives of parameter estimation for determining process design parameters (e.g. kinetic 

parameters) are also different from PPA. Design parameters are usually estimated from 

reduced scale experiments since process data is not readily available. It is crucial to ensure that 

parameter estimates obtained from laboratory experiments can be used for making predictions 

on the full scale plant.
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Table 2.1: O bjectives of param eter estim ation for different applications

Application Important issues in application Resulting objectives of param eter 

estim ation

Plant
performance
analysis

Obtain information which describes the 
performance of the plant. Model simplicity is not a 
key issue as the estimation requires the best 
possible physical model available.

Estimate parameters which have a physical 
meaning.
Ensure performance parameters can be 
compared meaningfully for benchmarking 
purposes.

Optimisation Calculate an optimum which is close to the real 
process optimum.

Estimate the parameters such that the plant 
model has the ability to calculate process 
optimal manipulated variables.

Control 'Fast' on-line parameter estimation and model 
solution.

Obtain parameter estimates which guarantee 
the stability of the controller.
(The value of individual parameters is of little 
interest).

Design Ensure that units are sized correctly. Failure in 
design is expensive and design is often 
irreversible. Most parameters need to be 
assumed as little or no data is available from 
process measurements.

Determine parameter uncertainty in order to 
respect safety factors in the design.
Ensure parameters estimated from small 
scale experiments can be used for scale-up.

The objectives of param eter estimation vary according to the application. P aram eter 
estim ation for process optimisation models, requires an estim ate which will ensure  
best set-point calculations to reach the 'real optimum* w hereas in perform ance 
estim ation it is m ore important to obtain a value which represen ts the  physical 
condition of the process accurately.

In conclusion, parameter estimation is an central part of PPA and has applications in many

other fields. Extensive literature about parameter estimation is therefore available. It is

necessary to recognise that the objectives of parameter estimation in PPA may be different than

in other applications of parameter estimation.

2.2.4 Data reconciliation

Data reconciliation as defined by Howat (1997) and Crowe (1994) is the procedure of 

optimally adjusting process measurements such that the adjusted values close the process 

constraints. The purpose of reconciliation is to provide a set of measurements that better 

represent the actual plant operation. It is an important part of plant performance analysis as it 

can provide a better set of measurements to work with for subsequent steps of the performance 

analysis

Steady state data reconciliation generally involves calculating adjustments to steady state mass 

flow and composition data in order to minimise a weighted sum of squares of the adjustments.

Mathematically, solve the following optimisation problem to estimate the reconciled values z = 

z +Az given a set of process measurements z by calculating the adjustments Az:
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m m  % (A z)

such that f  (z+ + Az) = 0

where/contains the material balance equations.

If the constraints are linear, as is the case for example with mass flows, and that a least squares 

objective function is used, data reconciliation can be expressed using a matrix of linear 

constraints A:

min Az Az

such that A z = 0

While data reconciliation does reduce the scatter on the measurements, not all measurements

are adjusted to their true value. As a general guideline, Howat (1997) states that only about

60% of the adjusted data is improved and therefore there is no guarantee that any one

measurement is improved by the reconciliation.

2.2.5 Measurement selection

Selecting measurements on which to base the PPA is considered by certain authors to be the 

most important part of plant performance analysis. Howat (1997) states for example that “The 

success in interpreting and ultimately improving unit performance depends upon the uncertainty 

in the measurements” . Mah (1990) states that “Process data is the foundation upon which all 

control and evaluation of process performance are based”. Both authors state that collecting 

and using the correct set of measurements plays an essential role in plant performance analysis. 

Despite this fact, publications aimed to identify which measurements to make are scarce in the 

PPA literature.

Howat (1997), suggests a heuristic method for the selection of process measurements for the 

identification of process parameters. The method is based on the following guidelines:

1. Start with a proposed set of measurements.

2. ‘Estimate the parameters using the interpretation procedures’ (this can be a rigorous 

identification method based on a least squares for example, or be a manual fit).

3. Evaluate estimated performance sensitivity to the process measurements. This step is based 

on one of two methods:
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a) The parameter estimate is perturbed and it is checked that the resulting simulation of the 

unit yields observably different results.

b) The data is perturbed within the limits of error of the measurements and the parameter is 

re-identified to check that a similar value of the parameter is obtained.

4. Propose alternative measurements.

5. Repeat the procedure until all criteria are met.

This method is a heuristic method to be used as a guideline, but does not exploit some o f the 

mathematical tools available for selection of process measurements. A range of tools are 

indeed available in the literature on estimation theory for example. This literature will be 

covered in more detail in section 2.4.

2.3 Structure of plant performance analysis

2.3.1 Introduction

Plant performance analysis is composed of a number of procedures. Some procedures of 

performance analysis have been introduced (e.g. parameter estimation and data reconciliation); 

however there are other tasks involved. These tasks include determining which measurements to 

use for the performance analysis, building a process model, conditioning data or determining 

whether or not the plant is at steady state. These parts form what is called the structure of the 

PPA. The reason the structural aspects will be so important to this work is that the cost-benefit 

analysis of refinery process data 'will depend on the structure of the PPA.

2.3.2 Elements in the structure o f PPA

A set of tasks define the structure of the PPA. These tasks are described below. The issues and 

objectives of each task are introduced. A summary of these tasks is presented in Table 2.2.

1. Define the performance parameters

Defining the performance parameter is a crucial part of PPA, and it is possible to capture 

similar concepts of performance using different parameter definitions. For example for 

estimating a tray efficiency, the vaporisation or Murphree efficiencies can be used or
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alternatively an overall efficiency can be defined (Holland, 1981; Dimian, 1994). This is an 

example where the performance parameter does not have an intrinsic value or measurable value 

and is merely a mathematical definition, defined by a model. Serth et al. (1993) compared 

definitions of stage efficiencies in the context of plant performance analysis to investigate how 

parameter definition may affect estimation accuracy for a given a set of process measurements 

and error distribution.

2. Select estimated and unestimated parameters

When the performance of a process is analysed, a number of parameters can be defined to 

characterise the process. There is often a choice as to how many individual parameters to 

define and estimate. For example, the tray efficiencies can be identified for each individual tray, 

or alternatively it is possible to define an overall efficiency for a section of a column.

For a model containing several parameters, the subset of estimated parameters affects the 

outcome of the parameter estimation. Indeed, parameters which are not estimated, will take on 

default values which will affect the estimated parameters. Krishnan et al. (1992) and de Hennin 

(1995) for example, addressed issues of selection of estimated and unestimated parameters in 

process models used for optimisation. Selecting which parameters to estimate and assigning 

values to unestimated parameters is an important task which is often, in PPA, carried out by . 

the chemical engineer (Pages ct al. 1996).

3. Choose model type and model order

Models used for PPA can be empirical (or regression) models, mechanistic models or any 

combination of the two (see for example, Madron, 1992; Edgar and Himmelblau, 1989). 

Empirical models rely entirely on process data and do not use any prior knowledge of the 

system to describe the relationship between input and output variables. A typical example is the 

polynomial fit.

Mechanistic models on the other hand, describe a process without using any data and have no 

degrees of freedom once they have been formulated and therefore require no tuning to 

experimental or plant data. The simplest example is the mass balance. Other mechanistic 

models such as fluid mechanics models are not as accurate. Generally the models used in the 

process industries for PPA are a combination of the two types of models (such as HYSIM 

models which are based partly on regressed data for thermodynamics coefficients but rely 

mainly on mechanistic equations).
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PPA requires choosing what type of model to use and determining how many parameters 

should be estimated. This choice should be based on the process data available. It is often best 

to use a combination of the two types of models, to consider the data available and to define 

what the purpose of the PPA is exactly. Model choice was addressed by Loeblein (1995) and 

Loeblein and Perkins (1996) for on-line optimisers and by Muthukrishnan and Howat (1998) 

for plant performance analysis.

4. Estimate model parameters

The process model built for the PPA must be identified from process data to ensure that it 

represents the process data accurately. This involves estimating the model parameters which 

generally requires the use of a merit function, a function which quantifies the discrepancy 

between the process data and the model predictions.

The type of fit used to identify the model affects the parameter estimates. Determining what 

identification method to use is an important task in PPA. This choice requires determining or 

making assumptions on the statistical distribution of process measurement errors.

A rigorous, reproducible technique for estimating model parameters is the least squares 

method. Least squares estimation (described in the textbook by Sorenson (1980), for example) 

has been widely used for parameter estimation and data reconciliation (see MacDonald and 

Howat, 1988; Krishnan et al., 1992, 1993; Crowe, 1994 for example).

Different merit functions may be better for different error distributions and most of the time it 

is difficult to obtain the error distribution of process data. In those situations, the least squares 

method cannot be guaranteed to be the best method. Using a bivariate normal distribution has 

been proposed as a more suitable distribution for modelling process data which contains gross 

errors (Tjoa and Biegler, 1991; Johnston and Kramer, 1995; Albuquerque and Biegler, 1996).

5. Determine the extent of the model envelope

At some point in the PPA, it is necessary to determine what extent of the plant is going to be 

modelled by a unique model. A model may cover a relatively small section of the process or 

model the plant as a whole. Larger envelopes have advantages and drawbacks which depend on 

the purpose of the model. For optimisation for example, large model envelopes will grasp unit 

interactions and perform better than individually optimised unit models (Carlson, 1961; Bailey 

et al. 1993).

In plant performance analysis, a large model envelope benefits from a larger set of data and a 

set of redundant measurements which can be reconciled, as well as a validation data set.

36



However drawbacks include a usually larger parameter set which makes parameter 

identification more difficult, may reduce the physical meaning (or uniqueness) of the parameter 

estimates and introduces problems of parameter observability.

The extent of the model used will be an important factor in the cost-benefit analysis of process 

measurements for plant performance analysis.

6. Reconcile data and eliminate gross errors

PPA may or may not include data reconciliation and gross error elimination. As described 

earlier, data reconciliation is the procedure of optimally adjusting process measurements so that 

the adjusted measurements satisfy conservation laws and other process constraints. Gross error 

elimination is the process of eliminating measurements which contain a significant bias (Howat, 

1997).

The way in which data reconciliation and gross error elimination are implemented, if at all, will 

affect plant performance analysis and the corresponding performance estimates.

Data reconciliation can also be coupled with parameter estimation so that both methods are 

carried out simultaneously in what is known as simultaneous data reconciliation and parameter 

estimation (see for example Crowe, 1994). MacDonald and Howat (1988) compared sequential 

data reconciliation and parameter estimation to the simultaneous method, determined the effect 

on estimated performance parameters and concluded that the simultaneous method yields 

slightly more accurate estimates. Serth et al. (1993) studied the effect of gross error detection 

and simultaneous reconciliation and parameter estimation schemes on performance parameter 

estimates.

If used, data reconciliation and gross error elimination methods define part of the structure of 

the PPA.

7. Pre-processing of data

Data pre-processing is as vast a field as modelling. It is a science which stems from signal 

processing and includes statistical smoothing and filtering. Data pre-processing has an impact 

on parameter estimation. Raw data is usually contaminated by noise. One of the objectives of 

pre-processing of data is to identify the underlying noise-free signal of a time-series. 

Averaging, smoothing and removing outliers from a time series all affect the parameter 

estimate.

Note that most of the pre-processing techniques were developed for control purposes to avoid 

control systems from unnecessarily adjusting manipulated variables. Thus, pre-processing
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techniques such as smoothing are not always adapted to PPA. However, since much of on-line 

data used is supplied directly from the control systems, data is subject to the control-oriented 

pre-processing. For example, plant information software such as PI (Oilsystems inc., Houston) 

relies heavily on data from distributed control systems which already pre-processes data by 

recording data at discrete time intervals and doing preliminary filtering and averaging. Also, if 

process measurements are retrieved from a compressed archive, the reconstructed trend may be 

deficient compared to the original data (Kudic and Thornhill, 1995).

PPA often involves selecting a method to pre-process data, and in nearly all cases, data used in 

PPA will be subject to some form of processing.

8. Analyse for steady state

Plant steady state is a frequent assumption in modelling because steady state models are 

usually relatively simple to formulate. Different methods for determining whether or not a 

process is at steady state range from an experienced operator observing the process variables 

and visually checking for steady state, to statistical tests for detecting changes in steady state 

developed for example by Narasimhan et al. (1986).

When measuring a fluctuating variable which represents a near-constant value but is 

fluctuating due to random effects or slight departures from steady state, the way in which a 

unique value is extracted will affect the parameter estimate. For example, the sampling 

frequency and the time period over which the measurements should be averaged needs to be 

determined. This is known as the problem of measuring a fluctuating variable, equivalent to 

assessing the mean of a stationary random process (Madron, 1992). How the problem is solved 

will yield different results, and is thus an important part of the performance analysis procedure.

9. Collect process measurements

Collecting process measurements for the analysis of plant performance is the main focus of this 

work. The set and the accuracy of the measurements used for the PPA is a crucial factor in the 

final estimates of the performance parameters. It is important to recognise however that it is 

one part of the structure of the PPA procedure.

2.3.3 Summary and discussion

The following table summarises the elements of the structure of PPA and literature in which 

they are addressed.
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Task Description Example in the literature

Parameter definition Formulation of the model which defines the 
parameter.

Selection of the definition of tray 
efficiency of a flash distillation 
(MacDonald et al., 1988; Serth et al., 
1993)

Parameter selection

Selection of unestimated 
parameters

Determination of the subsets of parameters 
which will be estimated in the process 
model.

Default values of unestimated parameters 
affect the performance estimates.

Selection of the parameters to 
estimate in an on-line optimiser

(Krishnan et al. 1992,1993; Loeblein, 
1996)

Model envelope The extent of the process being modelled. 
(May affect the parameter estimate).

Madron (1992) discusses the extent 
of the process which should be 
modelled

Input/Output model 
structure selection

The choice of variables which are the 
dependent and independent variables of 
the model. Depending on the structure of 
the parameter estimation, this may affect 
the parameter estimates.

Control literature

Parameter estimation Implementation of data reconciliation 
algorithms and least squares method and 
weightings affect the parameter estimate.

MacDonald and Howat (1988), Serth 
et al. (1993), Heyen et al. (1996)

Data processing Time-averaging, filtering of data, 
elimination of outliers.

Control literature. Madron (1992).

Data set Data set used to identify the model. Krishnan et al. (1992) and de Hennin 
(1995) determine which 
measurements should be collected 
for use in on-line optimisers

Data accuracy Specification of the accuracy of 
measurements. This will affect the final 
parameter estimates as well as the 
accuracy of any derived variable.

Accuracy of reconciled data 
(Kretsovalis et al, 1987a), Sensor 
network design (Ali et al., 1995; 
Bagajewicz et al., 1997)

T able 2.2: S u m m ary  of th e  s tru c tu ra l d e c is io n s  o f th e  e s tim a tio n  p ro c e d u re

Most of the structural decisions shown here have been add ressed  in fields other than 
PPA such a s  in the  structural optimisation of control structures and on-line optim isers 
and the estimation of flow networks (sensor network design literature). Literature in 
th ese  different fields highlights important aspec ts  of the structure of PPA and presen ts 
m ethods which can be used in order to improve the structure of PPA.

There are a number of tasks in PPA, each of which can be implemented in a number of ways.

There is therefore no unique method for performing PPA.

The elements of the structure described in this section all affect the final parameter estimates. It 

is beyond the scope of this work however, to analyse all structural aspects or PPA as this 

research focuses on improving PPA procedures through a more efficient use of process data. It 

is crucial in this work however, to account for the parts of the structure of the PPA other than 

the measurement structure prior to improving PPA procedures through a cost-benefit analysis 

of process data. The cost-benefit analysis of process data is dependent on the structure of the 

PPA procedures

This section has shown that when dealing with process measurements in PPA, a part of a larger 

problem is being addressed. This is justified by the fact that data collection can be a costly 

aspect of performance estimation and if used and commissioned wisely, there may be
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significant potential for saving in a refinery. Indeed, “overlooking data potentially outweighs 

the benefits of all other aspects [of improving plant performance analysis procedures]” (Howat, 

1997).

Sections 2.2 and 2.3 have briefly introduced the main concepts which are significant for 

addressing the problem of the cost-benefit analysis of process measurements. The following 

section covers broader areas of the literature which discuss useful concepts for the cost-benefit 

analysis of refinery process data.

2.4 Review of the literature

2.4.1 Introduction

Literature describing quantitative methods to improve PPA specifically through a more 

efficient use of process data is not available. However, work from a variety of other fields 

presents relevant information for assessing the costs and benefits of process data in PPA. This 

section reviews the literature of interest.

Cost-benefit analyses of process data have been carried out mainly in the computer aided 

manufacturing (CIM) literature where qualitative analyses of the costs and benefits of data and 

distributed control systems have been carried out (Lanza and Savla, 1989; Goodpaster et al. 

1989; Acheampong, 1992; McClure and Seiver, 1994). These studies were limited however to 

qualitative analyses. For practical, quantitative economic analyses of systems involving process 

measurements, the economic analysis of control systems literature is most useful (Marlin, 

1987; Gannavarapu et al., 1990; Scott, 1990; Martin et al., 1991, Bailey et al., 1992), 

although in most cases process measurements are a marginal part of the system cost.

The selection and efficient use of process measurements is central to the fields of sensor 

network design (Ali and Narasimhan, 1993, 1995, 1996; Madron and Verveka, 1992; Meyer et 

al., 1994; Bagajewicz, 1997), the design of on line optimisers (Krishan et al. 1992, 1993; de 

Hennin et al. 1994; de Hennin, 1994; Loeblein and Perkins, 1996) and the design of control 

structures (Mellefont and Sargent, 1977; Narraway and Perkins, 1994; Morari and 

Stephanopoulos, 1980b). These fields all involve, at least in part, optimally designing 

measurement structures. Three areas of structural optimisation are presented in sections 2.4.3 

to 2.4.5. Depending on the application, different objective functions are defined. The costs of
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the process measurements are not always considered and in most cases the issue of sensor 

placement dominates over the issue of measurement accuracy.

Also important in PPA are parameter estimation and data reconciliation. Selected papers are 

presented in section 2.4.6.

2.4.2 Cost-benefit analyses and process measurements

This thesis addresses the trade-off between costs and benefits of process data in plant 

performance analysis. Both costs and benefits are, a priori, intangible. Process measurements 

are not used only for PPA and therefore attaching a cost to any given process measurement is 

not straightforward. Benefits of improved PPA procedures are also difficult to assess. Several 

papers address issues of costs and benefits of control systems, real time optimisers and plant- 

wide information systems, all of which rely heavily on process data. These works are presented 

briefly as they provide insight to a cost-benefit analysis methodology.

In the field of refining, Woodland (1989) discusses real time data collection systems and states 

that the benefits of improved plant information systems are real. Bendell (1988), on the 

collection of reliability data, states that there is a trade-off between [the data] one can collect . 

and the costs involved and that there is a great need for a cost-benefit analysis. Bendell 

proposes a number of general guidelines to follow for collecting data.

Lanza and Savla (1989) present the benefits of rigorous monitoring of process units (by unit 

performance indices) as part of an analysis of integrated plant management systems on 

refineries. Several authors present a qualitative analysis of the benefits of these systems 

(Goodpaster et al. 1989; Acheampong, 1992). Gidwani and Beckman (1994) conducted a full 

evaluation of instrument modernisation and installation of a distributed control system on two 

refineries and McClure and Seiver (1994) analysed life cycle costs of these systems.

The ready availability of distributed control systems has led to implementing plant wide data 

reconciliation. Although an economic measure of the effectiveness of data reconciliation is not 

generally accepted (Crowe, 1994), literature from software vendors (Belsim promotional 

document, 1998b) present an economic analysis of the potential savings (lab measurements, 

calibration, product give-away and off-spec) which may obtained after implementation of data 

reconciliation systems.

Literature on the benefits of controllers on an economic basis is abundant and is assessed 

quantitatively by several authors. Marlin (1987) presents a general methodology for the
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economic analysis of process control upgrades. Martin et al. (1991) give five methods for 

calculating the benefits of individual controllers and illustrate their application to practical 

fractionator and crude unit processes. The method is based on predicting the benefits of 

advanced process control based on the analysis of before-control data, that is determining what 

the potential is for reducing current variability. Bailey et al. (1992) present a method for 

evaluating benefits by comparing performance of the unit before and after implementing the 

control scheme. Scott (1990) presents methods to calculate economic benefits of improving a 

number of performance indices which can be achieved through improved control.

Although economic analyses of plant wide information systems and control systems provides 

useful insight, none of the papers present a rigorous method for the cost-benefit evaluation of 

process data. Moreover, the benefits of improving plant performance analysis procedures is not 

addressed. It is necessary to turn to structural optimisation problems such as the structural 

analysis of on-line optimisers and the design of control structures which focus more specifically 

on process measurements.

2.4.3 Structural optimisations: Sensor network design

Sensor network design (SND) addresses the question of where to place process measurements 

on a process plant. The literature on SND has been reviewed by Crowe (1994). Sensor 

network design plays an important role in the design of instrumentation in new plants as well as 

in the planning of studies carried out in operating plants in the course of optimisation, 

retrofitting or debottlenecking (Madron and Veverka, 1992). The SND problem is always 

formulated as an optimisation problem, where the objective may be to maximise reliability or 

estimation accuracy, or to minimise cost (Bagajewicz, 1997). Different solution techniques 

have been applied to solve this problem which is related to the main focus of this thesis because 

SND is in many cases an economic analysis of sensor placement.

Ali and Narasimhan (1993) maximised the minimum reliability of all estimated variables 

subject to using the minimum number of sensors necessary to make all process variables 

observable. The authors used a graph theoretic approach to solve the problem. Later, they 

extended their work to redundant sensor networks, that is networks with more sensors than the 

minimum required to ensure observability of all variables (Ali and Narasimhan, 1995). In 

1996, the same authors extended work on non-redundant linear process networks to bilinear 

processes.
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Kretsovalis and Mah (1987) introduced the concept of estimation accuracy of reconciled data 

and used it as an objective function for sensor network design. Meyer et al. (1994) also 

presented a graph theoretic approach to the SND problem assuming the minimum number of 

sensors. The novelty is that sensor costs were involved in the optimisation.

Bagajewicz (1997) presented a methodology for sensor network design based on minimising the 

cost of the sensor network subject to precision, availability, resilience and error detectability by 

posing the optimisation problem as an MINLP.

The concepts introduced in the SND literature are of great benefit to the work presented in this 

thesis as they demonstrate a method to assess process measurements on an economic basis by 

formulating an optimisation problem. The definitions of the optimisation problems however are 

not accurate representations of the problem addressed in this thesis (nor do they intend to be) 

because the objectives of the SND problem are different to the objectives of PPA. For example, 

Bagajewicz (1997) minimised total sensor cost subject to precision, availability, resilience and 

error detectability assuming the process measurements are reconciled. This formulation does 

not represent the structure of the PPA procedure used by the industrial partner where for 

example, data reconciliation procedures are not necessarily part of the PPA procedure.

In conclusion, the cost-benefit evaluation of process data in PPA cannot be directly solved 

using the formulations available in the SND literature. Instead, it will be necessary to define an 

adequate objective function which represents the benefits of process data in PPA and accounts 

for the structure of the PPA procedure used by the industrial partner.

Moreover, the work on SND available in the literature considers sensor placement issues only. 

Therefore, a method is required to account for measurement options available in PPA, such as 

laboratory measurement options and alternatives to process measurements (such as crude oil 

characterisation databases).

2.4.4 Structural optimisations: On-line optimisers

The structure of PPA defines how the procedures of PPA are implemented. Similarly, the 

structure of an on-line optimiser defines the decisions which are made to implement the on-line 

optimisation. The structural design of on-line optimisers requires selecting the set of 

measurements used by the process optimiser, the set of equations used in the optimisation as 

well as the parameter estimation update procedures. All these issues are crucial in PPA. A 

method for the structural design of on-line optimisers has been presented by Krishnan et al.
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(1992, 1993) and continued by de Hennin (1994) and de Hennin et al. (1994). Many of the 

issues addressed are highly relevant to improving PPA procedures and include an analysis of 

process measurements.

Krishnan et al. (1992) developed a methodology for the optimal design of process optimisers. 

The structural issues addressed are the selection of estimated parameters, which were chosen 

on the basis of the sensitivity of the calculated process optimum to the parameters of the model. 

Their two step methodology relies on firstly determining which model parameters are key in the 

optimisation, and subsequently determining the ‘best’ set of process measurements for 

estimating the uncertain parameters.

In the first step, the authors define the key parameters as those which have the most significant 

effect on the calculated optimum or which alter the set of active process constraints. The 

second step used by Krishnan et al. (1992), aimed to identify the best set of process 

measurements, is a procedure which gradually discards the process measurements which are 

least important for the parameter estimation. The procedure uses singular value decomposition 

to determine which process measurements contribute most to the singular values of the process 

matrix relating estimated parameters to the process measurements. These measurements 

contribute most to reducing the uncertainty in the parameter estimates.

De Hennin (1994) extended the work of Krishnan et al. (1992) and presented two methods for 

the structural design of on-line optimisers. The first method was sequential, like the method 

presented by Krishnan et al. (1992). The method therefore used singular value decomposition 

of the process matrix relating estimated parameters to process measurements to determine 

which process measurements are most important in the estimation of the optimiser parameters. 

The second method developed by de Hennin (de Hennin, 1994; de Hennin et al, 1994) used an 

objective function, the average deviation from the optimum, which describes the economic 

benefits potentially achieved by implementing a certain structure of an on-line optimiser. The 

method of the average deviation from the optimum determined optimal optimiser structures 

using an exhaustive enumeration algorithm which evaluated all optimiser structures by iterating 

over all structural aspects of the on-line optimiser (estimated parameters and measurements 

used in the estimation). Kiparissides (1996) discussed the selection of process measurements in 

the design of an on-line optimiser for a polyethylene process.

Other work on the structural design of on-line optimisers was presented by Loeblein and 

Perkins (1996), who considered optimiser model structural aspects and also used the method of 

the average deviation from the optimum in order to discriminate between model alternatives. 

Their method was also based on an exhaustive enumeration of optimiser structures. Previously,
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Forbes and Marlin (1994) and Forbes et al. (1994) investigated model requirements for on-line 

optimisers. More recently, Miletic and Marlin (1998) investigated further structural aspects of 

on-line optimisation systems such as the parameter updating procedures and the statistical 

validation of optimiser solutions.

An economic analysis of process measurements requires a method which accounts for 

measurement cost. The singular value decomposition methods used in the design of on-line 

optimisers does not consider process measurement costs (de Hennin, 1994). A method based on 

the definition of an objective function is therefore preferable, however the average deviation 

from the optimum defined by de Hennin (1994) did not, and was not intended to, represent the 

economic benefits of PPA procedures.

In summary, the structural analysis of on-line optimisers has several points in common with the 

analysis of PPA procedures and the techniques presented in the literature for the selection of 

process measurements are useful for improving PPA procedures. The key difference however, 

is that the formulated optimisations cannot be used to represent the objectives of the industrial 

partner’s PPA procedures.

2.4.5 Structural optimisations: Controller design and parameter estimation

The previous two sections presented methods for the selection of process measurements in the 

SND and design of on-line optimisers literature. In the data reconciliation/parameter estimation 

and the design of controllers literature, the selection of process measurements has also been 

addressed. Again, not all authors consider measurement costs.

Mellefont and Sargent (1977) presented a method for the optimal design of controllers subject 

to measurement costs. The objective function used in the design is a sum of a control objective 

and the total measurement cost. A similar problem was addressed previously in the dynamic 

systems control literature by Athans (1972) who described a method to select which 

measurement to use at any instant in time when a single measurement can be made from a set 

of different sensors. The objective function used was a weighted sum of prediction accuracy 

and total measurement costs.

Narraway and Perkins (1994) investigated the economic analysis of controller structures, 

however measurement costs were not part of the optimisation. The solution used by the authors 

required both a dynamic optimisation and a Mixed Integer Non-linear programming (MINLP) 

approach. Morari et al. (1980) also addressed the selection of process measurements in the

45



rruuivni /inuiysts unu i^uvruiure luzvitw \ ^ n u p i t r  *

synthesis of control structures and proposed a method to obtain ‘best’ measurement structures 

(Morari and Stephanopoulos, 1980a, Morari and Stephanopoulos 1980b). The authors did not 

consider measurement costs.

In the model identification literature, Kumar and Seinfeld (1978a, 1978b) used a method to 

determine the optimal location of process measurements for estimating the temperature profile 

in a one dimensional heat conducting bar and the temperature and concentration profiles in a 

tubular reactor. Measurement location along the axial direction was optimised however sensor 

costs were not factored in the objective function which was based on an upper bound of the 

covariance matrix of the estimates.

In the data reconciliation literature, Heyen et al. (1996) briefly presented a sensitivity analysis 

based method to determine the process measurements which should be used to improve the 

accuracy of measurements validated through the use of data reconciliation procedures. The 

authors do not, however, consider measurement costs. Documentation by data reconciliation 

software Belsim s.a. (1998) reports that the software ‘flags’ measurements which contribute to 

the accuracy of reconciled process measurements, however measurement costs are not 

considered.

Although the articles presented in this section address important issues regarding the selection * 

of process measurements, the objective functions used are not representations of the PPA 

procedures used by the industrial partner and thus cannot be used in this work.

2.4.6 Data reconciliation and parameter estimation

One of PPA’s main roles is to use process data to obtain a better understanding of the process. 

Data reconciliation and parameter estimation, both vast fields in the chemical engineering 

literature have a similar goal. The information available in data reconciliation and parameter 

estimation literature is essential to the work presented in this thesis. An overview of data 

reconciliation was presented in sections 2.2.3 and 2.2.4. This section covers a selection of 

papers which are useful for reference.

In a review on data reconciliation, Crowe (1994) reports that the first to apply data adjustment 

techniques to chemical engineering were Kuehn and Davidson (1961) and presents an overview 

of the data reconciliation literature.

Britt and Lueke (1973) provided a method for simultaneous data reconciliation and parameter 

estmation, known as the errors in variable method. The authors outline the difference between
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the standard parameter estimation problem, which will be described later in this thesis as 

regression, and the simultaneous parameter estimation and data reconciliation problem, also 

known as the errors in variable method, or EVM. A solution for the EVM was investigated by 

Knepper and Gorman (1980) who developed computer based tools to use the EVM in practice. 

The EVM was investigated in plant performance analysis by MacDonald and Howat (1988) 

and Serth et al. (1993). Applications of parameter estimation and data reconciliation with large 

process models is reported in an overview by Kleinschrodt and Jones (1996) and applied by 

Zhang et al. (1995).

While most of the data reconciliation literature relies on least squares estimates, thus assuming 

that errors in process data are normally distributed, Tjoa and Biegler (1991) and Albuquerque 

and Biegler (1996) developed a method for data reconciliation and parameter estimation which 

assumed a bivariate normal distribution of errors.

Kretsovalis and Mah (1987) observed the effect of redundancy of measurement on reconciled 

values and showed that increasing the level of redundancy of a redundant observable network 

always enhances the estimation accuracy of the reconciled data.

2.4.7 Conclusions

Although PPA has not been widely studied in the literature, work is available to provide insight 

on different aspects of PPA.

Structural optimisations in sensor network design and the design of on-line optimisers provide 

insight on how to maximise the benefits of process data. None of the objective functions 

presented in the literature however, are suitable to describe the benefits of parameter estimation 

in the context of PPA. Moreover, not all methods presented in the literature offer the possibility 

of evaluating process measurements on an economic basis, and in all papers, the structural 

design of measurements considers issues of sensor placement only.
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In the light of this analysis we can conclude that two problems exist:

1. Calculate the contribution of data to performance parameter estimates. This is the first 

concern of this work which assesses which process measurements most affect the 

performance parameter estimates. The contribution of process data to performance 

measures depends on the PPA structure. Therefore it is necessary to:

2. Design the structure of PPA procedures. This leads to questioning the entire PPA 

procedure which can be decomposed into three elements of the PPA structure:

a. Choice of the performance parameter,

b. Choice of the modelling tool: is it adequate and is the data processing efficient?

c. Choice of the measurement structure: which set of data should be used to estimate 

the parameters?

Although it is possible to rank process data for a given PPA structure (and solve problem 1 

above), this would address only one half of the problem because the contribution of process 

data to the estimate of performance parameters depends on the structure of the PPA procedure. 

Since it is also desirable to improve the structure of PPA procedures, it is necessary to address 

problem 2. This work focuses on process data and therefore will address mainly the choice of 

the measurement structure in problem 2. It will also be necessary however to consider and 

model the remaining aspects of the PPA procedures.

2.6 Conclusions

The industrial problem has been presented and the main concepts and definitions central to the 

problem, such as PPA and parameter estimation, have been introduced. The industrial problem 

has therefore been placed in a more theoretical context therefore opening a significant amount 

of literature on which to build a solution to the industrial problem.

The purpose of section 2.3 was to explain that the PPA procedure is built from a number of 

elements which all play an important part in the final analysis. The structure of PPA 

procedures is a crucial concept in this thesis as it affects the cost-benefit analysis of process 

data.
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Process measurements play an overwhelming role in PPA both in terms of costs and benefits of 

the PPA. This work therefore focuses on this particular aspect of PPA. It can be easily 

inferred, and will be shown later, that all the other aspects of PPA will be of significant 

importance when assessing process data. The structural aspects of PPA will thus be the focus 

of chapter 4, which identifies the PPA procedures implemented by the industrial partner prior 

to assessing the costs and benefits of process data.

Overall, this chapter has improved the understanding of the industrial problem and better 

defined the objectives of this work. The following chapter applies the conclusions presented in 

this chapter to develop a three step methodology for the cost-benefit analysis of process data in 

PPA.
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3. METHODOLOGY

3.1 Objective

The overall objective is:

to implement a cost-benefit analysis o f  refinery process data

used in plant performance analysis

The last chapter presented the industrial problem and discussed related theoretical issues. It 

concluded that the cost-benefit analysis of process data is part of a general drive to improve 

PPA, and has the objective to improve the PPA currently used by our industrial partner by 

using data more efficiently.

The objectives are:

• To determine which process measurements contribute most to the estimate of performance 

parameters, and relate the costs of process data to the benefits obtained in terms of 

estimated parameter accuracy.

• To improve the cost-effectiveness of PPA procedures through a more efficient use of 

process data.
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• To determine the benefits of increasing resources allocated to process measurements, that is 

relate the costs of improved process data to the benefits obtained from increased estimated 

parameter accuracy.

The industrial perspective of the work also requires that the method be applicable to current 

test run procedures.

The previous chapter discussed that it is important to consider the structure of PPA procedures 

to assess process data in PPA. Indeed, to improve PPA as a whole, it is necessary to consider 

other aspects of the structure of the PPA such as the parameter estimation procedure, the 

process model structure and the data analysis and data processing methods. All these elements 

of the PPA contribute to improving the PPA procedure. More importantly, the cost-benefit 

analysis of process data is dependent on the remaining structure of the PPA.

On the basis of issues presented in the previous chapter, this chapter presents a methodology to 

address the above objectives. This chapter presents an overview of the methodology, presents 

the mathematical techniques required for implementation of the methodology and introduces 

two case studies which will be repeatedly referred to throughout the thesis to illustrate 

particular points.

3.2 Methodology

3.2.1 Analysis

The cost-benefit analysis of process data requires implementing the following three tasks:

• Analyse the structure of the PPA

• Estimate the benefits of improved process measurements

• Increase benefits through a more cost-effective use of process measurements

Increasing benefits through a more cost-effective use of process measurements will be achieved 

by solving an optimisation problem. More specifically, the objective will be to maximise the 

accuracy of the estimated performance parameters by optimally allocating resources to process 

measurements. The following section presents a three step methodology for the cost-benefit 

analysis of process data in PPA.
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3.2.2 Three step methodology for the cost-benefit analysis of process data in 

PPA

The following methodology has been developed for the cost-benefit analysis of process data.

1. Analyse the PPA procedures in place. The contribution of process data to the estimate of 

performance parameters depends on the structure of the PPA (section 2.3). Therefore, a key 

requirement for implementing a cost-benefit analysis of process data is to characterise the 

PPA procedures implemented at the plant. This is necessary to correctly implement the 

second step of the methodology.

2. Determine the contribution of process measurements to performance estimates. It is 

necessary to determine the sensitivity of parameter estimates to process measurements and 

to quantify the benefits of improved process measurements. Estimating the benefits of 

improved process measurements is necessary for increasing their cost-effectiveness.

3. Implement a cost-benefit analysis of process data. It is necessary to determine which 

process measurements are most cost-effective, to determine the benefits of increasing 

resources allocated to process measurements and to increase the benefits which can be 

drawn from process data. The cost-benefit analysis is then achieved by using optimisation 

techniques to maximise the benefits obtained from process measurements by optimally 

allocating resources to process measurements.

In summaiy, increasing resources allocated to process measurements can increase measurement 

accuracy. If the structure of PPA procedures used in the practical case faced are determined 

correctly (step 1), measurement accuracy can be related to benefits in terms of estimated 

parameter accuracy (step 2). The cost-benefit analysis assesses the trade-off between increased 

costs and increased benefits (step 3).

This methodology can be used to make economically sound improvements to process 

measurements and data collection, and/or to decide how to allocate capital investments in 

instrumentation used for PPA procedures.

The methodology is novel. It relates new developments in process systems engineering to a 

practical problem by solving many of the problematic issues of implementation. Step 1 of this 

methodology has not been addressed in the literature and therefore this thesis modifies a 

number of solutions developed in the literature to solve steps 2 and 3 to ensure their 

applicability and relevance in an industrial context.
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3.2.3 Analogy with optimal process design

Optimal process design and operation and the design of PPA procedures are similar. The 

purpose of this section is to present an analogy between the two.

In optimal process design and operation (and particularly for retrofits), it is necessary to:

• Develop a mathematical model which accurately models both the existing process 

and the new units;

• Define an objective function;

• Maximise the objective function using available degrees of freedom (process and 

design variables) subject to a number of constraints.

Each of these three steps are also necessary to improve the structure of PPA procedures 

through a better use of process data. The analogy is shown below.

O ptim al d es ig n  an d  D esign  o f PPA
o p era tio n  p ro c e d u re s

Define objective 
function to maximise profit

Survey existing process and 
develop good process model

Define objective function to  
m axim ise benefits (e.g. accurate 

perform ance estim ates)

Survey existing PPA: 
ana lyse and model the structure of 

the PPA procedures

Maximise objective function 
subject to available degrees of 

freedom  (process and equipm ent 
variables)

Maximise objective function subject 
to  available degrees of freedom: 
R esources allocated to  p rocess 

m easu rem en ts

F igure  3.1: A nalogy betw een  op tim al p ro c e s s  d e s ig n  an d  o p e ra tio n , and  th e  

d e s ig n  o f p lan t p e rfo rm an ce  an a ly s is  p ro c e d u re s

To design and operate a particular p rocess unit optimally, it is essen tial to consider the 
design of the rem ainder of the plant and to develop a unit model and an overall model 
for the plant. In the sam e way, designing the efficient use of p rocess data in PPA 
requires an understanding of the other procedures involved in PPA.

When an existing process is retrofitted using optimal design and operation, it is crucial to

develop a model which models the existing process, as the units already in place will play a key

role in the new design and operation. For PPA procedures, where a vast amount of previous

work and experience may have already built a reliable and tested PPA procedure, it is
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necessary for the same reason, to model current procedures prior to modifying parts of the 

procedure. In this respect, both process design and operation and PPA procedures are 

integrated processes.

Both optimal process design and operation and the design of PPA procedures aim to trade-off 

costs and benefits in order to maximise profits or ‘benefits minus costs’. In optimal process 

design and operation, profits are maximised. For PPA, where the trade-off investigated is 

between the benefits from improved process data and increased costs of process measurements, 

the profit is not always straightforward. Nevertheless, both optimal design of processes and the 

design of PPA procedures require the use of an objective function (Figure 3.1) to quantify the 

relative benefits of different designs.

The degrees of freedom considered in this thesis for PPA are the options available for 

measuring process variables. Different options have different associated costs, and therefore 

the optimisation variables are the resources allocated to process measurements. In optimal 

process design and operation, the optimisation variables may be design variables, such as 

reactor volumes, or process variables such as flow rates and temperatures.

The optimisation techniques used for both methods are also similar. In the simplest case studies 

presented, optimisation by enumeration is viable. MINLP formulations are powerful 

alternatives.

In summary, the cost-benefit analysis of process data aims to maximise the benefits obtained 

from process data by using it more effectively in PPA procedures. As for optimal process 

design, it is crucial to model existing processes which will not be modified by the design.

An objective function is then developed to quantify the benefits of improved process data, 

which can be defined as the uncertainty of performance parameter estimates. Uncertainty is 

then maximised by optimally allocating resources to process measurements, using optimisation 

techniques. The results of the optimisation address all of the objectives presented in section 3.1.
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3.2.4 Implementation

The following section describes the content of the following chapters and gives more details on 

the techniques which will be used to solve the three step methodology.

1. Analysis o f  the structure o f  current PPA procedures

The focus of Chapter 4 is to report interviews with the industrial partner and to review the 

structure of the current PPA procedures. Chapter 4 develops a model of the current PPA to 

formalise the industrial PPA procedures. The procedures of the PPA which are not degrees of 

freedom in the optimisation are identified as they impact the cost-benefit analysis of process 

data. In an analogy with process design, this step would involve surveying existing units and 

developing adequate models.

Parameter estimation, an important procedure in PPA is reviewed. Parameter estimation 

procedures are compared to procedures described in the literature and the differences are 

highlighted. In particular, the chapter compares regression with errors in variable estimation 

methods. The importance of these differences is illustrated in a case study which uses Monte 

Carlo simulations to present the differences.

2. Contribution ofprocess measurements and definition o f  an objective function

Chapter 5 presents methods to assess the contribution of process measurements to performance 

parameter estimates. This involves estimating the sensitivity of the performance parameters to 

process measurements, and estimating the benefits of improved measurement accuracy. 

Calculating the sensitivity of estimated performance parameters to process measurements 

requires the use of a rigorous method for estimating parameters from plant data. The least 

squares estimate has been used in this work.

Chapter 5 defines an objective function to quantify the benefits of improved process 

measurements in terms of the accuracy of the estimated performance parameters. Methods are 

proposed to estimate how estimated parameter accuracy is affected by the accuracy of the 

process measurements. In particular a method based on the propagation of errors is compared 

with a technique in which the model is linearised.
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3. Cost-benefit analysis formulated as an optimisation

Chapter 6 presents the cost-benefit analysis. The following optimisation formulation for the 

cost-benefit analysis of process data is used:

min <7 - such that V  C, < C MAX
c, P ^  '• 1

where the objective function <r- (the standard deviation of the estimated performance

parameter) is minimised by optimally allocating costs C, to individual measurements i. The 

optimisation is solved subject to a maximum allocated cost The. optimisation variables 

are the different measurement options, ultimately related to individual costs C,. The 

optimisation determines which possible measurement accuracies to increase in order to 

maximise the objective function.

Chapter 6 shows how this problem can be used to assess current use of process data in PPA 

procedures and to improve the use of process measurements in PPA. The optimisation can be 

solved in certain cases by enumeration, or by using mixed integer programming methods.

3.2.5 Conclusions

A novel, three step methodology has been presented in this chapter to implement a cost-benefit 

analysis of process data in PPA. It has been shown how the problem can be compared to the 

well studied problem of optimal design and operation of chemical processes. Section 3.2.4 has 

presented a summary view of how the procedure is implemented. Details are presented in 

chapters 4 through 6.

3.3 Mathematical and numerical methods

3.3.1 Introduction

A number of numerical optimisation techniques are necessary to solve the problem addressed. 

This section introduces the methods. Large amounts of literature are available on optimisation 

methods, and the aim of this section is to give a broad overview of the methods which will be 

useful in this work. Texts by Press et al. (1986) and Edgar and Himmelblau (1989) present an 

overview of optimisation techniques.

56



Methodology Chapter 3

3.3.2 P aram eter estim ation

Parameter estimation (presented briefly in section 2.2.3 and covered in more detail in Chapter 

4) is an optimisation problem, where the objective is to minimise a function which measures the 

discrepancy between the model and a set of process measurements. Parameter estimation can 

be formulated as follows (Britt and Lueke, 1973):

min%(z,z*) 
*.P

such that f  (z, p) = 0

where z+ is a vector of process measurements used in the identification which corresponds to 

the model variables z, and p is the vector of model parameters to be estimated.

This type of problem can be solved using a number of different algorithms. For a non-linear 

model, parameter estimation requires solving a non-linear programming problem (NLP). 

Several algorithms are suited for solving the parameter estimation problem, some of the well 

known being the simplex algorithm, the quasi-Newton methods and the Levenberg-Marquardt 

method (see for example text by Press et al., 1986, for details on these methods).

A solution by enumeration is suitable for example in performance estimation when only one 

parameter is estimated and that a good estimate of its value is known. In this case, a number of 

values of the parameter can be tested at intervals which are sufficiently small for the accuracy 

desired. The parameter value which yields the minimum value of fit approximates the optimal 

solution with an accuracy better than the size of the interval chosen. When problem sizes 

increase, enumeration becomes impractical.

3.3.3 L east squares p aram eter estim ation

Least squares parameter estimation (presented in detail in section 4.2.3) solves the same 

problem as in the previous section, where the objective function is defined as the sum of 

squares of differences between the measurements and the model. Least squares parameter 

estimation methods exploit the fact that the objective function is a quadratic function in the 

optimisation variables, provided the model is sufficiently linear in the parameters. Optimisation 

routines use this information to converge more rapidly to the optimal solution (Press et al. 

1986; Tjoa and Biegler, 1992).
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When the least squares problem is applied to a linear model, an analytical estimate of the 

parameters exists. In this case, the computational load of the parameter estimation is greatly 

reduced.

3.3.4 Optimisation of process measurements

The cost-benefit analysis optimisation problem presented in 3.2.4 requires different solution 

methods depending on the practical case faced. The cost-benefit analysis problem will be 

discussed in detail in Chapter 6, and at this point it is necessary only to state that the 

optimisation can either be formulated in terms of continuous variables, in which case the 

objective function is a continuous function of the optimisation variables, or in terms of discrete 

variables. If continuous variables are used, then the optimisation requires solving and NLP, 

which is the same mathematical programming technique used for parameter estimation. If 

discrete variables are used, the optimisation is a mixed integer problem (MIP), and since the 

objective function may be non-linear, it is a non-linear mixed integer problem, or MINLP.

Software is available to aid the formulation of the optimisation problem (i.e. defining the 

objective function and writing the constraints that represent the system being modelled) and its 

solution. The MINLP software used for this work was GAMS (GAMS Development 

Corporation, Washington DC), using the DICOPT and MINOS solvers supplied with the 

software.

An alternative to MINLP techniques for specific cases is the use of the enumerative method. 

This method is viable in cases where the solution space is small and/or that the calculation of 

the objective function is fairly inexpensive (de Hennin, 1994; Loeblein, 1996). If a large 

number of slightly differently constrained optimisation problems need to be solved within the 

same space, this method can be quite valuable as has been the case for a number of examples in 

this work.

In addition to the numerical methods presented, important tools for this work have been two 

case studies developed to test the methodology that has been presented. The following section 

will present a three component flash distillation problem taken from the literature. This case 

study will be used throughout this thesis.
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3.4 Flash distillation case study

3.4.1 Introduction

The aim of this section is to introduce the flash distillation model which will later be used to 

test and illustrate the methodology developed in this thesis for the cost-benefit analysis of 

process data. The simulation model is introduced as well as the parameter estimation tool 

which has been built in to the simulation model.

The process considered in this case study is a three component flash distillation taken from Van 

Winkle (1967). The key performance parameter of interest in this case study is the flash 

separation efficiency.

The objective of the flash distillation model is to develop a simulation of a simple process to 

investigate the cost-benefit analysis of process data for PPA. It will be used in each of the three 

steps of the methodology presented in section 3.2.2. An additional goal is to develop a model 

which is similar in form to the industrial process models but provides greater flexibility to 

investigate particular aspects of the methodology.

3.4.2 Process description

The model used is that of an isothermal equilibrium flash distillation. The system modelled is a 

single stage distillation of a mixture of ethanol, 1-propanol and 2-propanol. The unit takes a 

feed flow rate F  of compositions 2 , and splits the feed into flows V  and L  of compositions y t and 

Xj respectively. The tank is assumed to be at temperature T  and pressure P  and the separation 

efficiency is modelled as a vaporisation efficiency ( rj). Equilibrium was calculated using 

Antoine coefficients. Values were taken from Van Winkle (1967). The PFD of the process is 

shown in the following figure.
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F igure 3.2: F lash  d istilla tion  m odel

Feed F of composition z, splits into flows V and L of com positions y* 
and Xi. The tank is assum ed  to be at tem perature T and p ressure P and 
the separation efficiency is modelled a s  a vaporisation efficiency {rfi.

3.4.3 Model and model equations

The flash distillation data (Van Winkle, 1967) is modelled as follows:

Mass and Component Balances

F  = L  + V

FZf = L x t  + V y, V / e  [1,2,3]

Ez, = Ex, = Ey, = 1 V  /' e [1, 2, 3]

Thermodynamic Equilibrium (this formulation defines the efficiency as a vaporisation

efficiency)

y t =  Tj Xi P i at/ P  V  / e [ 1 ,2 , 3]

log(pr ,)=Al- j ^ -  

Nomenclature

F: Feed flow rate z{. feed composition of component i Psa,\ Saturation pressure

L : Liquid flow rate x,: liquid composition of component i P: Flash pressure

V: Vapour flow rate yc vapour composition of component 1 77: Flash efficiency

At, Bi, Ci. Antoine coefficients
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Flash efficiency tj was modelled as a vaporisation efficiency (Serth et al., 1993) and the 

equilibrium was modelled using Antoine equations (the values of the Antoine coefficients are in 

Appendix 5).

The model was implemented in MATLAB. The simulation can be used:

- to simulate the process: given feed flow and composition and a unit temperature and 

pressure, all output streams are calculated for a given flash vaporisation efficiency

- to estimate the efficiency: the vaporisation efficiency is estimated given any number 

of measurements above the minimum number required to solve the flash and perform 

the estimation. Simulation of the parameter estimation can be used to test several 

different identification procedures with different degrees of freedom.

The model is very similar to industrial process models in that:

• It is an input-output model where the set of independent model variables is fixed, much like 

industrial sequential modular process simulators.

• The model performance parameter is an independent variable of the model.

• The model is non-linear.

The principal difference between this case study and the industrial process simulators is that 

MATLAB has built-in optimisers which enable parameter estimation and reconciliation 

techniques to be implemented.

3.4.4 Flash simulation

The set of non-linear equations are solved as follows:

Let the set of model equations be expressed as:

f(x,y,rj)  = 0

where the set of independent variables is defined as x = [F, zj , z2 , z3 , P, 7] and the set of 

dependent variables is y = [V, y } , y2 , y 3, L , X j , x2 , x3]. Note that the vector of independent 

variables x, should not be confused with the compositions of the liquid product x,.

The simulation is the solution of the following problem:

Given x and rj determine [L, x t , x2 , Xj] such that7(x, y, tj) = 0.
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The outcome is the solution y of the dependent model variables. The solution was obtained 

using NLP optimisation routines in MATLAB. This multivariable non-linear problem was 

solved using built-in solution algorithms in fractions of a second.

The following table shows the nominal values used and the solution:

T able 3.1: F lash  o p era tin g  c o n d itio n s  (after Van W inkle, 1967)

S tream S atu ra tio n
P re s s u re s

(mmHg)

F eed

(F.Zi)

V apour 

(V, yi)

L iquid 

(L, x.)

Flow 100 49.50 50.50

Ethanol (1 f> 5287 0.2 0.233 0.167

1-Propanol (2)l+; 2932 0.5 0.436 0.563

2-Propanol (3)l+J 4651 0.3 0.331 0.270

Temp (°C) 137

P ressure
(mmHg)

3600

Vaporisation
Efficiency

95%

(+JMol fractions

A 20-50-30 feed mixture (F) of ethanol, 1-propanol and 2-propanol is 
flashed a t 137°C and 3600mmHg yielding an ethanol rich vapour 
stream  (V) and a 1-propanol rich liquid stream  (L).

Overall, the model can be expressed as an input-output simulation, in the form:

[v  y, y i  y 3 L * , =  f Fum^F h z i z 3 p  t ]t>*i)

3.4.5 P a ram e te r estim ation

Identification of the flash vaporisation efficiency was formulated as a simulation and parameter 

estimation problem. Thus, given a set of ‘process measurements’ z+, the vaporisation efficiency 

rj was identified in the least squares sense. Simulation and parameter estimation requires 

solving the following problem:

min (z,z+)
X,tj

-  0

where z is the vector of measurements used in the identification. The vector z corresponds to 

a vector of model variables z taken from both independent and dependent model variables x  and 

y. In the base case studied, it is assumed that all variables are measured and thus:
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Z =

In practice, the identification can be carried out using different sets of data, depending on for 

example, the sets of data available. The model can also be identified using different numbers of 

degrees of freedom, that is by adjusting any number of the parameters and the independent 

variables of the model. Overall, the estimation problem can be expressed as follows:

p  =

where <j> maps the process measurements onto the estimated parameter.

3.4.6 Conclusion

A flash distillation simulation has been introduced which will be used throughout this thesis to 

illustrate several points and to demonstrate the methodology presented in this thesis.

The model and simulation developed in this chapter has many aspects in common with the full 

refinery process models. It has the advantage that parameter estimation techniques have been 

built into the process simulation and that both simulation and parameter estimation solution 

times are significantly smaller than for industrial process models.

The following section presents an industrial crude distillation model used by the industrial 

partner in PPA. It also, will be used throughout the thesis to test the methodology presented in 

this chapter.

3.5 Crude distillation case study

3.5.1 Introduction

The purpose of this section is to present the crude distillation model provided by the industrial 

partner. The simulation will be used throughout the thesis. This section provides a general 

overview of the process and the performance analysis procedure. Additional details will be 

presented later in the thesis.
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The case study was obtained from the industrial partner who provided the process flow 

diagram, process data collected from the plant information system at the time the model was 

built, test run data (additional process measurements gathered for PPA purposes), and the full 

HYSIM process model. This information provided was used by the industrial partner to 

estimate the stripping efficiency of a crude distillation column to determine whether or not a 

retrofit had been effective. The exact plant performance analysis procedure used is described in 

chapter 4.

This case study was chosen because it is a representative example of the plant performance 

analysis problem which the industrial partners face. It will be used in the following chapters to 

show that the goals set by this work can be achieved in practice:

• To analyse the performance analysis procedure at the refinery (Chapter 4)

• To determine the contribution of process data to performance measures (Chapter 5)

• To implement a cost-benefit analysis of refinery process data in plant performance 

analysis (Chapter 8 )

3.5.2 Process flow diagram and process model

The process flow diagram of the crude distillation is shown in Figure 3.3.

The unit under study is one of the crude distillation columns on BP Oil’s refinery in 

Grangemouth, Scotland. The column is fed crude which is pre-treated upstream and pre-heated. 

The crude is fed into the bottom section of the crude unit. Inside the column the crude is 

separated into several cuts ranging from heavy atmospheric residues at the bottom of the 

column, to light overheads. The separation is purely physical phase separation, as virtually no 

reactions occur inside the unit. Stripping steam is used to improve the separation introduced 

both at the bottom of the column and by means of three side strippers. Also connected to the 

crude unit are the pumparounds, which are heat exchangers connected to the crude unit to 

remove heat from the column and increase internal reflux. The operating data is not given for 

confidentiality reasons.

A model of the crude inlet stream (Inlet on Figure 3.3) is obtained by a technique called 

backblending, where the TBP from all the outlet streams (obtained from test runs) are ‘blended 

arithmetically’ to obtain the original crude.
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cdu_ovhds

cdu-ovhdLIq
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Impori _nap
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p—  bpa
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R_CDU

I n l e t

Figure 3.3: PFD of crude distillation model

The crude inlet stream  (Inlet) is modelled by blending several stream s, each 
characterised using test run data. The feed is heated and fed to the crude unit tow ards 
the bottom of the column. The crude unit sep ara tes  the feed into several cuts ranging 
from the  heavy atm ospheric residues at the bottom of the column (cdu_atres) to  the 
light overhead liquids (cdu_ovhdliq). Pum paround stream s (tpa, m pa and bpa) rem ove 
heat from the column and steam  strips the cuts in the side strippers (pet_steam , 
log_steam  and sgo_steam ) a s  well a s  the  main column (base_steam ). The 
perform ance param eter of interest is the overall efficiency of the bottom of the  column 
term ed the stripping efficiency (see  Figure 3.4)

3.5.3 Definition of the efficiency

The section of interest in the crude distillation column is the stripping zone of the column 

(Figure 3.4). This section reviews the concepts of column and tray efficiencies and presents the 

empirical definition used by the industrial partner to define the efficiency in the stripping zone 

of the crude unit.
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Figure 3.4: Plant performance analysis: Estimation of the 

efficiency in the stripping zone of the crude distillation unit

The objective of the perform ance analysis is to  estim ate the efficiency 
in the stripping zone of the column.

Efficiency is generally defined as either an overall efficiency, defined as the ratio of the number 

of theoretical trays in the model to the number of trays physically in the column or as a 

Murphree tray efficiency for individual trays. In both cases, the definition compares the 

maximum achievable separation based on thermodynamic equilibrium to the actual separation 

achieved in the column. A table of all factors which affect efficiency in a distillation column is 

available in Van Winkle (1967) who lists operating variables such as pressures, L/V ratios, 

physical characteristics in the column and effects such as liquid in vapour entrainment.

Definition 1: Ratio o f  ideal stctzes to actual trays (overall tray efficiency)

The overall tray efficiency (Geankoplis, 1993; Hysim User’s Guide, 1994) is defined as the 

number of theoretical trays to the number of actual trays used. If this concept is applied to the 

stripping section of the column, let Nth be the number of theoretical trays in the stripping 

section of the column and Na be the number of actual trays in the corresponding section. Then 

the overall efficiency in the stripping section of the column is defined as:

This definition implies that the efficiency is estimated in discrete intervals. For example for 6 

actual trays in the stripping section of the column, estimated efficiency could take on values of: 

1/6, 1/3, 1/2, 2/3, 5/6 and 1.

Definition 2: Murphree vapour efficiency

Consider the following diagram of a sieve tray:
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\  '

Trayn

Vn+i y»+j t
F igure 3.5: D istilla tion s ie v e  tray

The definition of the tray efficiency used in the HYSIM model is a Modified Murphree 

efficiency defined as (HYSIM User’s Guide, 1994):

where y„ is the average actual concentration of the mixed vapour leaving a tray n and y„+1 is the

concentration of the vapour that would be in equilibrium with the liquid concentration x„ 

leaving the downcomer of a tray n and V„ and Vn+t are respectively the molar flows entering 

and leaving tray n.

If equal molar overflow occurs (V„+1 = V„), the efficiency defined in the HYSIM model defaults 

to a Murphree tray efficiency (Geankoplis, 1993) defined for the vapour phase as:

Definition used in the industrial model

In the industrial model, the following empirical definition of the efficiency of the stripping zone 

T}s was used:

where Nth is the total number of theoretical trays defined in the stripping section of the column

In practice, rjs is estimated by firstly fixing the number of theoretical trays in the column model 

and then adjusting the efficiency t j  of one of the model trays to identify the model to the process 

data. The resulting process model thus has Nlh theoretical trays plus an additional tray with an

average actual non-equilibrium concentration of the mixed vapour entering tray n. y„* is the

model and 77 is the efficiency of an additional tray in the same section of the column model.
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efficiency rj. The efficiency Tj is defined in the HYSIM model as a Modified Murphree 

efficiency.

The overall objective of the PPA is to calculate tjs . The parameter estimation problem however, 

solves for rj to obtain the best fit. In the case study presented in Chapter 8 , the measurement 

structure is optimised to maximise the estimated accuracy of t j  .

3.5.4 Conclusions

This section has briefly described the crude fractionation unit and the simulation used to model 

the process. In Chapter 4 this process model is used to review the methods used at the refinery 

for estimating the performance parameter. In Chapter 5, it is used to show that errors in 

parameter estimates are affected both by independent and dependent variable errors. Chapter 8 

uses a linearisation of the crude distillation unit obtained from the commercial process 

simulator.

3.6 Conclusions

This chapter has developed a three step methodology for the cost-benefit analysis of process 

data for PPA. It requires implementing the following:

• Identify the PPA procedure used at the plant.

• Determine the contribution of process data to performance estimates.

• Optimise the measurement structure over a range of measurement costs.

The following three chapters will present the details of this methodology. This involves 

presenting the different issues involved at each step of the methodology and presenting relevant 

literature. The case studies introduced in this chapter will be used to illustrate results in all 

three chapters (4-6).
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4. PARAMETER ESTIMATION AND THE 

STRUCTURE OF PLANT PERFORMANCE 

ANALYSIS PROCEDURES

4.1 Introduction

The methodology developed in this thesis and presented in Chapter 3, has three parts. The 

purpose of this chapter is to present details of the first part of the methodology which involves 

identifying the plant performance analysis procedures used by the industrial partner.

This chapter firstly introduces key aspects of parameter estimation which is central to plant 

performance analysis and presents parameter estimation methods which can be found in the 

literature. The chapter shows that different identification methods yield different parameter 

estimates.

Secondly, it identifies the parameter estimation procedure which is used by the industrial 

partner in the analysis of plant performance. It is necessary to understand the performance 

analysis procedures that are being used at the refinery to ensure that the work presented in the 

later chapters can be meaningfully applied to the industrial problem.

Theoretical results from the literature which apply for certain parameter estimation methods 

are adapted to the estimation methods used by the industrial partner. The two case studies
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presented in Chapter 3 will be used to illustrate the differences between parameter estimation 

procedures and to test the results adapted from the literature.

4.2 Parameter estimation

This section introduces concepts of parameter estimation and reviews parameter estimation 

techniques available in the literature.

4.2.1 Overview

Estimation theory has been defined as the “scientific discipline which attempts to devise 

rational methods for eliminating or, more realistically, for reducing the effects of measurement 

discrepancies [on parameter estimates]” (Sorenson, 1980). It studies the desirable properties 

that an estimator should possess to be a ‘reasonable’ estimator. Estimation theory shows that 

there are several ways to define estimators, and several ways to assess how ‘good’ each 

estimator is. It also shows that the best estimators are best only under a certain number of 

assumptions (Sorenson, 1980). For example, the least squares estimate is the best estimate in 

terms of reducing the uncertainty on the parameter estimates provided the model is linear, and 

that measurement errors are normally distributed and independent, with known standard 

deviation.

An application of estimation theory is the estimation of process model parameters. Data 

reconciliation and parameter estimation have been the subject of many technical publications, a 

number of which can be found referenced in the plant performance analysis literature such as 

section 30 of Perry’s handbook (Howat, 1997) or the book by Madron (1992).

4.2.2 General formulations: EVM  and regression

This section re-iterates the general formulation for parameter estimation which has been 

presented in Chapter 2, and presents more insight into the mathematical aspects of parameter 

estimation.

In the process industry, a process model can be can be expressed as set of implicit non-linear 

equations containing mass and heat balance equations, thermodynamic and kinetic equations:
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/(* . y.p) = °

x: independent model variables 

y: dependent model variables

p: model parameters (unmeasured independent variables of the model)

This formulation is that of Britt and Lueke (1973) (section 2.2.3), where here, the vector of 

measured variables z, has been partitioned into independent and dependent variables x and y 

respectively. It should be noted at this point that generally, although mathematically the 

independent variables x and the parameters p cannot be distinguished, the practical difference 

is significant. Firstly, the variables x can usually be measured, while this is not the case for the 

parameters, and secondly, while the variables x are physical variables which exist (such as 

flow rates and temperatures) the parameters are definitions of a model (such as heat exchanger 

coefficients and efficiencies) which could be defined in a number of different ways.

Process measurements z+, can be associated to process variables z according to:

Z  =  Z +  6

where e is the mismatch between the model and the measurements due measurement error, 

assuming the model has no structural errors.

The identification of the process model to a set of process measurements z, can be expressed as 

the following optimisation problem:

w />7^2(z ,z +) 

such that

/(* . y.p) = o

where x  is a merit function which quantifies goodness of fit of the model to the process data.

The solution to the optimisation problem yields the parameter estimate, p as well as a set of

estimated model variables x and y . This formulation uses all “independent” variables of the

model (x and p) as a degree of freedom in the optimisation, and in doing so no longer 

distinguishes between independent and dependent variables (Britt and Lueke, 1973). It is 

known as the errors in variable method (EVM) because it assumes that all variables may 

contain an error. The method is also known as simultaneous parameter estimation and data
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reconciliation, seeing as both parameter estimates p and variables x are estimated 

simultaneously in order to minimise a merit function.

Certain process models implemented in modular simulators can be written using the following 

explicit notation even if the model is a set of implicit equations.

y =/(*,p)

Indeed, modular simulation software presents process models as input-output models, as is the 

case with HYSIM (Hyprotech, Calgary). In this case a natural distinction is made between the 

independent and the dependent variables x and y. A distinction is also made between measured 

input variables x, and unknown parameters p. If it is assumed that there are no errors on the 

values of the independent model variables, the identification no longer requires an EVM. The 

estimation of the parameter p, involves adjusting p to identify the model dependent variable 

values to the corresponding measurements (Britt and Lueke, 1973; Press et al., 1986).

Thus, assuming errors on dependent variable measurements only:

y+ = y + e
+

X =  X

Identifying the process model involves adjusting p to minimise a merit function which 

quantifies the difference between plant measurements and the model variables such that the set 

of constraints is verified:

min y , y + )
p

y =/(*,p)

This type of identification is known as a regression. It is used in linear regressions, for 

example, where the independent variable data (on the x-axis) is considered error-free. An 

example is fitting a kinetic model to time-concentration measurements. The kinetic constants 

are usually regressed against the concentration measurements only, with the underlying, usually 

unstated assumption, that the error on the time measurements is negligible.

Parameter estimation can therefore be separated into two distinct categories: one is regressions 

and the other is error in variable estimations (Britt and Lueke, 1973; Tjoa and Biegler, 1992). 

Few publications explore both types of identification or question the use of any one method. 

While regressions are standard estimation methods, much of the parameter estimation literature
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in the field of process simulation focuses on EVM usually referred to as simultaneous data 

reconciliation and parameter estimation.

EVM is preferred in the process engineering literature because there is no reason, in theory, to 

distinguish between independent and dependent variable errors in process models. Indeed, both 

types of variables correspond to the same class of measurements (flows, temperatures and 

pressures) and both contain measurement errors. In practice, however, the difference between 

independent and dependent model variables is dictated by modular process simulators which 

are input-output simulations.

This raises an important question which is how to determine the effect on parameter estimates 

if regression is used despite the presence of errors in the independent variable measurements.

4.2.3 Least squares

Least squares estimation is parameter estimation where the sum of the squares of the 

differences between model values and plant measurements is used as the objective function. 

Weighted least squares estimation applies to both regressions and error in variable estimations, 

the characteristic being that the merit function £  is defined as:

For normally distributed independent errors and linear models, the least squares estimator is an 

unbiased estimator. If the inverse of the variances of the measurements are used as coefficients 

of the weighting matrix, minimum variance is achieved on the parameter estimates (Sorenson, 

1980). Conceptually, more importance is given to the most accurate measurements. When the 

model is linear or can be linearised, special methods for parameter estimation exist and the 

parameter estimates can be calculated analytically, as shown in the following section.

4.2.4 Linear least squares

A number of theoretical results for least squares estimation for linear models can be found for 

example in textbook by Sorenson (1980). De Hennin (1994), and work on data reconciliation 

by matrix projection (Crowe et al., 1983) have applied linear least squares for process models. 

The main benefit of using linear or linearised process models is that parameter estimates can be 

determined analytically and therefore do not require solving an NLP. The following
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developments are based principally on textbook by Sorenson (1980) and have been used by de 

Hennin (1994) for the design of real time optimisers.

In general, a linear model can be expressed as:

y = Ju

where:

y: vector of all process measurements

u: vector of all unmeasured model independent variables.

J\ process matrix

In this formulation, y and u are deviation variables, that is they are the difference between the 

variable value and the nominal point around which the model is linearised. A least squares 

estimate u can be calculated explicitly in terms of the process measurements y+. Let:

y+ = y + S

where y+ is the measurement vector such that the expected value of the measurement is:

E(y*) = y

For a linear(ised) process the expected value of the measurements is expressed as a linear 

combination of u as follows:

y = */u

Thus assuming no model structural error,

y+ = Ju + 8

Least squares fitting selects the parameters to minimise the squares of the differences between 

the model and the measurements which is equivalent to minimising:

et e =  (y+ - J u ) \ y + -Ju)

When differentiated with respect to u and set equal to zero this yields u , the least squares 

parameter estimate:

u = ( J JJ ) - ]J T y +

The equations solved in the process are known as the normal equations (see for example: 

Madron 1992, Sorenson 1980).

For weighted least squares, one minimises the sum of the weighted difference of squares:
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eT W '  e = (y+ - Ju)T W' (y* - Ju)

where W  is the weighting matrix used to emphasise (or de-emphasise) the influence of specific 

measurements upon the estimate u .

u is then:

u = ( f  W'lj y lf  W l y+

The methods based on linear process models have the benefit of giving the analytical values of 

the estimates u . They differ from the estimation problems presented in sections 4.2.2 and 4.2.3 

because they consider only two classes of variables: measured variables y and estimated 

variables u .

4.2.5 Discussion

This chapter has shown a number of methods which can be used for parameter estimation. The 

following brief discussion argues the following two points:

• Firstly, in practical situations, a unique, most appropriate estimation method cannot 

necessarily be pinpointed.

• Secondly, to determine a property about a parameter estimate, such as the set of 

measurements which reduce the estimate’s uncertainty, it is necessary to determine which 

parameter estimation method is being used.

Estimation methods have a number of well known properties provided certain assumptions are 

valid. For example the least squares estimate, under a number of conditions such as normally 

distributed independent measurement errors, is the estimate which minimises the expected 

standard deviation of the estimated parameter.

In many practical cases however, estimation methods are used when assumptions do not strictly 

hold. The choice of the method which is implemented depends on practical considerations. For 

example, in industrial applications it is difficult to make realistic assumptions concerning the 

distribution of errors in process data. In practice, models are often non-linear, the distribution 

of errors is poorly known and certain process simulators are not equipped to implement EVM 

estimation on large process models implying that other methods are used. The properties of the 

different estimation methods are in these cases less well known and it is not always possible to 

determine a single estimation procedure which yields the best results.
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Practical examples of different estimation methods can be found for example in Howat (1997), 

who describes three different data reconciliation procedures. The different methods stem from 

different choices which need to be made prior to implementing the data reconciliation: the 

choice of the model envelope used to reconcile the data, as well as the sequence used to 

reconcile it. Under very specific assumptions the performance of the different estimation 

procedures could be assessed (as has been done for example by the same authors, Macdonald 

and Howat, 1988) and one procedure would perform better than the others. However all three 

procedures are valuable in practice.

Accepting that a unique estimation method cannot always be implemented in practice, it is 

necessary to characterise the parameter estimation procedure used in order to determine the 

uncertainty on the parameter estimates. This is also necessary determine which process 

measurements contribute most to increasing the accuracy of parameter estimates.

4.2.6 Conclusions

In this section,

• Relevant theory on parameter estimation has been reviewed.

• The properties of certain estimators such as the linear least squares estimator have been 

presented.

• It has been put forward that the parameter estimation methods used in practice may differ 

from the cases presented and that in order to infer the effects of measurement errors on 

parameter estimates it is necessary to characterise the parameter estimation method used in 

practice.

The following section aims to characterise the estimation method used by our industrial partner 

in the case studied in this thesis.

4.3 Parameter estimation in refinery PPA: Method and 
implications

This section characterises the industrial test run, the procedure used for plant performance 

analysis. It concludes that in the case studied the estimation procedure used by the industrial 

partner is a regression.
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The structural decisions which are used for identifying parameters in the industrial context are 

analysed using the case study presented in Chapter 3 which was proposed by the industrial 

partners. This analysis is used to characterise the test run procedures.

The following sections refer to a base case test run model. The process model was developed 

by the industrial partner and identified to plant data using the identification procedure described 

below. This test run data and the description of the procedures used to identify the model were 

obtained through a series of interviews with a number of process engineers whose task is to 

analyse plant performance.

4.3.1 Test run objectives and overview

The general objective of a test run, as described by Howat (1997), is to improve the 

understanding, efficiency, quality and safety of operating plants. This general objective 

correctly describes the objective that process engineers at the plant have in mind.

To achieve the general objective of a test run, any number of the following objectives should be 

met:

• Identify values of key performance parameters to monitor the performance of certain parts 

of the plant

• Build a model to determine if the plant is operating at the desired conditions and to 

determine if it is operating at the design conditions

• Obtain a model which can be used to predict the behaviour of the plant at a different 

operating point

• Troubleshoot

The industrial partner carries out a test run approximately every month to monitor the 

performance of certain units or parts of the refinery. During the test run disturbances are kept 

to a minimum by ensuring for instance that no change of feed stock occurs over the duration of 

the test run, and care is taken to ensure that a good set of measurements can be gathered. The 

measurements are used to build accurate models so that a good understanding o f plant 

operation can be obtained.

Refinery data are collected over a period of time during which the plant is assumed to be at 

steady state. The plant performance analyst uses part of the data as inputs to the simulation 

model (data is time-averaged if it fluctuates slightly over the period of the test run and is
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checked for gross errors based on experience and overall mass balances). Once all necessary 

inputs have been fed to the model, and that parameter default values have been specified, the 

simulation converges to a solution thus calculating all model outputs. The model output values 

(the dependent variables) which usually do not match corresponding plant values, are then 

matched by adjustment of the model parameters such as the tray efficiencies. It is common 

practice to achieve this by trial and error. That is, an experienced process engineer balances the 

discrepancies between the calculated and measured outputs using engineering judgement by 

adjusting the model parameters, focusing on one of the parameters chosen to be the 

performance parameter.

Figure 3.3 shows the PFD of a HYSIM simulation used to model test run data (presented in 

Chapter 3). In this particular case, the main fractionator was modelled based on process data 

gathered from the DCS. The crude characterisation was obtained from a back-blend of the 

outlet flow TBP’s, obtained from the laboratory.

One of the objectives of this particular performance analysis was to determine whether a 

retrofit involving the replacement of the bottom section column internals had been effective.

Implementing the test run from the data collection stage to the final identification requires 

taking several decisions on how to define the parameters, develop the model and determine the 

set of data to be collected. The following section, which has been based on several interviews, 

reviews each of these decisions in order to describe the performance analysis procedure used in 

the industrial setting.

4.3.2 Industrial test run procedures

The following is a list of structural decisions made in practice for the test run presented in this 

Chapter. They are summarised in Table 4.1 on page 89.

1. Parameter definition

Parameter definition is the first important aspect of performance estimation. For many test runs 

a preliminary model already exists. The choice of model parameters to be estimated as well as 

the definition of the parameters is limited to those which appear in the model. Due to economic 

and time constraints, a new model is not developed for each test run and parameter definitions 

are dictated by the software tool used for the performance estimation. Therefore, few options 

exist to change the parameter definitions.
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In the case of the test run presented here, one parameter was estimated. The choice of which 

parameter to be estimated is left to the engineer who chooses a particular model parameter 

which best represents what he or she is attempting to monitor. For example, for rating a heat 

exchanger, the overall heat transfer coefficient (Geankoplis, 1993 ) and for rating a column, the 

tray efficiency or the number of ideal trays may be used. These parameters are built into the 

HYSIM (Hyprotech, Calgary) plant models.

• In the case study presented here, the efficiency was defined as a Murphree efficiency. In 

certain cases a different definition may possibly be more suitable such as the ratio of the 

total number of theoretical trays to the number of trays in place in the industrial unit.

2. Parameter selection: Estimated and unestimated parameters

For the crude unit shown, a certain number of model parameters which are not estimated left at 

a default value by the process engineer. For example, the efficiencies of all trays in the top 

section of the column were left at an efficiency of 1 and the number of theoretical trays was 

based on past experience. As described in Chapter 2, the error on the unestimated parameters 

will affect the value of the estimated parameters.

In many cases, experience is sufficient for the process engineer to spot the interdependence 

between parameters, which leads estimated parameter to be biased by poor values given to the 

unestimated parameters. An example in Chapter 5 investigates the effect of an unestimated tray 

efficiency on the overall stripping efficiency of the crude column. De Hennin (1994) illustrates 

the effect of bias using a simple example which shows how a bias on unestimated parameters 

can result in a bias on the estimated parameters.

• For practical purposes, the choice of which parameters to estimate is a decision based on 

the plant performance analyst’s experience.

3. Model type and Model envelope

At the plant, the type of model used (empirical or mechanistic) is fixed, however model order 

can be varied within bounds, by changing the number of estimated parameters. The models 

used in HYSIM are both mechanistic and empirical (see section 2.3.2). Although mainly 

mechanistic, the models contain several built-in correlations based on experimental data used to 

model the thermodynamics.
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The plant performance analyst decides on the extent of the process envelope to model. For 

analysing the performance of the bottom section of the crude column, the full crude column 

was modelled including pumparounds and side strippers. Certain test run models involve much 

larger sections of the plant, while sometimes smaller sections are modelled. For example single 

pumparounds of the crude unit can be modelled as heat exchangers provided sufficient data is 

available.

In practice, the model envelope used may be limited by the software. For example HYSIM does 

not enable the modelling of parts of a column separately (trays, strippers, reboiler and 

pumparounds). Despite this limitation, there is freedom regarding the extent of the process 

which is modelled. For test runs, this structural decision is taken based on experience.

4. Input/Output structure

Although the industrial process models used cannot be written as a set of explicit equations, the 

‘black box’ nature of the models differentiates the set of independent variables from the set of 

dependent variables. When test run model is built, it is decided which set of variables will be 

the independent model variables. This input/output structure is based on a number o f practical 

considerations.

For instance, the choice of data used as inputs to the model is partially limited by the model 

however there is some freedom left to the process engineer. For a crude main fractionation 

tower for example, the set of flow rates fed to the model will necessarily include the feed to the 

column and may include several column product flows.

Errors on the measurements of both independent and dependent model variables affect the 

parameter estimates and therefore, the input/output structure is a key structural decision.

5. Parameter estimation

The identification of the model to process data is carried out in the following way: once 

sufficient data is gathered, data corresponding to the model independent variables are used to 

specify the independent variables of the process model. The performance parameters are then 

adjusted in order to minimise the discrepancy between the model dependent variables and the 

corresponding process measurements. In the industrial case studied this was achieved by 

inspection.
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• The separation of the process data into independent and dependent model variables and 

subsequent identification of parameters based on the dependent variable measurements 

shows that the parameter estimation is a regression, as opposed to an EVM.

6. Data collection. Processing and Analysis

Process measurements are collected over a period of time over which the plant is assumed to be 

at steady state. Prior to a test run, the process is operated in such a way as to achieve steady 

state as best as possible. Test for steady state is done visually by inspecting strip charts and by 

communicating with those in charge of operations at the refinery to ensure that no changes in 

operation or crude feed type are to take place.

On the plant, data is collected from various sources:

• Crude characterisation laboratory or database

• Distributed Control System

• Laboratory quality analyses

• Equipment data

• Manufacturer/Supplier data 

Measurements are transformed at the following levels:

• Sensor - Transmitter Level

• Distributed Control System (DCS) Level

• Plant Information System Level

Sensor - Transmitter Level

At this level, the measurement device transforms the measurement (for example the flow rate of 

a particular stream) into a 4-20mA signal through a series of steps. For example for an orifice 

plate meter, the flow rate affects the pressure drop in the pipe. This pressure drop is converted 

into a current via a pressure to current converter. A number of design parameters are used in a 

physical model of the sensor so that the measurement required (for example the flow rate) is 

related to the physical signal being captured (for example the pressure difference for an orifice 

plate measurement). A transmitter at the sensor level generates an electrical signal that is sent 

to the DCS. For orifice plate meters, the stream flow rate is proportional to a constant
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multiplied by the square root of the pressure difference. The resulting electrical signal must 

therefore be passed through a square root extractor.

Distributed Control System Level

The transformation of the 4-20mA signal into a process measurement value occurs at the DCS 

level. The DCS stores the zero value and the span of the process measurements to transform 

the 4-20mA signal into a process value. The DCS samples most 4-20mA signals every 0.25 

seconds.

At the DCS level, an exception reporting algorithm written for the PI system (PI 

documentation, OSI, Houston, 1994) only passes process data to the PI system if  a specified 

change in the process values has occurred. The PI exception reporting algorithm operates as 

follows:

A process value is compared to the last value reported and discarded unless:

• The difference between the new value and the last value is greater than the exception 

deviation specification (0 to 0.25% of span) and the difference between the times of the new 

and last values is greater than the exception minimum time specification (typically 0 or 15 

seconds).

OR

• The difference between the times of the new and last values is greater than the exception 

maximum time specification (60-600 seconds).

Values recommended by PI for the exception deviation are 0.5%-l% of span or 0.5 degrees C 

for temperature measurements; in practice they are set between 0 and 0.25% of span; minimum 

time is set to 0 or 15 seconds. Typical values are shown in Appendix 7.

Measurement values which pass the exception reporting are sent to the Plant Information 

System level (PI documentation, OSI, Houston, 1994).

Plant Information System Level

After the exception report, a first order-filter whose purpose is to smooth noisy signals (PI 

Manual, OSI, Houston, 1994) may be applied to the signal according to:

FilteredValue = OldValue e'At/T + NewValue (l-e*At/T)
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where x is the filter time constant, and At is the difference in the time stamp values of the new 

and old process value reported by the exception report.

Resulting filtered values are compressed before being sent to the archive. The compression 

algorithm used in the PI system is based on the method of Hale and Sellars (1981) which uses a 

combination of the boxcar and backwards slope test. Both tests are based on constructing a 

region around the most recently archived values and testing whether a new data point falls in 

the constructed region. A new data value fails the test if it lies outside the constructed region.

When both the boxcar and the backwards slope tests have failed, the data value previous to the 

one which has failed the second test is stored in the archive and becomes the new basis for 

constructing the boxcar and the backwards slope regions. The compression method requires a 

compression deviation which in the PI system is set at twice the size of the exception deviation,

i.e. recommended by the PI system to be fixed at 1 degree Celsius for temperatures and 1-2% 

of the span for transmitters. In practice these values are set at values of 0.2 to 0.5% of span.

PI data can be extracted from the archive at 3 minute, 12 minute, hourly or daily averages. 

Data used in steady state simulations were hourly averages (Private communication, Stuart 

Fraser, BP Oil, 1999).

The effect of the measurement processing on measurement errors is described in section 4.3.3.

7. Data set and Data accuracy

Building a process model requires making a decision about what process data to use in the 

model. The set used in the model must be a subset of the set of data which can be realistically 

collected on the refinery. On the plant, this set is large. Most pressure, temperature, flow and 

composition variables can be measured if there is a need to do so. General practice is to make 

maximum use of data stored in the plant information system and to commission extra, more 

costly data only if deemed necessary.

As a result, flows and temperatures collected in the plant information system are widely used in 

test runs, as are product qualities (TBP data). In addition, extra samples can be taken from 

various points. For example, experience shows that it is necessary in order to estimate the 

efficiency of a side stripper, to take additional TBP measurements of the oil at the return
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stream from the side stripper to the main fractionator1. In this case, a special measurement 

procedure must be devised in order to obtain a sample from this point.

The data set used will depend on the input/output structures of the model. Only data which 

figures in the model is useful for model identification. Therefore, the set of data which is used 

is also limited by the model input/output structure which has been discussed previously. The 

process engineer must ensure that the model which has been built contains independent 

variables which correspond to variables which can be measured or accurately estimated.

Data accuracy is also considered. The analyst decides which data needs to be most accurate. 

The accuracy is limited by practical constraints: most sensors are standard sensors with a fixed 

accuracy. However, in certain cases extra sensors for spatial redundancy may be used and 

higher accuracy quality measurements can be commissioned (samples are taken from the 

refinery in various points). Flow meters can be range checked for example, in order to increase 

the confidence of the readings.

Sometimes the process engineer defines the objectives of the test run, decides which parameters 

will be estimated, develops the model and then gathers data. Other times test run data is 

available and is seen as an opportunity to develop more accurate models to analyse plant 

performance. Most of the time however, gathering and modelling test run data is an iterative 

procedure. Data is collected according to the requirements of the model but it is equally 

important, when building a model, to bear in mind what data will be available.

4.3.3 Implications of data processing, collection and analysis

This section describes the sources of measurement error and discusses the implications of data 

processing on measurement errors.

Sources o f  measurement errors

Miller (1989) describes the possible sources of error that may affect the accuracy of a 

measuring instrument. The accuracy, as described on p. 116 of this thesis, represents the 

closeness of a measurement to its real value. Measurement error, i.e. the difference between the 

measurement and the true value of the variable, is a combination of precision and bias errors. 

While the precision errors are generally assumed to follow the laws of chance and can be

1 Private communication, BP Oil.
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modelled as random errors, bias errors are the deterministic or systematic component of 

measurement error. The systematic component or bias of a measurement error is the part of the 

error which does not vary when a number of repeated measurements are made (Bolton, 1996).

Measurement bias can be caused by a number of factors. The following lists a few of the 

possible sources of deterministically time dependent and constant bias errors (Miller, 1989):

1. Drift in the voltage of a standard cell used periodically to standardize a 
potentiometer

2. Progressive wear of the orifice edge of a orifice plate meter placed in a dirty stream

3. An uncorrected zero shift in a differential-pressure transmitter (or other measuring 
device)

4. An unknown bias error in a reference standard that is used to calibrate secondary 
devices

5. A stream density different from the density used to calculate the design sensor span

6. Flow meter installed too close to an elbow or other flow disturbance

7. Incorrect measurement of an orifice pipe or bore

For the above examples it would generally be argued that the sources of error would yield 

deterministic errors, and that the time variations which might occur in the biases are 

deterministic. However for a number of sources of errors it can be difficult to judge whether the 

errors introduced are deterministic or random or both. Indeed, distinguishing between 

systematic and deterministic errors requires having an full understanding of the variability or 

lack thereof of the system used to make the ‘repeated measurements’. The following 

paragraphs describe effects which cause measurement inaccuracies of both a systematic and 

random nature and show how the distinction between systematic and random errors may not 

always be clear cut. Madron (1992) even mentions the ‘random aspect of systematic errors’.

One factor which may influence measurement accuracy is the position within the instrument 

range at which the measurement is being made. For example reading at the extreme of the 

range of an instrument may introduce increased bias and affect the precision of the reading. In 

constant conditions, where the same measurement is repeated, the variation of accuracy over a 

range might be mostly accounted for by a variation in bias. Certainly in constant conditions, 

the distinction between the precision and bias could be made. In a process environment, the 

range at which the reading is made varies according to-changes in the process conditions. Thus, 

an effect which in a constant environment yields a deterministic bias, causes an error which is 

more difficult to classify as deterministic due to the time varying, unknown (or more likely not 

considered) range at which the measurement is being made. In practice, the accuracy over a
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range tends to be reported as an accuracy envelope which incorporates precision and bias over 

the recommended range of the instrument (Miller, 1989).

Additional sources of error are introduced by influence quantities, or influencing variables 

(Madron, 1992). For example, a bias may result in an instrument if the ambient temperature is 

different from the reference temperature for which the instrument was designed. Once again, in 

a controlled environment, the influence variables are considered sources of bias and 

instrumentation suppliers will specify how much bias is introduced by each influence variable 

(refer to Miller, 1989, for an example calculation). As sources of deterministic errors, the 

effect of well known influence variables can be added directionally, that is, so that errors may 

cancel out (assuming no interrelationship). Outside of instrumentation vendor’s test bed 

however, the effect of influence quantities may not be well known and Miller (1989) suggests 

that calculating the root sum of squares of the bias errors is adequate to calculate the overall 

bias introduced by influence quantities. In this example, what would cause a bias in a 

controlled environment, and is thus reported by instrumentation vendors as a bias, is treated on 

the field as a random error due to possible unknown or unmeasured variations in process 

conditions.

For instruments requiring a number of individual measurements to be made (for example gas 

flow measurements relying on pressure and temperature measurements), errors in the individual 

measurements affect the accuracy of the target measurement. Accounting for errors in 

individual measurements requires determining the sensitivity coefficients of the measurement to 

the individual measurements. The sensitivities are calculated using the model of the instrument. 

The sensitivities can be used to either calculate the directional bias of the target measurement 

(assuming the biases of the individual measurements are known) or to calculate the accuracy of 

the target measurement (assuming biases are not known and that all that is available are 

measurement accuracies).

In summary, the definition of systematic errors is the component of the error which remains 

constant over repeated measurements. This definition assumes that the ‘repeated 

measurements’ are made in constant, specified, conditions over time and/or space. On the field, 

the fact that calibrations which are designed to correct systematic errors, are required 

periodically implies that the effects which cause systematic errors do in fact vary. A 

consequence is that it is not straightforward to distinguish between sources of bias (which in 

practice are unknown and vary) and random errors. Madron (1992) states that the approach 

which makes a clear distinction between systematic and random errors is valid in a chemical or 

physical lab, however that in a process environment it is less well suited. It is therefore
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necessary “to employ information on [systematic errors] in statistical processing of measured 

data as in the case of random errors” (Madron, 1992). The author gives a number of examples 

where the real value of constant systematic errors are not known and can be considered 

realizations of random variables.

Effect o f  measurement processing on measurement errors

Measurement processing through the cumulative effect of time averaging, filtering and 

exception reporting dampens the effect of the higher frequency random measurement errors but 

does not affect lower frequency random errors and biases. The inaccuracies in process 

measurements after processing can thus be attributed to the effects of the different sources of 

lower frequency errors. The lower frequency errors (with a time scale of the order of 1 hour to 

one calibration interval) are caused by effects which in non-changing, stable environments 

might be considered sources of bias. In a process environment sources of bias become sources 

o f unknown, time variant components of the error. For lack of better knowledge of the 

unknown, time variant error, the resulting error is described as random.

In conclusion, the overall errors in the process measurements which remain after the filtering 

and time averaging, are lower frequency random errors of various magnitudes caused in part by 

sources of error which would generate bias errors in a controlled environment. It is the error on - 

the overall, filtered, compressed, averaged measurements which is assumed to be randomly 

distributed. In this way the accuracy is characterised by using only one constant: the standard 

deviation of the expected measurement error.

Model instrument accuracy

It would be beneficial to estimate the accuracy of process measurements used in test runs 

accurately. Parameters used in measurement processing such as sampling times and exception 

reporting deviations affect the accuracy of process measurements used in test runs because they 

dampen the effect of higher frequency sources of error. It would be necessary to model these 

effects in order to estimate the accuracy of measurements which have undergone processing. 

This would require modelling the measurement processing procedure used in test runs but also 

having a good knowledge of what the various sources of error are. Gathering knowledge on 

sources of error requires a detailed model of the sensors’ principles as well as knowledge of all 

the uncertainties in the measurement system (e.g. uncertainties on influence variables, 

fluctuations of variables which are corrected by calibration). It would be necessary to decide 

which sources of error in a process environment can be considered systematic or random. For 

example, determine if in the process environment, the effects of changes in the Reynolds
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number of the fluid will yield random errors. Note that in a controlled environment, the effect 

of the Reynolds number is corrected by calibration and is thus considered to introduce a 

deterministic error. If this effect is considered random, granted possibly of lower frequency 

noise, likely statistical characteristics of this errors would need to be modelled or estimated.

A good model of the accuracy of averaged, filtered process measurements could also be used to 

assess how the accuracy of measurements can be increased. The results could yield improved 

cost accuracy data on which to base the optimisation of measurement structures.

4.3.4 Discussion and summary o f hypotheses used to model test runs

The section 4.3.2 has presented a list of structural decisions made in the identification of 

performance parameters. There is no structured, quantitative method used in test runs to carry 

this procedure out automatically and decisions are often, in practice, dictated by practical 

considerations.

Most of the structural decisions which take place during a test run are not the main focus of 

this research. This thesis focuses on decisions regarding process measurements and aims to 

determine more cost effective ways of using process data, by questioning the set and accuracy 

of the process data used in models. However, all structural decisions affect performance 

estimates therefore it is important to characterise the test run procedures to ensure that the 

conclusions made later in the thesis are applicable to refinery test runs.

The following table summarises the performance analysis procedure and outlines the 

assumptions which will be made in order to model the structural decisions made in the 

industrial case study. This table is an important result of the first part of the methodology 

implemented for the refinery case study.
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T ab le 4.1: S tru c tu ra l d e c is io n s  o f th e  e s tim a tio n  p ro c e d u re

Chapter 4

D ecision R efinery P rac tice T h e s is  A ssu m p tio n s

P aram eter
definition

Parameters are defined within the process 
model used.

Parameter definitions are not questioned 
provided they are used by someone at the 
plant or the research centre.

P aram eter
selection

Selection of 
unestim ated 
param eters

A subset of parameters are chosen based on 
experience. This defines the model order 
(number of adjustable parameters).

Unestimated parameters are left at nominal 
values which may vary from test run to test 
run.

Unestimated parameters result in significant 
offset of estimated parameters.

Default values for unestimated parameters are 
kept constant for all test runs so that 
performance estimates can be used for 
comparative purposes.

Model Envelope The extent of the process modelled is chosen 
based on experience.

Use same model envelope as that used in 
standard test runs

Input/Output 
model structure 
selection

This choice is left to the process engineer 
within the limitations of the process model 
used.

The standard test run structure is used.

Model
Identification

Averaged plant data used as inputs, model 
identified to output data by inspection. 
Possible adjustment of independent variable 
data to improve fit.

Assume weighted least squares models the 
manual fit which is used at the refinery. Use 
plant data as model inputs, without making 
any adjustments to the plant data.

Data Processing Basic processing is implemented prior to the 
modelling stage. Visual checks analyse for 
both gross errors and steady state. Time 
averages are used for test runs and the plant 
information system only logs variable changes 
greater than 2% (by default).

The same data as that used in test runs is 
used.

Data Set Chosen based on the data which the process 
engineer decides to match for the particular 
application. Usually includes main flow rates, 
temperatures of principal column feeds and 
draws, TBP's of product streams and column 
pressures. This decision is taken at the same 
time the model envelope is defined.

The same set of data is used in this analysis 
as is used in test runs. The sam e variables 
are used as model inputs and model outputs.

Data Accuracy Data is commissioned at an accuracy deemed 
necessary by process engineer. Usually 
dictated by practical constraints (types of 
sensors available, economic and time 
constraints).

Plant data is used.

This table shows refinery practice and the  assum ptions m ade to m odel the  
perform ance estimation procedures. Each decision taken at th e  refinery during the  
estim ation procedure m ust be done in the sam e way in this analysis to ensu re  that 
the results which estim ate the contributions of process data to perform ance m easu res  
are significant.

4.3.5 Conclusions

In conclusion, this section has:

• Identified the performance analysis procedure used by the industrial partners

• Discussed some of the issues concerning the procedure
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• Modelled the procedure by means of a suitable number of assumptions and presented the 

results in Table 4.1.

The key characteristic of the performance analysis procedure is that plant measurements are 

fed to the model independent variables and the key performance parameters are adjusted to 

minimise the difference between the model and measurements of the dependent model variables. 

This form o f  identification is a regression, and not an EVM. This means that results in the 

literature (presented in 4.2) which have been developed for EVM identification must be 

modified. This is implemented in the following section.

4.4 Parameter estimation in refinery PPA: Theoretical
developments

The purpose of this section is to develop and modify the results from the literature presented in 

section 4.2 and to adapt them to the estimation procedure used in practice for the analysis of 

plant performance.

4.4.1 General mathematical formulation of parameter estimation at the plant

The key finding of the previous section is that the method used for estimation at the plant is a 

regression described as follows. The model is a set of implicit equations:

/(* . y.p) = o

The modular process simulator presents the model as:

y = /(* ,p )

y: vector of measured dependent variables 

p: vector of model estimated parameters 

x: vector of measured model independent variables 

To identify the model to process measurements:

• Model independent variables are set equal to corresponding plant present values: x = x+.

• The model parameter is adjusted to the estimated value p which minimises a fit function 

and yields model outputs y = y .
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The parameter estimation problem becomes:

y ,y +)
P

y,p) = 0

where x+ are the measurements corresponding to model independent variables and y+ are the 

measurements corresponding to model dependent variables. The parameter p is estimated by 

minimising the sum of squares of the quantities (yi-yi*).

Therefore, the estimate of p is a function (ft of measurements x+ and y+:

p = <i> ( x \y * );

In practice, both independent and dependent variable measurements x+ and y+ contain errors. 

Hence, the standard deviation of the estimated parameter is a certain function <j>' of the standard 

deviations of the measurements:

4.4.2 Linear formulation o f performance estimation at the plant

To account for the fact that the industrial test run models are not identified using EVM and that 

there is therefore a distinction between input variables and estimated parameters it is necessary 

to consider a process model which distinguishes between the unmeasured estimated independent 

model variables p (the parameters) and measured independent model variables x. This is 

achieved by expressing the model in the following linearised form (in terms of deviation 

variables, defined in section 4.2.4):

y = J $  + Kx

y: vector of process variables corresponding to model dependent variables and can be measured 

p: vector of model estimated parameters 

x: vector of measured model independent variables 

J : process matrix with respect to the model parameters

K : process matrix with respect to the model independent variables (all measured)
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With this expression, the contribution of both independent and dependent variable data used in 

the estimation is considered.

Note that in practice, the linearisation is implemented around a nominal point (x0, yo, po) and if 

all variables are now no longer deviation variables but actual values:

y = y 0 +  ^ ( x - x o )  +  7 ( p - p 0)

Where x represents model independent variables which will usually be set equal to x+, the 

corresponding measurement and x0 is the nominal value of x, set equal to x0+ (base case test run 

measurement)

At the nominal point, p equals p0. The goal of the estimation is to calculate p , the estimate of 

p given a set of measurements y+.

The error between the model and the measurement can be defined as:

e = (y* - y)

e  =  ( y + -  y o  -  K(x-xo) -  y ( p - p o ) )

In test runs at the refinery, model independent variables x are set equal to plant measurements 

x+, thus:

e  =  { y + -  y o  -  AT(x+- x 0)}  -  - / ( p - p 0)

In this case, the parameter p is estimated in order to mininimise the sum square o f errors 

between the model and measurement:

eT W'1 e

By analogy with the results for calculating the least squares estimate of p, p (see Chapter 2): 

( P  -  P . )  =  ( /  W ' j y ' f  W-' {y* -  y 0 -  t f ( x +-x o )}

p = p . + ( f  V  - y» - £ (x +-x„)}

The weightings used at the refinery'1 are the uncertainties on the measurements corresponding to 

the model dependent variables. Therefore, to model the parameter estimation procedure used at 

the refinery, W is set equal to the diagonal covariance matrix of the measurements y:

1 Note that in practice there is no weighting but it is assumed that a correctly weighted least 

squares estimate captures the heuristic procedure used at the refinery.
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Therefore if W= Sy_

W  = cov( y)

= s ,

tT O -1 a- 1 tT C -1 f - +p = po + ( /  S / ' j y ' f  SyA{y+ - yo - £ (x +-x„)}

This expression is an adaptation of results from the literature to the estimation method used at 

the plant.

4.4.3 List o f estimation procedures of practical interest

The general estimation methods have been described and subsequently the practical estimation 

method used for estimating the performance of a particular unit at the plant has been described. 

The general methods found in the literature have been adapted so that they can be applied to the 

case faced in practice. This section summarises EVM and regression and presents two more 

estimation procedures which may be encountered in practical situations.

1. Errors in Variables Method (EVM) or simultaneous data reconciliation and parameter 

estimation: Both independent variables x and parameters p are adjusted to minimise the 

weighted sum of squares calculated on all measured variables z+, subject to process 

constraintsf. Mathematically:

m in X i .  A z*)
*.P

s ./ ./(x ,y ,p )  = 0 

where z =

For normally distributed errors this identification method yields minimum variance 

estimates. It is computationally demanding as it requires the solution of an NLP with a 

greater number of degrees of freedom (equal to the dimension of x plus p) than other 

estimation methods.
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2. Sequential data reconciliation and EVM: The process measurements z are reconciled 

subject to mass and composition constraints g. The process m odel/is then identified to the 

reconciled values z , by adjusting all model independent variables.

Reconciliation:

m m % 2( z , z +) 

s . t . g ( z )  = 0

followed by estimation:

m in 'Jf2(z ,z +)
*.p

y,p) = 0

This identification method occurs for example, when reconciliation software is used and 

that a full process model is then identified to the reconciled values using an EVM. If  the 

equations in the full model f  contain all the balance equations g  used for data 

reconciliation, this procedure is identical to simultaneous data reconciliation and parameter 

estimation. This procedure is described in Howat (1997).

3. Sequential data reconciliation and regression: The process measurements z  are reconciled 

subject to mass and composition constraints g. Regression is then used to identify the 

model to the resulting adjusted data z .

Reconciliation:

2

s . t .g ( z )  = 0

The resulting reconciled measurements z yield partly reconciled vectors x and y and the 

estimation takes place such that:

m in % 2( y ,y )
P

& ' • / ( * ,  y , p )  =  o

This sequential procedure does not yield minimum variance parameter estimates even when 

the measurement errors are normally distributed however may be used in practice when, for 

example, lab data reconciled subject to composition constraints or data reconciled by a 

DCS or reconciliation software is used directly to identify parameters using regression.
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4. Regression (Plant estimation procedure):

* < • /(* * ,y, p) = 0

Regression is what is used by the industrial partner for many test runs. Data from the DCS 

is averaged, checked manually and used in rigorous HYSIM models of the refinery. This 

method is described by Howat (1997) and reported for example in Belsim documentation 

for the VALI software (1998b).

4.4.4 Illustrative example

The following is a simple example of parameter estimation: the fitting of a line to a set of 

points. Both regression and EVM are implemented. A similar example can be found in Tjoa 

and Biegler (1992).

A matrix of measurements [x+, y+] ([xme„, ym«u] on the graph) is given and plotted as the 

empty circles in Figure 4.1. If the parameters of the line are identified by regression, the model 

parameters are adjusted to minimise the difference between the independent variable 

measurements y+ and the values of y predicted by the line. The sum of vertical squared 

difference between yme,s and yreg on the graph is minimised subject to adjusting the parameters 

of the line a and b.

If the parameters are identified using an EVM, the parameters of the line and the independent 

variables of the model are adjusted to minimise the sum of squared difference between model 

and measurements on both independent and dependent variables. This minimises the squared 

distance between the line and the data points by allowing model values to ‘move’ in both x and 

y directions.

Note on the graph that in this particular example, the points predicted by the model using 

regression and using EVM are markedly affected by the method (yrcg and yevm are visibly 

different) however the parameters of the model are not (slope and y-intercept are similar).
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Figure 4.1: Comparison of two model identification methods for a simple linear 

regression

If the param eters of the line are identified by regression the line’s  param eters are 
adjusted to minimise the difference between the y m easurem ents and th e  value of y 
predicted by the line. If the EVM is used, the  param eters of the  line and the  x values 
used in the model are adjusted to minimise the difference between model and 
m easurem ents on both x and y variables. The points on the  reg ressed  line (yrefl) have 
not moved laterally, w hereas the EVM has allowed the points to  shift laterally, taking 
into account the fact that the x m easurem ent may have contained error.

Regression is used widely in a number of parameter estimation applications. It is not the ‘best1’

method, as it assumes that the independent model variables (the x-axis on the example) are

error free. EVM is also computationally more demanding, as in this example, it requires

solving an optimisation with 7 degrees of freedom, compared to 2 for the regression.

4.4.5 Discussion

Different identification methods have been presented. Certain methods are more suitable than 

others under specific assumptions, and certain methods can be described as ‘best’ with respect 

to a specific criterion and provided a number of hypotheses are valid.

The principal difference between regression and the EVM lies in the extra assumption that the 

independent variable measurements do not contain errors. Regression therefore partitions 

variables into the dependent and independent variables and differentiates the two variables. The

1 in terms of minimising the variance of the estimated parameters
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assumption is unnoticed for most applications of regression, mainly because regressions are 

used to correlate variables measured in different ways, such as to correlate concentration and 

time in a kinetic experiment for example. In cases where all measurements are as likely to 

contain measurement errors, this assumption no longer holds.

Regression however is used for several practical reasons, in particular because it is a 

computationally inexpensive method for identifying input output models. Process simulators 

such as HYSIM are large implicit models presented as black box input output models and are 

consequently well adapted to identification by regression.

The crucial difference from a computational point of view is that EVM is more demanding than 

regression. Indeed it was shown in the previous illustrative example that the degrees of freedom 

of an identification by EVM increases linearly with the number of measurements whereas for 

regression it is equal to the number of parameters to be estimated. This is a second reason for 

which regression of process models are used in the process industries: few modular sequential 

process simulators are equipped with optimisation routines capable of solving the identification 

problem with a number of degrees of freedom equal to the number of independent variables.

Usually regressions are used for fitting two dimensional data or for regressing multivariate data 

where errors on the independent measurements are either negligible or have not been 

questioned. EVM applied for fitting two dimensional data is not widespread, in part because it 

requires solving a larger optimisation problem but also because its benefits may be 

insignificant.

4.4.6 Conclusions

At this stage, this chapter has:

• Presented the key concepts parameter estimation available in the literature.

• Explained how parameter estimation can be implemented in a number of different methods 

and argued the importance of determining which method is used in practice.

• Identified the estimation procedure used by the industrial partner which can be described as 

regression.

• Adapted results in the literature to represent the estimation method used by the industrial 

partner using linear models.
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The following case studies illustrate these aspects. The key differences between regression and 

EVM are demonstrated using the flash distillation model presented in Chapter 3, and the model 

of the identification developed so far in this chapter is applied to the refinery case study.

4.5 Example: Flash distillation

The purpose of this section is to illustrate that different parameter estimation procedures 

applied in practice for PPA yield different parameter estimates. The flash distillation model 

introduced in section 3.4 is used. Four different methods are compared in the first part of this 

case study. EVM and regression are then compared in more detail.

4.5.1 Comparison of different estimation procedures: M otivating example

In this motivating example, a single set of simulated data is considered. A number of different 

estimation procedures are used to estimate performance from the single set of process data.

The simulated process measurements, obtained by adding a random component to nominal 

values, are the feed and output flow rates and compositions, the flash temperature and 

pressure. The performance parameter, defined as the flash vaporisation efficiency, is estimated 

from these simulated process measurements.

Four identification methods, described in section 4.4.3 were implemented. The results show 

that different estimation procedures yield different parameter estimates.

1. Errors in Variables Method (EVM): The process model was identified and solved by 

adjusting [F, z j , z2 , z3, P, T, r|] to minimise a weighted sum of squares subject to balance 

and equilibrium constraints. The sum of squares is calculated based on the process 

measurements of all measured variables, that is, assuming all variables are measured: z = 

[F, z i , z 2 , z 3 , P, T, V ,yJ , y 2 , y3, L, xl t x2 , x3\.

2. Sequential data reconciliation and EVM: The mass and composition measurements were 

reconciled subject to the mass and composition constraints. The model was then fitted to 

the reconciled values by adjusting all model independent variables.

For the reconciliation, the model containing mass balance equations only was identified to 

mass-flow variables: zm = [F, z3, z 2 t z3t V, y } , y2, y 3,L, X j , x2 , x3\ and for the estimation 

the full model was identified partially reconciled measurements z = [F, z} , z2 , z3 , P, T, V,
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yi , y 2 , y 3 , L, x , , x2 , x3] using the EVM thus adjusting both x = [F, z j , z2 , z3 , P, 7] and 

efficiency rj.

3. Sequential data reconciliation and regression: The mass and composition process

measurements were reconciled subject to mass and composition constraints. Resulting

adjusted measurements were used as inputs in the process model and only the efficiency rj 

was estimated using the remaining adjusted output measurements. The data used in the 

reconciliation is vector: zm = [F, Z], z2 , z3, V ,yI t y2 , y 3L, x} , x2 , jcj] and the data used to 

calculate the sum of squares is the vector of dependent model variables only: y = [V, y 3, y2 

, y3 , L, X], x2 , x3\. The degree of freedom for estimation is tj only.

4. Regression (estimation procedure used in test runs): The vector [F, Z j , z2 , z3 , P, T\ was

set equal to the set of process measurements and the efficiency rf was adjusted to identify 

the model to the output measurements only, i.e. the sum of squares is computed on 

dependent variable vector: y = [V, y } , y2 , y 3, L, x} , x2 , x3].

A fixed set of simulated process measurements were used to implement the four different 

estimation procedures. Each identification involved solving an optimisation to minimise a sum 

of squares. For this particular example (Table 4.2), it was considered that the temperature 

measurement was error free.

The results of the identification using the four procedures are presented in the Table 4.2. The 

figures in bold in the table are the variables which have been used as degrees of freedom in the 

optimisation to minimise the weighted sum of squares (X2).

The results illustrate the fact that the estimation procedure (4) used at the refinery yields a 

different parameter estimate than procedures 1 to 3 (77 = 93.80 for procedure 4 vs. 93.86 for 

procedure 3 and 93.91 for procedures 1 and 2). The parameter values obtained from estimation 

procedures 1 and 2 are identical (ij = 93.91) because the set of equations used for the 

reconciliation are all also part of the process model. This may sometimes not be the case when, 

for example, part of the data is reconciled based on a set of balance equations which is different 

to the set used in the model containing the thermodynamic equations.
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T able 4.2: M odelling re su lts  fo r d iffe ren t p a ra m e te r  e s tim a tio n  p ro c e d u re s

N am e P ro c e s s
M eas.

W eightings
w,

R econciled
V alues

P ro c ed u re  1 
EVM

P ro c e d u re  2
Reconcil. + 

EVM

P ro c e d u re  3
Reconcil. + 
Regression

P ro c e d u re  4
Regression

F 102.2 1 100.8 100.8 100.8 100.8 102.2

0.213 0.01 0.212 0.210 0.210 0.212 0.213

Z2 0.478 0.01 0.479 0.479 0.479 0.479 0.478

Z3 0.309 0.01 0.309 0.311 0.311 0.309 0.309

P 3605 10 n/a 3605 3605 3605 3605

T 137 1 n/a 137 137 137 137

V 45.6 1.0 46.9 46.9 46.9 47.0 47.6

yi 0.236 0.01 0.228 0.246 0.246 0.249 0.250

y2 0.429 0.01 0.419 0.411 0.411 0.411 0.410

y® 0.362 0.01 0.353 0.343 0.343 0.341 0.341

L 52.6 1 53.9 53.9 53.9 53.8 54.6

Xi 0.197 0.01 0.199 0.178 0.178 0.181 0.181

x2 0.530 0.01 0.530 0.539 0.539 0.538 0.537

x3 0.269 0.01 0.271 0.283 0.283 0.281 0.282

E stim ate d  E fficiency (rj) n/a 93.91 93.91 93.86 93.80

W eighted  L ea s t S q u a re s  A2 7.75 19.27 11.52 11.87 22.39

Exam ple of estim ated efficiencies tj corresponding to four different param eter 
estim ation procedures (procedure 1 to procedure 4). O ne particular se t of p resent 
values w as used for this example. The sim ulated process m easurem ents w ere 
reconciled subject to m ass and composition constraints. Identification w as achieved 
by minimising the least-squares fit function A2. Procedures 1 and 4 identify the 
model to the process m easurem ents. P rocedures 2 and 3 identify the model to th e  
reconciled m easurem ents. Figures in bold are the variables adjusted for the  model 
identification (the efficiency is adjusted in all cases). The least squares is calculated 
with weightings W j.

Note that the least squares fit to the plant data using procedure 1 (19.27) is equal to the sum of 

the least squares fit of the reconciled values to the plant data (7.75) plus the fit of the model to 

the reconciled values in procedure 2 (11.52).

Procedure 3 is a sequential reconciliation and regression where reconciled values are fed to the 

process model which is then identified to the reconciled values. Therefore in the table, the 

independent variables in procedure 3 ( [F, zi, z2, z3] ) are set equal to the corresponding values 

in the column of reconciled values. The parameter estimate which results from this is an 

efficiency of 93.86, again a different value from the others. This type of sequential procedure is 

implemented when for example, a mass balance is closed by some form of data reconciliation 

prior to the values being fed to a more complete process model which is identified by 

regression.
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Procedure 4 yields yet different results and the highest value for the weighted sum of squares 

(A* = 22.39). This is expected as it is the estimation procedure with the fewest degrees of 

freedom (only the efficiency is adjusted and none of the data is reconciled prior to the 

parameter estimation).

This section has illustrated four different estimation procedures which can be used and has 

illustrated the method which has been used for the refinery case study presented in this thesis 

(Procedure 4). The conclusions to be drawn from this section are that different procedures for 

estimating performance parameters yield different estimates. Furthermore, it shall be shown 

later in this work that each procedure also yields different sensitivities of the performance 

estimates to the process data, different accuracies of the performance estimates and, finally a 

different result in the cost-benefit analysis of process data.

4.5.2 Comparison o f regression to EVM: Non-linear M onte Carlo simulations

This section statistically compares the EVM to the regression using Monte Carlo simulations. 

These are required if the full non-linear flash distillation model is to be used in the comparison. 

Through these simulations, this section will show that two procedures yield not only different 

estimates, but different expected errors.

The first and last procedures described in the previous section 4.5.1 (EVM (Procedure 1) and 

Regression (Procedure 4)) were simulated. The errors in temperature measurements were 

assumed to be non-zero and a full thermodynamic model based on Antoine coefficients was 

used. Simulated process data was generated using a random number generator and the two 

identification methods were carried out in parallel, thus using the same set of random ‘data’. 

1000 identifications were carried out, each identification requiring the solution of an NLP.

The identification by regression required solving an NLP with one degree of freedom adjusted 

using weighted least squares evaluated using the model dependent variables and the 

corresponding simulated data. The EVM required solving an NLP with 7 degrees of freedom 

([F, z u z2, z3, P, T, rj\) to minimise a weighted sum of squares based on all the model variables. 

The simulation time was approximately 70 minutes on a SPARC Ultra 1 for 1000 runs 

implemented in the MATLAB environment using the full non-linear model.

As expected from the results seen in the previous section, the efficiencies estimated using EVM 

and regression differed. Figure 4.2 is a strip chart of 100 corresponding estimated efficiencies 

using regression and EVM.
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F igure 4.2: C om parison  of e s tim a te d  efficiency  u sing  re g re s s io n  and  an  EVM 

(strip  ch a r t o f 100 runs)

1000 sets of random data, centred around a nominal point were used to identify the 
flash vaporisation efficiency. The graph shows that the estimates differ depending on 
the method used. Only 100 corresponding runs are shown here for clarity purposes.
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Figure 4.3 C om parison  of e s tim a te d  effic iency  using  re g re s s io n  and  an EVM: 

1000 ru n s

1000 sets o f random data, centred around a nominal point were used to identify the 
flash vaporisation efficiency. The graph shows that the estimates differ but are 
correlated.
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Figure 4.2 shows that the estimates of the efficiency using the EVM and the regression 

correlate well, however are not exactly equal. This can be seen also in Figure 4.3 which 

illustrates all 1000 estimates. The points lie close to the x = y  line, but show some scatter.

The estimates can be compared on a statistical basis by plotting the distribution of the 

estimated efficiencies. Both methods yield estimated flash efficiencies randomly distributed 

around the mean value of tj = 95% with different standard deviations. The following 

histograms (Figure 4.4 and Figure 4.5) show the distribution of the parameter estimates and the 

corresponding Gaussian curves with the same mean and standard deviation.

Figure 4.5 shows that the parameter estimates are normally distributed around a mean of 95%. 

The standard deviation of the estimates is lower for the EVM by approximately 10% as shown 

in Table 4.3 (0.758 for the regression versus 0.672 for the EVM). The comparison is made 

graphically in Figure 4.6 which shows that regression yields a wider normal distribution.

180
N(95.04, 0.758)

160

140

« 120

« 100

80
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94 95 96 9792 93 98
Estimated Efficiency

F igure  4.4: E stim ated  efficiency  d is tr ib u tio n s  fo r re g re ss io n

Random  data centered around the  nominal point w as generated. 
Vaporisation efficiency corresponding to the data se t w as estim ated 
and yielded 1000 estim ates of efficiency. This histogram  of the value of 
the estim ated efficiencies shows tha t for random  data, the estim ated 
efficiency is normally distributed around a nominal 95% efficiency.
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Figure 4.5: Estimated efficiency distributions for EVM

The standard  deviation of the estim ates is larger (0.758 com pared to 
0.672) when the efficiency is estim ated by regression.

Table 4.3: Comparison of the mean and standard deviation of the 

estimated standard deviation using regression and using

Regression EVM

Mean 95.04 95.01

Standard deviation 0.758 0.672

The EVM and the regression yield different param eter estim ates, both 
of which are distributed around the m ean value of 95%. The standard  
deviation of the estim ates is lower for the EVM by approxim ately 10%.
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Figure 4.6: Comparison of the distribution of the estimate of the efficiency

B ased on the statistical distribution of the  results com paring the  EVM to the 
regression, it is possible to conclude that on the whole, the EVM yields slightly better 
estim ates.

4.5.3 Comparison o f regression to EVM: Linear M onte Carlo simulations

The purpose of this section is to show how linear estimation is implemented in practice both for 

regressions and the EVM. The developments shown in section 4.2.4 based on process 

linearisations are implemented numerically. The model was linearised by finite difference. In 

the following charts the parameter estimates obtained by solving NLPs are compared to 

estimates obtained from the linearised models. The results show good agreement between the 

linear and the non-linear estimates.

If the vaporisation efficiency is estimated using regression, the model is linearised as follows 

(see section 4.4.2):

y = Jp + Kx

or in practice:

[V. y , . y 3 , ys.L, x , , x 2 , x,]T =Jt) + K[F, zl. z2. z3, P. i f  

The estimated parameter jj is then (in terms of deviation variables, section 4.2.4):

n = ( f  S y - ' j y ' f  Sy'\y* - Kx*)
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where Sy is the covariance matrix of the dependent variable measurements y+. 

For the EVM estimate, the linearised process model can be expressed such that:

y ~J K y
X 0 I X

Thus let:

H  =
J  K  
0 /

If  the least squares is implemented as shown in section 4.2.4 and assuming the following 

diagonal weighting matrix:

W=
Sy 0

0 s.

the estimated independent variables of the model are:

I n  X ]t  = (Ht  W 'H )- 'H t  W l [y+ x+]T 

from which the EVM estimate of t) can be obtained.

For illustrative purposes, the following figures show the correspondence between the estimates 

of the first 100 simulations between the EVM and the linearised EVM (Figure 4.9) as well as 

the correspondence between the regression and the regressions based on linear models (Figure 

4.7). The linear estimates of the efficiency coincided both for the non-linear identification by 

regression as well as the non-linear EVM. Indeed, it can be seen both in Figure 4.7 and Figure 

4.8 that the linear and non-linear estimates cannot be distinguished.
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F igure  4.7: C o m p ariso n  betw een  th e  u se  o f  linear an d  no n -lin ear m o d e ls  to  

e s tim a te  v ap o risa tio n  efficiency  by re g re ss io n

The strip chart show s the estim ates of the 100 first runs using regression. The linear 
m odels which appear in the literature have been modified to estim ate the  perform ance 
param eters by regression. Therefore the  regression can either be perform ed 
analytically, using the  linear models, or by solving an NLP. This strip chart show s that 
the  estim ates coincide a s  they are indistinguishable on the  chart.
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F igu re  4.8: C o m p ariso n  betw een  th e  u s e  o f  linear an d  n o n -lin ear m o d e ls  to  

e s tim a te  v ap o r isa tio n  efficiency  u s in g  EVM

The strip chart show s the estim ates of the 100 first runs using EVM. If the  process 
model is linearised, the EVM can be performed analytically. EVM can also be applied 
by solving an NLP. The strip chart shows that the estim ates coincide, and in fact are 
indistinguishable on the chart.
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4.5.4 Comparison of optimally weighted regression and EVM

Figure 4.9 illustrates the effect of implementing the regression using optimal least squares 

weighting matrix defined as:

W =  Sy+KS,KT

This weighting matrix accounts for the errors in the independent variables and minimises the 

variance of the estimated parameter if  it is estimated by regression. Figure 4.9 shows that using 

this weighting matrix instead of Sy alone, yields identical efficiency estimates as the EVM. It is 

therefore possible in this case, to obtain the estimates of the EVM without solving an NLP with 

7 degrees of freedom. The estimates thus obtained must not, however, be used in the regression 

model because the resulting predicted dependent variable estimates are poor. Rather, the 

vaporisation efficiency estimate obtained using the modified weighting matrix should be used 

with adjusted model independent variables.
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ts 94.5
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Optimally W eighted Regression 
EVM

93
70600 10 20 30 40 50 10080 90

Run num ber

Figure 4.9: Comparison of estimated efficiency using optimal weightings and 

an EVM (strip chart of 100 runs)

The sam e 1000 sets of random data, centred around a nominal point w ere used to  
identify the  vaporisation efficiency by regression (NLP) using optimal weightings 
which account for the errors on the independent model variables. The graph show s 
that the  estim ates coincide. Only the first 100 runs are  shown here for clarity 
purposes.

The uncertainty on the estimated mean and standard deviation of the vaporisation efficiency 

was estimated by running 1000 simulations of 1000 runs each, using the linearised models
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which are orders of magnitude faster to solve than the NLP’s. The results obtained were an 

average mean of 95.003 ± 0.026 and an average standard deviation of 0.754 ± 0.017.

4.5.5 Conclusion

This case study has shown that different identification methods not only yield different 

vaporisation efficiency estimates but affect the accuracy of the estimates, expressed in terms of 

standard deviations. There is therefore scope to use well designed identification methods.

The estimates obtained by regression and those obtained using the EVM were compared.

The estimation methods based on linearised versions of the process model have been 

implemented and compared to the efficiency estimates obtained using the non-linear models and 

optimisation based techniques. For this model the two methods yielded identical results.

Chapter 5 will show how the uncertainty of parameter estimates can be calculated for linear 

models, without running Monte Carlo simulations.

The following case study illustrates how a rigorous parameter estimation procedure which 

replicates the plant performance analysis procedure used by the industrial partner was 

implemented. The case used was presented in Chapter 3.

4.6 Case study: Crude distillation unit

4.6.1 Introduction

This section considers the refinery crude unit case study presented in Chapter 3. It implements 

a least squares estimation using the HYSIM crude unit model and ensures that all other steps of 

the estimation procedure are kept as closely as possible to the estimation procedure used by the 

industrial partner during test runs. Consequently, the sole difference between what is presented 

here and what is carried out in a test run is the parameter estimation method, which in this 

work has been based on the calculation of a least squares function.

The code developed for this work was written in HCL, the HYSIM calculator language 

(HYSIM user’s guide, 1994), and extracts the variables required for the calculation of the least
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squares objective function. It then graphs the least squares estimate over a range of parameter 

values.

4.6.2 Review of parameter estimation at the refinery

For this particular case study, the industrial partner estimated plant performance in the 

following way (refer to HYSIM crude model shown in Figure 3.3):

• Plant data was fed to the model until all remaining variables of the model could be 

calculated.

• The definition of the set of independent and dependent model variables was thus fixed.

• Crude feed was determined by a backblend of several streams obtained from test run data.

• The model was identified by adjusting the performance parameter in order to match model 

dependent variables to the process data. The fitting was achieved by inspection. That is, an 

experienced process engineer balanced the discrepancies between the calculated and 

measured outputs using engineering judgement. The subset of variables used in practice for 

comparison is shown in Appendix 2.

When the analysis of plant performance is carried out, the measurements and corresponding 

model values are listed in a spreadsheet to compare the model values to a set of process 

measurements. Several model outputs are listed as a function of the value of the parameter to 

be estimated, and the best parameter value is obtained by inspection. Table A.2 in Appendix 2 

shows the typical format of a table used to compare a model to refinery data. Operating values 

were omitted for confidentiality reasons.

4.6.3 Algorithms for parameter estimation in HYSIM

The identification procedure used by the industrial partner to estimate the stage efficiency for 

this particular case study must be formalised so that the accuracy of the stage efficiency can be 

related to the estimated accuracy of the process measurements.

The HYSIM process model of the crude distillation unit can be expressed as:

y = /(* .p )

The parameter estimation problem is an optimisation problem which can be solved in a number 

of ways. In this case study, a series of practical aspects determined the method to be used.
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It should first be reiterated that a constraint in this work was to use the simulation software 

used in the performance analysis. The process simulation package programming language does 

not allow flexible retrieval of calculated process values for further calculations and is also an 

interpreted language and is thus comparatively slow.

Secondly, convergence tolerance was an important practical constraint. If an independent 

variable in the model is ramped smoothly, the simulated output values calculated by the 

software are ‘stepped’ functions. This was partially improved by increasing the simulation 

tolerance, however the problem could not be eradicated. The least squares calculation, based on 

a large number of variables, yielded a non-smooth objective function. Therefore attempts to 

code optimisation routines which were tested successfully on a simpler three component 

distillation model, failed when implemented on the industrial model.

The practical considerations made the graphical determination of the parameter value the most 

suitable method. The other method which was used successfully was based on a linearisation of 

the process model.

4.6.4 Parameter estimation for the crude distillation model

The vector of variables used by the industrial partner for comparing the model to the plant data 

at the refinery was used to calculate a weighted sum of squares. Weightings representative of 

the errors which may be expected on the measurements were used. The stage efficiency was 

estimated by enumeration over a range of values and calculation of the corresponding weighted 

sum of squares.

The parameter estimation problem solved was the following regression:

m i n X 2 ( y , r )

s.t. y = / ( x + , if)

where x+ are the input process measurements and y+ is the vector output measurements. All 

process measurements used in the identification are shown in Table A.2.

The value of the least squares fit was plotted against the efficiency of the 25th tray in the 

column (see Figure 3.4) and the efficiency was estimated by determining the value which 

minimised the fit, extrapolating where necessary. The following figure is an example plot of the 

weighted least squares fit as a function of the efficiency. The figure shows that for a particular 

value of the efficiency (around 0.35) the weighted sum of squares is minimised.
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Figure 4.10: Plot of the weighted sum of squares calculated using plant data 

and the test run model

The weighted sum  of squares of differences between model outputs and corresponding 
process m easurem ents is calculated and plotted over a range of param eter values.
The curve minimum offers a visual m eans of estim ating th e  value of the  perform ance 
param eter which is built in to the HYSIM model.

Based on a linearised CDU model, the efficiency was estimated using the analytical expression

developed for regression in section 4.4.2 and the estimated efficiency found was equal to 0.33.

4.6.5 C onclusions

A rigorous identification procedure has been implemented with HYSIM, the simulation tool 

used for test runs by the industrial partner. This was a necessary step to work around the fact 

that parameter estimation is not always implemented using a least squares method.

The performance estimate obtained using this method was consistent with the estimate obtained 

by process engineers at the research centre by basing the estimation of the efficiency on 

experience and judgement.
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4.7 Conclusions

In this chapter:

• Different parameter estimation procedures were introduced.

• The estimation procedure used in the industrial case study was identified.

• The differences between EVM and regression were presented.

• Identification using regression for process models makes the assumption that process data 

used as the independent model variables is error free. If this assumption is not verified, there 

is an impact on the estimated parameters. This chapter has shown through a case study how 

regression compares to EVM in these cases.

• Different parameter estimation methods yield different levels of confidence (different 

accuracies) of the parameter estimate.

Of crucial importance to this work is the fact that modular simulators are used in the industrial 

case studied and that therefore, the parameters are estimated by regression. It is necessary to 

replicate the estimation procedure used in test runs in order to implement the next two steps of 

the methodology: to evaluate the contribution of process data to performance estimates and to 

implement a cost-benefit analysis of refinery process data.
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5. CONTRIBUTION OF PROCESS DATA AND 

DEFINITION OF AN OBJECTIVE FUNCTION

5.1 Introduction

The objective of this chapter is to address the second part of the methodology presented in this 

thesis, that is to determine the contribution of process data to performance estimates. In order 

to implement a cost-benefit analysis of process data it is necessary to estimate the benefits of 

improved process data. That is:

• Determine how process measurement accuracy affects the accuracy of the estimated 

parameters.

• Develop an objective function which quantifies the benefits of increased process data 

accuracy.

• Use the objective function to compare various measurement structures for the optimisation 

problem developed in Chapter 6 and rank process measurements on a cost-benefit basis.

This chapter firstly presents different objective functions which can be used to compare 

measurement structures. These objective functions have been used primarily in the sensor 

network design literature and data reconciliation literature. A number of mathematical 

expressions which can be used such as accuracy and reliability, are presented briefly. The 

chapter will then focus on parameter accuracy as the objective function of choice for
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comparing different measurement structures. Parameter accuracy will be defined as the 

standard deviation of the estimated parameter, assuming normally distributed errors.

This chapter presents methods from the literature which can be used to calculate the standard 

deviation of estimated parameters and extends them to estimate the accuracy of performance 

parameters calculated using the PPA procedure used by the industrial partner described in 

Chapter 4.

In mathematical terms, the estimate of the performance parameter p depends on independent 

and on dependent variable measurements and therefore:

p = 0 ( x \ y +) (5.1)

where <j) is the mapping from the process measurements (x+,y+) to the parameter estimates, and 

represents the PPA procedure.

The goal of this chapter is to quantify:

The expression obtained must be valid for the PPA implemented by the industrial partner. The 

error propagation function <f> ’ should therefore model the tasks used in the PPA such as, for 

example, the estimation procedure used in practice.

5.2 Review of current methods

5.2.1 O bjective functions

Different objective functions are used in the literature in order to compare and optimise 

measurement structures. Reliability and accuracy of estimated variables are the two principal 

objective functions used in the sensor network design literature. In literature on the design of 

on-line optimisers (Krishan et al., 1992; de Hennin, 1994) what is more important is the effect 

of the measurement structure on the accuracy of the calculated set points (via the optimiser’s 

parameter update).

Reliability of a measurement is the probability that the sensors will not fail. Reliability of 

estimation of a process variable is the probability that the estimation of the process variables
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will not fail. This definition was introduced by Ali and Narasimhan (1993) as an objective 

function for the design of sensor networks. Two definitions of reliability for a sensor network 

exist: the system reliability, which is the product of the reliabilities of all variables and the 

minimum reliability which is the reliability of the least reliable estimated variable (Sen et al., 

1998). The notion of reliability is not applicable to PPA because it overlooks the main issue in 

PPA, which is to obtain accurate parameter estimates. It is unlikely in practice to not be able to 

estimate the performance parameter at all due to measurement failure.

Accuracy of a measurement is defined as the degree of conformity with a standard or true value 

(Grubbs, 1973). Accuracy includes the precision of the measurement (the standard deviation of 

the measurement error for a calibrated measurement) as well as the systematic error or biases. 

Accuracy and precision are equivalent in the absence of systematic errors or biases 

(Bagajewicz, 1997) a feature which also conforms with the definition of Grubbs (1973).

In order to account for the accuracy of several estimated variables, Kretsovalis and Mah 

(1987) define the accuracy of the measurement structure as the trace of the covariance matrix 

of the estimates. This is equivalent to the expected value of the sum of squared errors between 

the estimates and their true values. This objective function is also used by Sen et al. (1998) to 

design optimal sensor networks.

A number of objective functions are also described by Madron (1992):

• volume of the estimated parameter confidence region

• sum of the variances of the estimates

• weighted sum of variances

• maximum variance

Confidence intervals can also be used. Assuming that estimates of a scalar variable y are 

normally distributed with standard deviation <ry, the (1-a) confidence interval of the secondary 

quantity y is defined around its mean juy and is:

where ui.o/2 is the 100(1-a/2) percent quantile of the normal distribution of zero mean and unit 

standard deviation. For a vectorial quantity y, a ‘volume’ is defined, in which the estimate is 

contained with a certain probability. The vector of errors on y, e, is contained in the following 

ellipse (Madron, 1992) to a probability (1-a):
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eTS-'e = z i M

where n is the degrees of freedom (in this case n is the dimension of y), Sy is the covariance 

matrix of the dependent variables y and is the chi-square distribution.

Overall, much of the data reconciliation and sensor network design literature (Crowe, 1994; 

Kretsovalis and Mah, 1987; Sen et al., 1998) uses a single standard deviation to describe the 

measurement error. This work uses the same terminology and the term accuracy is used for the 

standard deviation of measurements and of estimated parameters, thus assuming that 

measurements do not contain gross errors or biases or that these have been eliminated.

This definition of accuracy will be used in this work as the objective function of choice. The 

objective is to maximise parameter accuracy by the optimal selection of measurement 

structures.

Estimated standard deviation can be calculated using two methods. Firstly, techniques shown 

for example in Madron (1992) which consider error propagation from independent to dependent 

variables of an ‘explicit’ function are presented. Secondly, the least squares development used 

for example by de Hennin (1994) is presented.

5.2.2 Propagation o f random errors

This section presents expressions for estimating the propagation of random errors which can be 

used to relate measurement errors to errors in performance estimates. These expressions apply 

to dependent variables expressed in terms of the independent variables of the model. That is, 

they assume that there is a distinction between the independent and the dependent model 

variables.

Consider a system of linear equations or a modular process simulator, expressed in the form:

y = / ( * )  (5.2)

equivalently expressed:

1/•"SE
*■—>
X>

r

i

y f = / , ( *

j n .
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For/  linear and for uncorrelated primary quantity errors, i.e. independent of £j for all i, j:

a y, = <5-3)
j

If f  is not linear, the coefficients dp of the function can be approximated using

= ^  = # : (» )
9 ck j  3 c t

Equation 5.3 can be used as an objective function provided the performance parameters can be 

expressed in terms of plant measurements as in Equation 5.1. When the parameters are 

independent variables of the model, this method cannot be applied directly. The following 

section shows how the problem can be solved to deal with this case.

5.2.3 Linear least squares

The least squares is a common method for estimating unmeasured parameters p, independent 

variables of the following linear model (y and p are deviation variables):

y  = J p

For this form of linear model it was shown in Chapter 4 that the estimate of the parameters in 

terms of measurements y+ is:

p  = c / v r v v

It can be shown that (proof available in Sorenson, 1980 and de Hennin, 1994 for example) 

the covariance matrix of the least squares estimate p is:

■Sf,=(fjy'f sy

where Sy is the covariance matrix of the measurement errors.

If a weighting matrix W is used, the least squares solution is:

s. = (fw-'jffw-' i

In this case W  is used to emphasise (or de-emphasise) the influence of specific measurements 

upon the estimate p . The covariance of the parameter estimates can be calculated using the 

following expression (Sorenson, 1980; de Hennin, 1994):
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Sp = ( f  W '1 Sy W  ' J ( f  W-'J)-1

The minimum covariance matrix results when the weighting matrix is set equal to the 

measurement covariance matrix, Sy. Conceptually, increasing the weighting on the most 

accurate measurements, yields better parameter estimates. One then obtains:

The above equation calculates covariance of parameter estimates in terms of plant 

measurements. This equation can be used to quantify the effect of measurement accuracy, 

described by covariance matrix Sy, on the accuracy of parameter estimates. Note that when the 

errors on y+ are randomly distributed, the joint distribution of errors on vector p can be 

described by an ellipsoid. This work uses the standard deviation of the estimates rather than 

confidence intervals (Madron, 1992; Caulcutt, 1989), and focuses on cases where p is scalar.

5.2.4 Discussion

The aim of this discussion is to evaluate the extent to which the literature methods address the 

requirements of this thesis.

Two methods have been presented to calculate the standard deviation of an estimated 

parameter. The first method based on error propagation, uses a linearisation o f  the parameter 

with respect to the process measurements. The second based on the linear least squares, 

assumes a linearisation o f  the process model Both methods provide insight to calculate the 

standard deviation of performance parameter, however neither are adequate for the case faced.

The method presented in section 5.2.2 does not account for the fact that the performance 

parameters cannot be expressed in terms of the process measurements (as in Equation 5.1). 

Furthermore, in the models used by the industrial partner, there is a distinction between the 

independent and the dependent model variable measurements and these measurements 

contribute differently to the inaccuracies of the parameter estimates.

The development based on the least squares (presented in section 5.2.3) is inadequate because 

it has been written assuming that all independent variables of the model (p) are unmeasured. 

This does not hold in the practical case faced. Note that the equations presented in section 5.2.3 

are also valid for cases where a number of independent variables are measured (i.e. when p and
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y have variables in common), however in that case, the estimates of p would be errors in 

variables estimates instead of regressions.

In conclusion, extensions to the theory presented are required so that it can be used for the 

practical case faced. The following section adapts the methods found in the literature to suit the 

industrial problem.

5.3 Theoretical extensions: Application to industrial parameter 
estimation procedures

The purpose of this section is to adapt the methods presented in the previous section and to 

apply them to the industrial case. The methods developed calculate the sensitivity of parameter 

estimates to both dependent and independent variable measurements.

Mathematically, test run models used by the industrial partner can be expressed as an input- 

output model:

y = /(* .p )

in which the model parameters are estimated by regression (Britt and Lueke, 1973). The goal is 

to adapt the methods obtained from the literature to estimate:

p =<K*+.y+)

in the presence of errors on both the independent variable measurements x+ and y+.

Three methods are developed in the following sections: the first one uses a linearisation of the 

parameter with respect to the process measurements and requires recursively solving an NLP to 

estimate the performance parameter. The second method uses a linear model to estimate the 

performance parameter but uses the full non-linear model to calculate the dependent variable 

values from the independent variables. The third method is based on a linearisation of the full 

process model. All three methodologies account for the fact that the procedure used at the plant 

for performance parameter estimation is a regression, and assume that the identification can be 

modelled using least squares estimation.
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5.3.1 Linearisation of the parameter estimate: Recursive solution of an NLP

In this section, error propagation is used to determine the sensitivity of the accuracy of 

performance parameter estimates to the accuracy of process measurements. Let <f> denote the 

PPA procedure, which maps process measurements onto a scalar parameter estimate:

P  = ^ (* +,y+)

Weighted least squares is used here to model the industrial PPA procedure, 0. The standard 

deviation of the parameter estimate depends on the standard deviation of the input and output 

measurements and can be approximated as:

'  y W i )  ‘ -

&
7 \& * .

<J2+yt

or,

al*'La2ja%+'Lb?alt ( 5 - 4 )

j »

Both the independent and the dependent process measurements contribute to the performance 

estimate. The estimates of the parameters at and 6, are the sensitivities of the parameter 

estimates to the process measurements.

It is therefore necessary to:

• calculate the sensitivity of p  to the independent variable measurements x+, that is determine 

a}={d p  /dx/).

• calculate the sensitivity of p  to the dependent variable measurements y+, that is determine 

bi = ( d p / t y +).

Step 1: Evaluate Oj = (dp  /d x / ) : Solution o f  an NLP

The estimated performance parameter p  is not an explicit function of the independent variable 

measurements x+, but once an estimate of fit is used, it is possible to estimate (d p  /dx /)  by 

finite difference:

• Start with the model at its nominal point (x0, yo, Po)-
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• Vary the model independent variable in the vicinity of the nominal point: x+ = xo + 

Ax/, and y = y0.

• Estimate the corresponding parameter estimate p  in the least squares sense, and 

calculate A p  which requires solving

P

such that (Problem 5.1)

y = / ( * »

• Calculate a; = (A p  /Ax/).

• Repeat this procedure for every measured independent variable of the model.

Step 2: Evaluate bt = (dp  ldyt+)\ Solution o f  an NLP

bi can also be calculated by finite difference, based on perturbations of the dependent variable 

measurements and re-identification of the parameters through the use of a least squares 

procedure. This method also requires the solution of an NLP, which in practice can be solved 

by enumeration. The formulation is the same as for calculating aJt and the same optimisation 

problem as Problem 5.1 is solved at each step.

Step 3: use aj and bt in Equation 5.4 to estimate the accuracy of the estimated parameter:

P  J x j L - i  '  y ,
j  i

A practical alternative to the finite difference method, is to vary the process measurements x /  

and y /  over a range of values, to estimate corresponding values for p  and fit the resulting 

p  (x/) and p  (y,+) curves to obtain the sensitivity coefficients. This method was preferable 

when HYSIM is used, where issues such as the accuracy of the model convergence and the size 

of the intervals Ax and Ay need to be dealt with.

The method presented in this section is based on linearising the parameter with respect to the 

process measurements. It has been adapted to regressed models and requires multiple 

parameter estimations in order to obtain the sensitivity of the parameter to both independent

122



Contribution o f  Process Data and Definition o f  an Objective Function Chapter 5

and dependent variable measurements. In the following section in order to avoid solving an 

NLP at each step, the method is coupled with a partial linearisation of the process model.

Section 5.3.3 will then show that it is possible to base the entire calculation of the accuracy of 

the estimated parameter on the process linearisation.

5.3.2 Partial linearisation of the process model and linear least squares

In this section the sensitivities of the parameter to the process measurements are calculated 

assuming:

• a linear model for the estimation,

• the non-linear model to calculate the dependent model variables from a set of 

independent variables.

The benefit of this method is that it does not require obtaining a full linearisation of the process 

model as it is assumed that the non-linear process model y = / (x,p) is partially linearised at a 

nominal point (x0, yo. Po)- That is, the model outputs y are linearised with respect to the 

parameter p using inputs x set equal to initial values x0, equal to an initial vector of process 

measurements x0+. The resulting model has the following form:

y  =J{ p  -  p o ) + / r O O  (5  5 )

where the first term is the linearised model, and the second term, f pi is the non-linear 

simulation model (HYSIM for example) which calculates outputs y from inputs x at a fixed 

value of p = po. The estimate of p regressed against the dependent variable measurements y \

assuming independent measurement errors and a weighting matrix W, is (see 4.4.2):

P = P„ + ( J tW - 'J ) - 'J tW -'[y* - / „ ( * * ) ]  (5.6)

where x+ and y+ are process measurements used to estimate the parameter p . Equation 5.6 can 

be used as follows to estimate the parameters aj and 6, when the estimated parameter is a 

scalar:

Step 1. Evaluate (dp  /daj) by finite difference:

• Start with the model at the nominal point (x0, yo, Po)
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• For a suitable Ax/ = [0 ... Ax/... 0]T, let: x+ = x0 + Ax/, and y+ = y0 and using 

(5.6), calculate:

P = P„ + {JtW-'J)-'j tW - \ y .  -  / p( x 0 +  AxJ )]

thus:

Ap =  y 0 - / p(x„ +  A xJ)]

Ifp  = po, after Equation 5.5, J[x + Ax/) = y0 + Ay and therefore:

6 p  = ( j TW - ' j ) ~ ' j TW -'[ - t ,y ]

where Ay is calculated using the full non-linear process model.

• Calculate a, = (A p  /Ax/)

Step 2. Evaluate (dp/dy?) analytically, based on the partially linearised process (5.6):

f

yk and do not depend on y / ,  and therefore after developing the matrix products (assuming 

W  is diagonal matrix of cxy):

# 1 -
r \ 2~-1 r (  \ \

Z
k

d

4 /
z

k k

J k
y ;

J

Therefore the sensitivity bh can be calculated analytically:

b.=
ytJ

-1
'  J . '

\ a » J

If bj is then replaced in 5.4:
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S j „

\ a ykj

-2 (  r
A i

f j *

« \ G ViJ

Finally,

*  V f l y V 2* + ------- —  2
P  L - i  J x*  s  ^ 2

4 41 \  y ] J

(5.7)

Using this method, the sensitivity ctj of the estimated parameter to the independent model 

variables can be calculated without requiring a full process linearisation. It is also not 

necessary to use an NLP solver for solving the parameter estimation problem. There is no need 

to calculate the sensitivities bt for each dependent variable measurement value, as it is sufficient 

to obtain the coefficients Jt. Calculating ’s is computationally less demanding than calculating 

the coefficients 6, because it is no longer necessary to solve an NLP to obtain the sensitivity of 

p  to y*.

The next section shows how a full linearisation of the process model can be used to estimate 

the standard deviation of a regressed parameter p  in the presence of independent variable 

measurement errors.

5.3.3 Linearisation of the process model and linear least squares

The purpose of this section is to calculate S’- when p is estimated by regression and when

both independent and dependent variable measurements contain measurement errors. For this, 

assume a linearised process model of the form:

y-y0 = A:(x-Xo)+J(p-po)

where x represents model independent variables which are set equal to x+, the corresponding 

measurement, x0 is the nominal value of x, set equal to x0+ (base case test run measurement) 

and at the nominal point, p equals p0.

Then (section 4.4.2) the p which minimises the errors between y+ and y is:
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p = p„ + ( j TW - ' j y ' j rW - '( y * - y 0 - K ( x * - x 0)) (5.8)

Sp , the standard deviation of the estimated parameter is calculated as follows, using a proof by

analogy to results found in the literature. Alternative proofs (Methods 2 and 3) are presented in 

Appendix 3.

Method 1: Proof by Analogy:

For a process model (where y and p are deviation variables):

y  = J p

the vector of parameter estimates is (as shown in section 4.2.4):

p =  ( /  W ' j y ' f  W l y* 

and the covariance matrix of the parameter estimates Sp is:

Sp = (j t w A j y  j Tw As yw Aj ( j T w A j y

where Sy is the diagonal covariance matrix of the measurement errors of the dependent model 

variables y.

Therefore, by analogy, the variance matrix for the parameter estimate expressed in equation 

5.8:

s. = (j t w A j y  j Tw-'s(y_Kl)w- ' j ( jT w A j y

where

V k o  = cov(y -  Kx)

= cov(y) + K  cov(x)KT 

= Sy + K S xK T

whence,

Sp = (j t w A j y  j Tw A(sy + k s ik t)w aj (j t w A j y  (5.9)

This yields an analytical expression of the standard deviation of the parameter estimate for a 

regressed model in the presence of independent measurement errors. It relies on a linearisation 

of the process model.
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It will be shown later that a significant advantage of this method over the expressions presented 

in sections 5.3.1 and 5.3.2 is that it can be used for different measurement structures.

5.3.4 Conclusions

• This section has presented two methods adapted from the literature which can be used to 

calculate the sensitivities of the estimated parameters to the process measurements 

(Calculation of ctj and bt in sections 5.3.1 and 5.3.2).

• The standard deviation of the estimated parameters calculated using equations 5.4, 5.7 and 

5.9 can be used as an objective function to quantify the benefits obtained from increased 

measurement accuracy.

The following two sections illustrate applications of the methods which have been presented.

5.4 illustrative example 1: Flash distillation

This section calculates the sensitivities of the separation efficiency to simulated process data 

for the flash distillation case study and estimates the standard deviation of the estimated 

efficiency using the recursive NLP method presented in section 5.3.1. In this section it is 

assumed that the temperature measurement was error free.

5.4.4 Im plem entation

The flash distillation process (section 3.4) takes a three component stream with flow rate F and 

compositions cz and flashes it at pressure P, temperature T  and efficiency rj. This yields two 

streams V and L  of compositions cy and cx respectively. The simulation is an input-output 

model:

[ v  cy L  c , f = / ™ " ( [ F  cz P

where V and L are respectively the vapour and liquid flow rates exiting the flash distillation, 

and the compositions of the respective streams are cy and cx. Estimating the flash efficiency rj 

involves solving the following parameter estimation problem by regression (Problem 5.1, 

section 5.3.1):
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m in Z 2( jy  cy L  cx]r,[F* c; L* c ]̂rj

such that (Problem 5.2)

[ v  c y L  c„f = / « " ( [ F  c z P  l f , V)

Let (/> represent the parameter estimation problem (Problem 5.2). The estimated efficiency tj 

is thus a function <j> of the process measurements:

c* p* r f t y *  c ; l * c ; f )

This case study determines the sensitivities of estimates of tj to each measurement of the

independent and dependent variable vectors x+ and y+ ([F cz P T\t and [V cy L  cx]r

respectively). The sensitivities are used to determine which process measurements contribute 

most to errors in tj and to calculate the standard deviation of tj, ct~ using the following

equation (Equation 5.4):

crl »  V  tf.cr2. + J 'b ? c r 2+
P  J x*j Zm J ’ y t

J »

The sensitivities are obtained as in section 5.3.1 by solving the parameter estimation problem 

5.2 recursively. The problem is solved over a range of measurements around the nominal point 

to obtain a value for rj at each perturbation, in order to obtain all the sensitivities ( (drj/dV *),

(<drj/dF*) etc.). Identification was implemented using the built-in NLP optimisation algorithms

in MATLAB.

5.4.5 Results

The following table (Table 5.1) shows the values of the sensitivities. It lists both the values of 

the sensitivities (aj) of the performance parameter estimate ( tj ) to the independent variable 

measurements and the sensitivities (b,) to the dependent variable measurements.

Note that for this particular model, the independent variable measurements contribute more to 

the parameter errors than the dependent variable measurements. The percentage contribution of 

the independent variables to the final standard deviation accounts for 99% of the total standard 

deviation of the estimated efficiency, cr* = 0.515.
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T able 5.1: S ensitiv ity  co e ffic ie n ts  o f p a ra m e te r  e s tim a te  r\, to  th e  p ro c e s s  

m e a su re m e n ts

V ariable S ensitiv ity  

aj o r bi

a C on tribu tion P e rc e n t
b a s is

F 0.0003 1 1.04 1 0 ' 0.0

In d ep en d en t Zi -31.4 0.01 0.0986 37.2

V ariab les Z2 24.1 0.01 0.0578 21.8

Z3 -19.2 0.01 0.0369 13.9

P 0.0264 10 0.0696 26.3

V 0.0315 1 0.0010 0.4

yi -0.286 0.01 8.20 10*° 0.0

D ependen t Yt 0.340 0.01 1.15 10° 0.0

V ariab les ya -0.245 0.01 6.02 W° 0.0

L -0.032 1 0.0010 0.4

X1 -0.333 0.01 1.11 10° 0.0

x2 0.263 0.01 6.93 10* 0.0

x3 -0.352 0.01 1.24 10° 0.0

E stim ated  accu racy : ) (eq . 5.4) 0.515

The sensitivities shown in this table assu m e that the param eters are  determ ined by 
regression. That is, model independent variables are se t equal to  the  plant p resen t 
values and the perform ance param eter is adjusted to minimise a sum  of sq u ares  of 
differences between the dependent model variables and corresponding m easurem ents.
Note that in this model, errors on tem perature m easurem ents w ere assu m ed  to  be 
equal to zero.

The contribution of the dependent variable measurements to <7* is small in this case, because

the model approximates the dependent variable measurements whereas the independent 

variables are set equal to the independent variable measurements. When a dependent variable 

measurement deviates from the nominal point, it does not change all remaining dependent 

measurements. When an independent variable deviates from the nominal point, all dependent 

variables which are sensitive to the independent variable are changed. Since the parameter tj is 

estimated by minimising model errors in the dependent variables it is thus more sensitive in the 

latter case when many dependent variables may change.

5.4.6 Discussion and conclusion

It is important to note that each parameter estimation procedure would yield different 

sensitivity coefficients of contribution of data to the estimated performance parameters. Here, 

the contributions of data to performance estimates have been calculated for the specific case of
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regression, the estimation procedure implemented by the industrial partner. The relative 

importance of one measurement with respect to another will depend on the estimation method 

used. This underlines once again, the importance of capturing the estimation procedure used in 

practice on site, in order to obtain useful results.

This brief application has demonstrated how the equations developed in section 5.3.1 can be 

implemented in practice with sequential modular models, where the parameters to be estimated 

are independent variables of the model and furthermore, where the estimation method used is 

regression.

The following section applies results from this chapter to the industrial case study introduced in 

Chapter 3.

5.5 Illustrative example 2: Crude distillation unit

This section extends the findings of section 5.3.1 to the problem of unestimated parameters. 

Here the practical challenge is to determine the sensitivity of an estimated parameter to 

unestimated parameters. The purpose of this case study is to determine the sensitivity of the 

stripping efficiency to an unestimated tray efficiency parameter in the industrial model.

5.5.4 Im plem entation

The case studied is the crude distillation unit introduced in Chapter 3. The industrial objective 

for the performance analysis was to estimate the column stripping efficiency. This section 

illustrates how the sensitivity of the estimated stripping efficiency to an unmeasured, 

unestimated individual tray efficiency was obtained. The sensitivity is calculated using the 

finite difference method presented in section 5.3.1 which requires using a least squares method. 

The least squares method for this model was described in section 4.6. As explained in section

4.6.2, Appendix 2 shows the set of process measurements which were used to calculate the 

least squares objective function.

The overall column stripping efficiency is defined as the quotient of the total number of 

theoretical trays in the stripping section of the column and the number of actual trays in place 

in the same section of the column. The test run model was built with two theoretical plates 

(plates 25 and 26 of Figure 5.1). On the actual plant there are more than 2 trays in this section. 

Therefore the stripping efficiency in this case is the sum of the theoretical trays on tray 25 and
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26 divided by the number of actual trays in the column. In the industrial test run model, tray 26 

was estimated by adjusting only the efficiency of tray 26 and minimising the discrepancies 

between model predictions and process measurements while the efficiency of tray 25 was left at 

a nominal value of 100%.

— cdu_vap 24

— c d u _ i  i q 2 5
Stripping
Zone

2 6
bas9_st©am

cdu_at  r e s

Figure 5.1: Estimation of the stripping efficiency for the analysis 

of plant performance

The objective of the perform ance analysis is to estim ate the stripping 
efficiency. The efficiency is the quotient of the  total num ber of 
theoretical trays found below the  feed stream  and the num ber of actual 
trays in tha t section of the column. For plant perform ance purposes, 
the stripping efficiency is estim ated by determining the efficiency of 
tray num ber 26. Tray 25 w as left at the  nominal value of 100%, i.e. one 
theoretical tray. This sensitivity analysis determ ines the sensitivity of 
the estim ate of tray 26 as  a function of the  value given to tray 25.

The objective is to determine die sensitivity of the estimated efficiency of tray 26 to the

unestimated efficiency of tray 25. This was obtained by re-identifying the efficiency of tray 26

for several values of the tray efficiency of tray 25.

For practical reasons explained in section 4.6.2 the estimation was implemented in HYSIM by 

enumeration and interpolation of the least squares objective function. The step nature of the 

objective function (Figure 5.2) is a direct consequence of the dependent model values calculated 

by HYSIM being stepped due to convergence errors. Increasing the tolerance values on the 

process simulator 100 fold did not reduce this effect.

The results o f the enumeration are shown in Figure 5.2. The enumeration yields a series of 

curves. The position of the minimum of each curve, identifies the efficiency of tray 26. The 

curves were interpolated using quadratics and each curve minimum was determined 

analytically. Each minimum is plotted on Figure 5.3.

For example, curve (4) on Figure 5.2 was obtained for a constant value of the unestimated 

efficiency of tray 25 equal to 0.8 theoretical trays. This curve has a minimum for an efficiency 

of tray 26 equal to 0.62 (after interpolation). This point is then plotted on Figure 5.3.
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Figure 5.2: Graphical method for sensitivity analysis

The sum  of squares w as calculated over the  range of perform ance 
param eter values for several unestim ated param eter values. The least 
squares calculation is not sm ooth due to stepped  nature of the  
variables calculated by the simulation software. The least squares 
estim ate w as obtained by interpolating each curve with a quadratic, for 
which the R2 w as generally good (R2 values ranging from 0.96 to 1).

5.5.5 R esults

Figure 5.3 shows that the value of the unestimated parameter significantly affects the least 

squares estimate of the estimated efficiency of tray 26. As the input value of the efficiency of 

tray 25 increases from a default value of 0.6 to 1, the estimate of the efficiency of tray 26 

decreases.
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Figure 5.3: Sensitivity of estimated parameter 
(efficiency of tray 26) to the value of an 
unestimated model parameter (efficiency of 
tray 25)

The points w ere obtained by estim ating the 
efficiency of tray 26 for a range of values 
assigned  to tray 25.

Figure 5.4: Effect of the unestimated
parameter (efficiency of tray 25) on the overall 
stripping efficiency

Each point on the  graph has been calculated by 
re-identifying the model for different values of the 
unestim ated param eter (efficiency of tray 25). This 
plot show s that the  overall estim ated efficiency is 
not significantly affected by the  value of the 
unestim ated param eter.

The graphs presented in Figures 5.3 and 5.4 indicate that an attempt to simultaneously estimate 

tray 25 and tray 26 efficiencies would fail. They are not independently observable.

The key performance parameter which is being monitored, however, is the overall stripping 

efficiency (the sum of the efficiencies of tray 25 and 26 divided by the total number of trays 

physically installed in the column). Figure 5.4 is a plot of the overall stripping efficiency per 

theoretical tray over trays 25 and 26 as a function of the unestimated parameter. The plot 

shows that the overall stripping efficiency is not significantly affected by the value of the 

unestimated parameter. Indeed, the overall bottom of column efficiency per theoretical tray 

remains constant at approximately 0.7 theoretical trays.

There is therefore a high uncertainty in the estimate of any particular tray, however the average 

tray efficiency can be estimated more accurately. Indeed, the overall stripping efficiency is 

constant.

Finally, the sensitivity of the estimated parameter (efficiency of tray 26) to the unestimated 

independent model parameter (efficiency of tray 25) can be obtained from the slope of the 

graph on Figure 5.3 ((d p  2d  dp 25) = -1.18). The value is close to 1 so variations in the overall 

efficiency can in practice be ascribed to either tray equally. However, the sensitivity of the
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overall stripping efficiency to the unestimated efficiency of tray 25 is small (slope of Figure 5.4 

is nearly zero).

This analysis illustrates the necessity for process insight for estimating performance 

parameters. In this case the structural decision to leave one of the tray efficiencies at an 

unestimated nominal value was based on engineering knowledge. This decision proved to be 

valid.

5.5.6 Conclusions

This illustrative example has extended the assessment of parameter sensitivity to include 

sensitivity to unestimated parameters.

• In this example, the estimated efficiency of tray 26 was very sensitive to the unestimated 

efficiency of tray 25, therefore the two efficiencies are not independently observable.

• The estimate of the overall stripping efficiency was not sensitive to the unestimated 

efficiency of tray 26. The example thus validated the practical choice of the overall 

stripping efficiency as the key parameter.

• This illustrative example made use of an industrial process model. It showed that parameter 

sensitivity assessment is feasible in an industrial case. The analysis has been achieved while 

reproducing the estimation procedure used by the industrial partner and has made use of 

refinery process data.

5.6 Discussion

Sensitivity coefficients calculated as shown in the industrial case study can be used in Equation

5.4 to approximate the standard deviation of the estimated parameter. Several algorithms to 

automate the parameter search have been implemented and have performed well on smaller 

HYSIM models, however they fail on the full industrial model due to the least squares objective 

function not being smooth. A recommendation of the work is that a case be made to Hyprotech 

for automated parameter estimation routines. A possible line for future work is to develop 

better algorithms in the HCL language which perform despite the objective function not being 

smooth.
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Three methods have been presented to estimate the contribution of process data to performance 

measures. These are:

• Linearisation of the parameter estimate: Recursive solution of an NLP (section 5.3.1).

• Partial linearisation of the process model and linear least squares (section 5.3.2).

• Linearisation of the process model and linear least squares (section 5.3.3).

The methods have the following advantages and disadvantages.

The first method has the advantage of showing explicitly which process measurements 

contribute most to the error in the estimated parameter. If the standard deviation is expressed 

using Equation 5.4, then each term of the equation corresponds to the contribution of the 

corresponding measurement. The disadvantage of this method is that it requires an automated 

estimation tool (an NLP solver) to solve the parameter estimation problem with the non-linear 

model. In addition, the coefficients obtained from the sensitivity analysis are no longer valid if 

the measurement set changes. That is, if the analyst decides to remove a measurement from the 

set used to estimate the performance parameter, the coefficients can no longer be used to 

estimate the standard deviation of the estimated parameter.

If the second method is used (partial linearisation, Equation 5.5), the standard deviation is * 

calculated using Equation 5.7 and the contribution of the independent variable measurements is 

written explicitly. However, the contribution of the dependent variable measurements is lumped 

in the second term of equation 5.7. The advantage of this method is that Equation 5.7 does not 

require recalculation of the sensitivity coefficients bi if the measurement set changes.

When the process linearisation is used (Method 3, section 5.3.3), then it is not possible to see 

directly which process measurements contribute most to the accuracy of the estimated 

parameter. The advantage of this method however, is that Equation 5.9 is valid for any process 

measurement set. That is, if a dependent variable measurement is no longer used in the 

identification, corresponding rows of the matrices can be removed, and the resulting reduced 

equation remains valid. One disadvantage of this method is that linearisations may be difficult 

to obtain from certain commercial simulators. HYSYS (Hyprotech, Calgary) for example, is 

equipped with parameter estimation but process linearisation is not available (HYSYS 

reference, 1996).

It is important to consider the effect of unestimated parameters on the parameter estimates. De 

Hennin (1994) showed how unestimated parameters affect estimated parameters. This includes 

parameters such as thermodynamic parameters and unestimated parameters such as tray
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efficiencies or heat exchanger coefficients. This has been underlined in the case study where the 

effect of the unestimated efficiency of tray 25 on estimated tray 26 was found. Equation 5.4 

can be used to include the sensitivity of estimated model parameters to unestimated parameters.

5.7 Conclusions

In this chapter, the following has been achieved:

• Several objective functions have been reviewed. Standard deviation will be used to assess 

the accuracy of performance parameter estimates.

• Three methods to calculate the sensitivity of the parameter estimate to plant data have been 

described and compared. The methods distinguish between independent and dependent 

process data used in the model.

• In the first method (Section 5.3.1) the accuracy of the estimated performance parameters 

can be calculated using the sensitivity coefficients. This was illustrated using the flash 

distillation case study.

• An alternative approach (Section 5.3.2) uses a partly linearised model (Equation 5.6) to - 

calculate the accuracy of the estimated parameter (Equation 5.7). The approach can also be 

used to obtain the sensitivity of estimated parameters to process measurements.

• The accuracy of the performance estimate has also been calculated using a full linearisation 

of the process (Equation 5.9). This method allows an automated comparison of 

measurement structures.

The results presented in this chapter are significant because theoretical developments found in 

the literature either assumed that an errors in variable method is used, or that if regression is 

used, that the independent variable measurements are error-free. In practice, regression is 

frequently used despite errors in independent variable measurements. It is crucial to account for 

the error contribution of the independent variable measurements used in the model. The 

methods formulated in section 5.3 address this issue.
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6. OVERVIEW OF THE COST - BENEFIT 

ANALYSIS

6.1 Introduction

This chapter discusses the cost-benefit analysis of process data. Firstly the industrial partner’s 

objectives are reviewed and practical aspects of costs and benefits of process data are 

discussed. Several ways to approach a cost-benefit analysis of process data are presented.

At this point it is useful to return to the objectives set by the industrial partner which were to 

“rank measurements in terms of the cost-effectiveness of their contribution to key performance 

measures (performance parameter estimates)”. This requires addressing the following 

problems:

• Determine which process measurements contribute most to the estimate of performance 

parameters and rank measurements on a cost-benefit basis.

• Improve PPA procedures through a more efficient use of process data.

• Determine the benefits of increasing resources allocated to process measurements, that is 

relate the costs of improved process data to the benefits obtained from increased estimated 

parameter accuracy.
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The purpose of this chapter is to present methods which can be applied to rank process data on 

a cost-benefit basis, and to determine optimum process measurements structures which 

maximise the accuracy of the estimated performance parameters. Recall that the measurement 

structure defines both the set of measurements as well as the measurement options which are 

used in the PPA. A measurement structure can be changed by altering either measurement set, 

measurement options or both.

This chapter builds up to the method briefly introduced in Chapter 3 which showed that the 

cost-benefit analysis of process data can be formulated as a structural optimisation problem. It 

will show that it is more suitable to rank measurement structures on a cost-benefit basis rather 

than to rank individual process measurements. The method is applied to an illustrative case 

study.

6.2 Analysis of the industrial problem

6.2.1 Overview

Process measurements used in PPA have an associated cost. It is often significant, such as the 

case with test run data, where a number of non routine measurements are collected. The cost 

may also be negligible. For example, for measurements used for control purposes, the 

additional cost of retrieving a measurement stored in a distributed control system database is 

nearly nil.

Increasing resources allocated to process measurements can be used to increase the accuracy of 

the process measurements as well as to increase the number of variables measured. Both of 

these improvements benefit the PPA procedure by increasing the accuracy of the performance 

estimate. The cost of these improvements needs to be justified. Therefore, the cost-benefit 

analysis of process measurements assesses the trade-off between increased costs and increased 

benefits.

In the following sections, it is assumed that the accuracy of process measurements can be 

increased by increasing the spending on the process measurements and that the cost-accuracy 

data is available. In practice this data might be obtained by comparing cost-accuracy of 

individual sensors, for instance from a knowledge of purchase price and maintenance costs, or 

by comparing the cost of a crude assay to that associated with backblending the feed.
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The following two sections discuss concepts relevant to ranking process measurements on a 

cost-benefit basis and to quantify how the benefits of increasing resources to process 

measurements. The two methods are based on analysing the costs and benefits of individual 

measurements. A much preferable method which takes an integrated approach for improving 

the use of process measurements in PPA is shown in section 6.2.4.

6.2.2 Ranking process measurements on a cost-benefit basis

This section discusses the industrial objective to rank individual process data on a cost-benefit 

basis. That is, determine which process measurements currently being taken for PPA purposes 

are most beneficial, relative to their cost.

One method of ranking measurements is to assess each measurement individually and to 

compare it to other process measurements. The ratio of the measurement cost to its 

contribution to the accuracy of the estimated parameter is calculated for each measurement 

used in the analysis of plant performance.

If an EVM is used to estimate the parameters and the measurement set is redundant, then each 

measurement can be removed in turn, to calculate the effect on the covariance estimate of the 

parameter estimates S -. In the case a single parameter is estimated for example, the increase in

the standard deviation of the estimated parameter when a measurement is removed can be 

divided by the measurement cost and used as a metric for assessing the cost to benefit ratio of 

any measurement i.

A cp — increase in the standard deviation of the estimated parameter p  which 

results when measurement i is removed.

AC, = cost of measurement i, i.e. cost saved if measurement i is removed.

A (jp /AC, = assesses the cost to benefit ratio of a measurement i

For regressed input-output models where the input-output structure is fixed, the independent 

model measurements cannot be removed because the input-output model used requires values 

for all independent model variables. It is therefore not possible to quantify Act- in this way for

the input measurements. Since regressed models are the key focus of this work this simple 

method is not used.
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Moreover, simply ranking the process measurements from the most to the least cost effective 

on the basis of removing the process measurement altogether does not give an indication as to 

how the measurement structure should be altered. An improvement may be achieved if the least 

cost-effective measurement were removed. This procedure could then be repeated, several 

times, but the final solution reached would not guarantee an optimal solution.

6.2.3 Benefits o f increasing resources to process measurements

The goal of the industrial partner is not only to diagnose the process measurement structure but 

also to improve it according to different available options, or answer the following questions:

• How can the measurement structure be improved?

• What are the benefits of increasing resources allocated to process measurements used in 

PPA?

The second of these questions is easier to address than the first. In a case where the 

measurement set used for estimating the parameter is fixed, but that there are a number of 

measurement options available for each measurement, the objective is to determine which 

measured process variables should be allocated more resources, and to determine the benefits 

that this improvement would have.

For example the test run model and the spreadsheet links to the database may have already 

been developed. Then, the performance analyst may wish to increase the accuracy of the 

performance estimates by increasing the accuracy of selected test run measurements without 

altering the measurement set.

If an economic value is attached to increased accuracy of the parameter estimate, the principle 

of discounted cash flow return on investment (Horwitz, 1980) can be used to determine if  an 

investment in a process measurement should be carried out. The methodology is outlined 

briefly below and is referenced in Horwitz, 1980 and Peters and Timmerhaus (1991).

The principle of discounted cash flow requires estimating yearly economic cash flows CF„ for 

any year n which will result from an investment CF0 in a process measurement /.

Assuming an internal rate of return r, and given the initial investment in the process 

measurement CF0 (negative value), the net present value (NPV,) of the investment in a process 

measurement i is:
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NPVi = CF0 +

The above expression for the NPV can be used in two ways to decide whether or not the 

measurement project should be implemented. The first method is to fix n and, after calculating 

yearly cash flows (CFj to CF„), to calculate the internal rate of return r for which the NPV  is 

equal to zero. If the cash flows are constant, r can be solved for analytically. The project for 

which r is highest represents the most promising investment (Horwitz, 1980).

Alternatively, a business may have a benchmark value of r which is fixed. In this case, it is 

possible over the lifecycle of a given project to calculate the NPV  and implement the project if 

the NPV  is positive.

In cases where it is not possible to attach an economic value to the benefits of increased 

estimated parameter accuracy, the sensors can also be ranked in terms of the ‘best value’ 

reduction in standard deviation of the parameter estimate. For a sum invested, this involves 

finding which sensors would most reduce the standard deviation of the estimated performance 

parameter.

That is, assuming that cr-(C() is known, calculate do  -p /  dCi for each process measurement.

The quantity do  ̂  / dOt , expresses the benefits of allocating a unit resource to a process 

measurement i. This expression is used to rank process measurements for example in section

achieved by increasing resources allocated to a particular measurement and can be used to 

improve the measurement structure around the nominal measurement structure. This method is 

not suited however, for major improvements of the measurement structure, nor does it 

guarantee that an optimal measurement structure will be obtained. Thus it does not address the 

first question presented at the beginning of this section.

The methods discussed in this section and in section 6.2.2 assessed process measurements on 

an individual basis. They overlook the fact that measurements are part of a measurement 

structure, and that improving the benefits of process measurements requires improving the 

cost-effectiveness of the measurement structure as a whole rather than improving individual 

benefits. The cost-benefit analysis should therefore aim to maximise the benefits which can be 

obtained for a given total cost, by optimally allocating resources to the measurement structure 

as a whole.

6.3.2.

The ranking obtained based on this method is useful to assess the benefits which would be

141



Overview o f  the Cost-benefit Analysis Chapter 6

The following section proposes an integrated approach which applies the cost-benefit analysis 

to the measurement structure as a whole.

6.2.4 Integrated approach to a cost-benefit analysis o f process data

This section presents the formulation developed in this thesis to implement the cost-benefit 

analysis of refinery process data. This method addresses all goals presented at the beginning of 

this Chapter.

In order to determine a measurement policy which maximises estimated parameter accuracy for 

a given total cost allocated to process measurements, the following problem is solved:

m in t j -  such that ^ C ,  < (Problem 6.1)
7 I

where cr - is the estimated performance parameter accuracy, C, is the individual cost allocated

to a measurement i, and is the maximum total cost allocated to the measurement 

structure. To quantify the benefit of increasing resources allocated to measurements, the 

optimisation is solved over a range of values of C^4̂ .

The problem is thus set up in a similar manner to the sensor network design problem presented 

in Chapter 2 and which has been addressed by, for example Bagajewicz (1997) and Ali and 

Narasimhan (1993, 1995).

The degrees of freedom of the optimisation are the costs C, allocated to the individual process 

measurements /. Adjusting the costs allocated to measurements determines structural options 

such as:

• the accuracy of the individual measurements

• the set of process measurements used

The accuracy options and the set used define the measurement structure. The options may 

include issues such as the sensor technology to use for a certain measurement, the laboratory 

analysis method used to characterise a sample, the option to re-calibrate a sensor or not and the 

option to carry out a test run or not. Each of these options has an associated cost. This cost 

may be expressed in monetary terms but also in man hours. For example calibrating a flow 

meter may improve the accuracy of the measurement but it requires an operator going on-site 

to range check the meter.
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If the options available are chosen optimally, the accuracy of the estimated parameter can be 

maximised subject to a maximum allocated cost. The result of the optimisation yields an 

optimal allocation of costs to individual measurements.

The method fulfils the industrial objectives as it:

• Ranks measurement structures on a cost-benefit basis by comparing the current 

measurement structure to the most cost effective structure (determined by optimisation);

• Determines how the measurement structure can be improved by optimally allocating 

resources to process measurements;

• Yields an integrated cost-benefit analysis. That is, it quantifies how increasing resources 

allocated to the process measurement structure as a whole, can, if optimally allocated, 

improve the accuracy of performance estimates.

A number of assumptions and practical considerations determine the nature of the optimisation 

problem presented in this section (Problem 6.1). The following section presents different 

practical cases and requirements which yield different optimisation problems.

6.2.5 Im plem entation

The principal aspects to consider when implementing the cost-benefit analysis formulation 

presented in the previous section are:

• Continuous vs. discrete cost-accuracy data: It is assumed that the accuracy of the 

measurements, for both on-line sensor data and laboratory measurements, increases 

at an additional cost. This relationship can be assumed to be continuous, for 

example if the cost-accuracy options are fitted by a continuous function. More 

realistically, they can be assumed to be discrete.

• Fixed vs. variable measurement set: The set of variables measured and used to 

estimate the performance parameter may be fixed. This reduces the degrees of 

freedom available in the optimisation.

• New design or retrofit: The extent to which the set and accuracy of process 

measurements used for the analysis of plant performance may be altered. Is the 

measurement structure newly designed from first principles or is it adapted from 

current practice?
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A few combinations of these cases are outlined below.

Case 1 - Fixed measurement structure and continuous cost-accuracy data

When process variables can be measured in a number of ways, it is possible to optimise the 

accuracy with which process variables are measured without adjusting the set of measurements 

used in the optimisation.

For a fixed measurement set, the standard deviation of the performance parameter can be 

estimated using the following expression (presented in section 5.3.1) which is based on a direct 

linearisation of the estimated parameter with respect to the process measurements:

If the set of measurements used is fixed, the coefficients aj and bt are constant and ux and <jy 

depend on the sensor accuracies. If sensor accuracy is assumed to be a continuous function of 

sensor cost C„ the problem becomes a constrained non-linear programming problem (NLP). An 

example of this is presented in section 6.3.

Case 2 - Discrete measurement options, fixed measurement set

In reality, measurement options tend to be discrete choices. If discrete sensor cost-accuracy 

data is used and that the set of measured variables is fixed, the optimisation formulation is the 

same as Problem 6.1 (section 6.2.4), but with integer optimisation variables. Equation 6.1 

above is also used as an objective function and the problem is a mixed integer linear 

programming problem (MILP).

Case 3 - Discrete measurement options, variable measurement set

If the set of measured variables is allowed to change, the degrees of freedom of the optimisation 

are increased and the following objective function, presented in Chapter 5 (Equation 5.9) is 

preferred because it readily adapts to different measurement sets.

In this case the optimisation problem 6.1 is an MINLP.

Section 6.3 illustrates a case where a fixed measurement set and a continuous cr.(C,)function

is considered. In the following Chapters (7-9) the variable set, discrete measurement problem is 

implemented on the flash distillation case study and on the industrial case study.

(6.1)

s P = ( j t w-] j y  j Tw-'(sy +KSxKT)w-]j ( j T w -1 j y 1 (6.2)
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6.2.6 Graphical interpretation

Figure 6.1 gives a visual summary of the results which different approaches to the cost-benefit 

analysis of process data may achieve.

Each point shown on Figure 6.1 shows a particular measurement structure. On the x-axis, the 

total cost of the measurement structure is plotted. The y-axis, is the standard deviation of the 

performance parameter estimated using that measurement structure. For example, the point 

labelled ‘Nominal’ corresponds to a specific measurement structure, which is not optimal.

The optimal curve defines the envelope of the structures which minimise the standard deviation 

of the estimated parameter for a given cost. These optimal structures are solutions to the 

optimisation Problem 6.1 (section 6.2.4).

Figure 6.1 can be used to visualise the following cost-benefit issues which have been raised in 

this chapter:

• Ranking of process measurements on an individual cost-benefit basis: The cost-benefit 

ranking presented in 6.2.2 would be applied to the nominal structure. It would assess the 

individual measurements of the nominal structure but would not indicate opportunities for 

improvement. A random or heuristic improvement of any particular measurement of the 

nominal measurement structure might, however, reduce the estimated parameter standard 

deviation (say from the ‘Nominal’ point to point 0 )

• Benefits of increasing resources allocated to individual measurements: In section 6.2.3 the 

question of which process measurements should be allocated more resources was addressed. 

It was shown that the measurements which should be allocated resources in priority can be 

isolated by estimating da  - /  dCi . If the isolated measurement were allocated more

resources, structure ® would be obtained (© having the same measurement set as the 

Nominal structure). The standard deviation of the estimated parameter would be reduced, 

and would be smaller than for structure 0 ,  but it is not guaranteed that the new 

measurement structure would lie on the optimal curve.

• Integrated approach to the cost-benefit analysis of process data: The integrated approach of 

section 6.2.4 solves the optimisation Problem 6.1 and yields points on the optimal curve. An 

optimal structure is obtained, that is, the best set of measurements is obtained as well as the 

best allocation within that set. For example for a total allocated cost equal to the total
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allocated cost of the nominal structure, it is possible by allocating resources optimally, to 

obtain the structure labelled ‘optimised’ on Figure 6.1.

• Ranking of measurement structures based on the optimal structure: Process structures can 

be ranked by comparing their relative cost-effectiveness. For example, structures ©, ® and 

® are ranked in terms of their cost-benefits, ® being the most cost-effective. Moreover, a 

possible way to rank individual process measurements within a structure, is to compare 

allocations in that structure to the allocations in the optimal structure with the same total 

cost.

• Benefits of increasing the total allocated cost: The integrated approach shows how an 

increase in the total allocated cost can improve PPA procedures. For example, for a 

equal to the total cost of the nominal structure, the integrated approach in section 6.2.4 

would yield the ‘optimised’ structure. Increasing the value of C^4* further, and solving 

Problem 6.1 again, would yield point G) on the optimal curve. A comparison of the 

‘optimised’ structure and structure ® shows the benefit of increasing the total resource 

allocated to process measurements.
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Figure 6.1:Summary of improvements obtained by implementing a cost-benefit 

analysis of process data

Different m easurem ent structures are plotted according to their total allocated cost and 
estim ated param eter accuracy. If starting from the nominal structure the total allocated 
cost is increased without implementing a rigorous cost-benefit analysis, structures 
such a s  © or © might be obtained. If an integrated approach is used, optimal structure 
® can be obtained.
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The following section illustrates how these concepts can be implemented in the case where the 

set of measured variables is fixed and the sensor cost-accuracy data is assumed continuous. 

Implementing the integrated cost-benefit analysis under these assumptions requires solving an 

NLP.

6.3 Illustration: Cost-benefit analysis assuming continuous 

sensor cost-accuracy data

6.3.1 Overview

This section shows a case study for the cost-benefit analysis of process data for performance 

estimation under the following assumptions:

• Fixed measured set

• Parameters are determined by regression

• Continuous sensor cost-accuracy data

The flash distillation case study is re-visited. The process model and PFD is shown in figure

3.2. It is assumed that all process variables can be measured and in this particular section, that 

the temperature measurement was free of errors. The composition measurements are cx, cy and 

cz = [zj, z2, z3]. The costs of process measurements are scalar variables C,.

The objectives are:

• To rank the process measurements on a cost-benefit basis

• To optimise the resources allocated to measurements

• To determine the benefits of increasing the total allocated cost

The accuracy of individual measurements was presumed to increase at an additional cost. This 

relationship was assumed to be continuous. Therefore, to each cost allocated to a measurement 

corresponds a standard deviation of the measurement and the standard deviation of the 

estimated efficiency can thus be reduced by allocating more resources to individual plant 

measurements.

For illustrative purposes, fictitious sensor cost-accuracy data were constructed. A nominal 

sensor cost C0 corresponding to a given sensor standard deviation cr0 was assumed. One way to

147



Uverview oj the i^ost-oenejit Analysis L.hapter o

improve accuracy is to take an average of several redundant sensors. This motivates the 

following construction of a continuous o(C) curve.

For N  spatially redundant, independent sensors, the average value m of N  measurements m„ 

can be calculated as follows:

The resulting averaged measurement standard deviation, would be <J- (assuming independent 

sensor errors):

For redundant sensors, C, is not a continuous variable, because N  is an integer. The form of 

Equation 6.3 is taken to apply even for continuous C, in order to obtain a continuous cost- 

accuracy function.

The resources C, allocated to each sensor during a test-run determines the accuracy of the 

sensor (expressed in terms of standard deviations). The standard deviation of the measurements 

can be related to the standard deviation of the estimated parameter by using Equation 6.1, 

which is used as the objective function to solve the optimisation problem:

2

Assuming the same sensor is used N  times,

Thus,

a m(N) = o j j N

and assuming the total cost of N  sensors for measuring a variable i is:

c, =  NCm

Thus in terms of costs only:

(6.3)
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min <r« such that V  C, < C w  
ct P 1• I

where C '^ i s  the total sum allocated to all sensors and C, is the cost associated to sensor i. The 

solution to this problem yields an optimal allocated cost to each sensor.

6.3.2 Implementation and results

A nominal structure was assumed, where all process variables [F, cz , P, T, V, cy, L, cx] can be 

measured with a standard deviation cr,0 at a cost Ci0. These were the nominal values allocated 

prior to optimisation. For example, the feed flow rate F  is measured at a cost CF0 = 200, which 

corresponds to a measurement standard deviation of crFo = 1.

Rankins o f  process measurements on an individual cost-benefit basis

The sensitivities of the estimated efficiency to the process measurements were obtained by 

finite difference (section 5.3.1). This required identifying the efficiency by solving a least 

squares problem at each iteration. The sensitivity coefficients ay and 6, and the measurement 

standard deviations were used to calculate the estimated standard deviation of the efficiency 

using Equation 6.1. They are reported in the right-most column in Table 6.1, multiplied by - 

100. The estimated standard deviation of the efficiency, <7-, was equal to 0.515 in Table 6.1.

The total measurement cost for this measurement structure was equal to 5200 units.
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Table 6.1: Flash distillation model b ase  c a se  data

Chapter 6

Variable

Name

Variable 
Nominal Value

Nominal 
Allocated Cost

c»

Standard 
Deviation 

Nominal Value 
CTfo

Sensitivity

* 100 
•/» to/

F 100 200 1 0.0003

Input Zi 0.200 500 0.01 -31.4

Variables z2 0.500 500 0.01 24.1

(x) Z3 0.300 500 0.01 -19.2
p 3.60 103 100 10 0.0264

V 49.5 200 1 0.0315

yi 0.233 500 0.01 -0.286

y2 0.436 500 0.01 0.340
Output ya 0.331 500 0.01 -0.245

Variables L 50.5 200 1 -0.0315

(y) Xi 0.167 500 0.01 -0.333

x2 0.563 500 0.01 0.263

x3 0.270 500 0.01 -0.352

Sum: 5200

Objective function: Standard deviation of estim ated param eter O’- (Eq.6.1): 0.515

The m easurem ents used to estim ate the flash efficiency are  assum ed  to  have a 
nominal cost (C#) and corresponding standard  deviation (o»). If the  nom inal cost- 
accuracy data is used, the estim ated efficiency standard  deviation achieved is 0.515.
This is calculated using Equation 6.1 and using the  sensitivity coefficients calculated in 
Chapter 5 (Table 5.1).

The sensitivity of the standard deviation of the estimated efficiency tr* to the amount allocated 

to any sensor i, can be calculated analytically (Appendix 4):

t e n
dc

- a 2<j20Ci0 l 
= — ' —  (6.4)

2a ,  Cf

cti\ sensitivity of the parameter estimate to the value of a measurement /.

Ci0: nominal allocated cost (cost of making a single measurement i, Equation 6.3).

Equation 6.4 quantifies by how much increasing resources to a certain measurement reduces 

the uncertainty on the parameter estimate. It was used in Table 6.3 on page 153 to rank the 

sensors in terms of cost-benefits. Table 6.3 shows the value of Equation 6.4 for each process 

measurement at the nominal point. The ranking based on this value (Ranking of individual 

measurements) shows that the measurement which would most reduce the uncertainty in the 

estimate of the efficiency is the pressure P, followed by the measurement of the feed 

composition of component I, z }.
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Integrated approach to a cost-benefit analysis o f  process data

As explained in section 6.2.2, this metric ranks measurements among each other but does not 

compare the measurements to the optimal cost-benefit which can be achieved. It is therefore 

preferable to determine the optimal allocation of resources to process measurements which 

maximises the estimated accuracy of the calculated efficiency. In order to determine the 

benefits which can be achieved for the same total cost of 5200 units, C f ^  was set equal to 

5200 and Problem 6.1 was solved.

Bounds were placed on the maximum and minimum cost which could be allocated to each 

individual process measurement. The bounds, C"'" and Cjmax are shown in Table 6.2. For the 

flow rate measurement F, for example, these were 100 and 1000 units. Given a cost actually 

allocated to a process measurement C„ the resulting standard deviation of the process 

measurement was calculated using Equation 6.3. In Table 6.2 the optimal value is shown, and 

shows that for a reduced cost Ctopt of 100 allocated to the measurement of the flow rate F, the 

resulting standard deviation of the measurement increases to 1.41.

is to be minimised by adjusting the costs allocated to the different measurements C, subject

to the total cost allocated to all process measurements remaining below a maximum value 

C ^ .  For this particular example shown in the table, this value was set equal to the total 

nominal allocated cost equal to 5200 units.

The results in Table 6.2 show that the flow rate measurement F, is optimally allocated fewer 

resources (CFopt = 100) than the nominal cost of CF0 = 200. The pressure measurement P  is 

allocated more resources (423 vs. 100). The minimum standard deviation of the estimated 

efficiency rj achieved is <j-= 0.353 an improvement over the value predicted from the costs

allocated prior to optimisation (not shown in the table, cr- = 0.515). The increased resources

to the pressure measurement is to be expected given that the sensitivity analysis using Equation

6.4 found the pressure to be a critical measurement.
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Table 6.2: Results of the optimal allocation for the flash tank model

Variable

Name

Variable
Nominal

Value

Standard 
Deviation 
Nominal 

Value Oro

Nominal
Allocated

Cost

c»

Minimum
C ost
Qmin

Maximum
C ost
Qfnax

Optimally
Allocated

C osts

cr*

M eas’t
Standard
Deviation

(Eq. 6.3)

Sensit’y 

* 100 

bi

F 100 1 200 100 1000 100 1.41 0.0003

Input Zi 0.200 0.01 500 100 2000 1125.7 0.0067 -31.4

Variables z2 0.500 0.01 500 100 2000 862.5 0.0076 24.1

(x) Z3 0.300 0.01 500 100 2000 688.6 0.0085 -19.2

p 3.60 103 10 100 50 500 423.2 4.86 0.0264

V 49.5 1 200 100 1000 100 1.41 0.0315

yi 0.233 0.01 500 300 2000 300 0.0129 -0.286

y2 0.436 0.01 500 300 2000 300 0.0129 0.340

Output ys 0.331 0.01 500 300 2000 300 0.0129 -0.245

Variables L 50.5 1 200 100 1000 100 1.41 -0.0315

(y) X i 0.167 0.01 500 300 2000 300 0.0129 -0.333

X2 0.563 0.01 500 300 2000 300 0.0129 0.263

X 3 0.270 0.01 500 300 2000 300 0.0129 -0.352

Sum: 5200 2450 21500 5200

Maximum Allocated: 5200

Objective Function to be Minimised: Standard deviation of estim ated param eter cr, (Equation 6.1) 0.353

A resource w as allocated to each senso r (optimally allocated resource) to minimise the  
objective function (here equal to 0.353) such that the  sum  of the  allocated resources 
w as equal to  the  fixed total resource (e.g. 5200). The optimally allocated resource w as 
kept between a minimum cost (to take into account fixed investm ent cost on a sen so r 
for exam ple) and a maximum cost. The nominal allocated cost show s w hat the  current 
resources spent on each sensor w ere before the method w as implemented.

The results in Table 6.2 can be used to rank the process measurements according to the

difference between the allocated and optimal measurement cost. The difference between the

optimal allocation and the nominal allocation and the ranking (based on the optimal allocation)

is shown in Table 6.3 which shows for example that the measurement F  should be allocated

fewer resources, and it thus ranks among the least important measurements (F  is ranked 5th).

On this basis, the composition measurement of feed component 1, z l, ranks first and the

pressure P , third.
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Table 6.3: Ranking of process measurements

Variable

Name

Benefit/Cost 
Ratio ( d a l d C) 

x100

(Eq. 6.4)

Ranking
(individual

measurements)

C ost 
difference 

from optimal 
point

Ranking 
(based on 

optimal 
allocation)

F -5.4 10"* 13 -100.0 5

Input Zi -0.0206 2 625.7 1

Variables Z2 -0.0121 3 362.5 2

Z3 -0.0077 4 188.6 4

p -0.0729 1 323.2 3

V -0.0005 5 -100.0 5

yi -1.7 10*° 10 -200.0 6

yj -2.410*° 8 -200.0 6

Output ys -1.310*° 12 -200.0 6

Variables L -5.2 10*4 6 -100.0 5

x, -2.310*° 9 -200.0 6

x2 -1.510*° 11 -200.0 6

X 3 -2.610*° 7 -200.0 6

The decrease  of the standard deviation of the estim ated efficiency for 
every pound spent on a particular variable is shown in the Benefit/Cost 
column (x100). This has been calculated at the  nominal point, and is a 
representation of the  cost-benefit of individual sen so rs  at this point.
The m easurem ents are also ranked according to the difference 
between the optimally allocated cost and the nominal allocation.

Benefit o f  increasing the total allocated cost

The cost-benefit analysis which was applied to individual sensors was also applied to the 

measurement structure as a whole by calculating the optimal allocation for an incrementally 

increasing resource.

The total resource Cf*** was increased and optimally allocated to the different sensors in order 

to minimise estimated parameter standard deviation. As the total resource increased, the 

standard deviation of the parameter estimation decreased, yielding a cost-benefit curve. At each 

point on the curve, the ratio of cost to benefit (the slope of the curve on Figure 6.2) gives an 

indication of the benefits of an increased total resource i f  allocated optimally (within a fixed 

measurement set, since the measurement set is not optimised in this example). Each point on 

the curve represents an optimal structure which specifies how much of the total allocated cost 

is allocated to each individual measurement. A curve of this type can be used to gain insight 

into the benefits of increasing resources to increase data accuracy.
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Figure 6.2: Cost-benefit analysis of process measurements for the 

flash distillation model

As the total resource allocated to senso rs increases, the  expected 
standard  deviation of the estim ated param eter d ecreases. The point 
not on the curve, corresponds to  the expected standard  deviation for a 
spending level of 5200 when the allocation to different senso rs  is not 
optimised.

If the standard deviation of the estimated parameter can be related to a profit by assuming an 

economic incentive to decreasing the standard deviation on the parameter estimate, the net 

profit curve (profit minus total allocated cost) may reach a maximum. This would determine 

which point to choose on Figure 6.2. In the real time optimiser design literature (Krishnan et 

al., 1992; de Hennin, 1994) parameter uncertainty affects optimal set points which in turn 

affect the process economic objective function. In plant performance analysis, the accuracy of 

the parameter estimates are linked to economic benefits through the concept of reserves (section

2.1): inaccurate estimates prevent implementing possible process improvements. However, this 

effect is difficult to quantify, which is why it is preferable to keep the cost-benefit analysis in 

terms of parameter accuracy. This point is elaborated in section 7.2.5.
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6.3.3 Conclusions

• The cost-benefit analysis of process data has been applied to a system with continuous 

sensor cost-accuracy data and a fixed measurement set.

• Two different methods have been shown to rank process measurements on an economic 

basis. This was a key objective of the industrial partner. The first method, based on 

individual process measurements, indicates which measurement would contribute most to 

increasing parameter accuracy. The second ranking is based on an integrated view of 

process measurements and compares a current measurement structure to the optimal 

structure.

• The cost-benefit analysis formulated as an optimisation, determines optimal measurement 

structures which can be used to increase the accuracy of performance estimates.

• The optimal measurement structure can be determined over a range of total measurement 

costs (<?“ *) to quantify the benefits of increasing resources allocated to process 

measurements.

This example assumed continuous cost-accuracy data and a fixed measurement set. Discrete 

sensors require a different formulation based on mixed integer programming (MINLP) shown 

in 6.2.5. The MINLP formulation uses binary variables to represent the presence or the 

absence of a particular measurement. The formulation is more realistic but also 

computationally more complex than the continuous formulation. It is presented in Chapter 9.

6.4 Conclusions

The objectives of the cost-benefit analysis of process data have been reviewed.

A method based on the optimal allocation of resources to process measurements has been 

developed which addresses all three objectives of the industrial partner:

• Rank process data and measurement structures on a cost-benefit basis.

• Assess the benefits of increasing resources allocated to process measurements.

• Guarantee that the overall resource is allocated optimally, thus improve PPA procedures 

through the cost-effective use of process measurements.
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The formulation proposed (Problem 6.1, section 6.2.4) optimally allocates resources to the 

process measurement structure as a whole. It has been applied to an illustrative example, 

assuming a fixed measurement set.

The integrated approach for the cost-benefit analysis of process data yields improved results 

over the individual approach. Integrated methods have similar benefits in optimisation based 

process design.

The results obtained may be applied to industrial PPA procedures if  the structure of the PPA 

procedure used by the industrial partner is modelled closely. That is, the same models and 

parameter estimation techniques must be used, as presented in Chapter 4.

The following chapters are applications of this work to case studies where discrete sensor cost- 

accuracy data is used and where the measurement options, as well as the measurement set are 

optimised.
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7. COST-BENEFIT ANALYSIS: DISCRETE

COSTS

7.1 Introduction

The previous chapter developed and successfully applied the cost-benefit analysis methodology 

to the flash distillation case study by making some simplifying assumptions. It assumed that the 

sensor cost-accuracy data was continuous in terms of cost. The purpose of this chapter is to 

apply the methodology to the same flash distillation case study by relaxing the assumption of 

continuous sensor cost-accuracy data. Moreover, the assumption of a fixed measurement set is 

also relaxed. Recall that the measurement set defines the set of variables which are measured, 

the measurement options determine the accuracy of the individual measurements (defined by 

the allocation of resources to measurements) and the measurement structure defines both 

measurement set and accuracy. Therefore in this chapter, the measurement set is optimised in 

addition to optimising the allocation of resources to measurements. A linearisation o f the 

process model (Section 5.3.3) is used to obtain an analytical estimate of the parameter 

accuracy and the optimisation is implemented by enumerating all the measurement structures.

This chapter presents the application of the methodology to the flash distillation case study. 

Firstly the performance parameter, the flash vaporisation efficiency, is estimated by regression. 

These results are then compared to the cost-benefit analysis which is obtained if the PPA is
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implemented using an errors in variable method (EVM). The results are different which 

emphasises the importance of the correct modelling of the PPA procedures.

7.2 Cost-benefit analysis for regression

7.2.1 Objectives

In this section, the cost-benefit analysis is applied to the flash distillation case study. It is 

assumed that regression is used to estimate the vaporisation efficiency, that only discrete 

measurement options are available and that different measurement sets can be used.

The objective is to:

• Reformulate the problem to deal with discrete measurement options and to provide a 

solution method.

• Determine the optimal measurement structure for a given measurement cost and obtain a 

cost-benefit plot which shows the benefits of increasing resources allocated to 

measurements.

• Compare the optimal structures obtained to the best structure which can be obtained if  the 

measurement set is fixed.

• Identify possible ways forward for the refinery application.

The first estimation procedure considered is regression, where the independent variables of the 

process model are set equal to the averaged process measurements and the parameters are 

estimated using a least squares method based on the dependent variable measurements.

7.2.2 Problem formulation

The flash distillation model flow sheet considered was given in Figure 3.2. The discrete 

measurement options and corresponding costs shown in Table 7.1 were considered. For 

instance, the table shows that F  can be measured for a cost of 100  with standard deviation of 1 

unit or at double the cost (2 0 0 ) with an improved standard deviation of 0.5 units. Note that the 

numerical values differ from the continuous cost-accuracy data used in Chapter 6 .
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Input Variables (Measured vector x)

Cost 1 01 Cost 2 a t
F 100 1 200 0.5

Z1 200 0.01 300 0.005

Z2 200 0.01 300 0.005

Z3 200 0.01 300 0.005

P 50 10 100 2

T 50 0.2 100 0.1

Output Variables (Measured vector y)

Cost 1 CTf Cost 2 <T2

V 100 1 200 0.5

yi 200 0.01 300 0.005

ya 200 0.01 300 0.005

ya 200 0.01 300 0.005

L 100 1 200 0.5

X1 200 0.01 300 0.005

x2 200 0.01 300 0.005

X3 200 0.01 300 0.005

Table 7.1: Measurement cost-accuracy data

Each variable can be measured using two different options 1 and 2.
These options may correspond to two different types of sensors or, for 
example differentiate between a calibrated and an uncalibrated 
instrument. To the more costly option (Cost 2) is associated a smaller 
measurement standard deviation (0 2 ).

The objective is to determine which measurement structure should be used in order to maximise 

the accuracy of the estimated parameter. It is assumed that composition measurements are 

made using the same measurement option for all components of a given stream. Therefore, 

there are only 4 input and 4 output measurement options.

7.2.3 Process model and objective function

The flash process non-linear model was linearised by finite difference with respect to both the 

measured input variables and the vaporisation efficiency. The model input variables 7  and Ft

c2, P  and T  were partitioned as explained in section 5.3.3 in order to separate the estimated

parameter rj from the measured input variables. This yielded the following linearised model:

[v  y , y 2 y 2 L  *1  * 2  x}]T = j ? i + k [ f  z, z 2 z 3 p  t ] t  (7.1)
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In this problem there were 4 input variable measurements (F, c* P, T) and 4 output variable 

measurements (V, cy, L, cx) which map to 6 model input variables and 8 output variables 

(shown in Equation 7.1).

The covariance of the estimated flash efficiency for this model is (see Section 5.3.3, Equation

5.9):

s h = ( J T w -] j y  j Tw -]( s y + k s xk t ) w  ]j ( j T w A j y  (7 .2 )

The previous case study presented in Chapter 6 used a fixed measurement set in which all 

model variables were measured and used to identify the vaporisation efficiency. It is possible, 

however, to estimate the parameter using as little as one dependent variable measurement. The 

expression evaluating the covariance of the estimated efficiency is still valid provided the model 

is reduced to calculate only the dependent variables used to identify the efficiency. This is 

implemented by removing the rows of all matrices J, K  and W  which correspond to the 

unmeasured dependent variables of the model.

For example, if the efficiency were to be estimated based on the vapour composition 

measurement only, the model would reduce to:

U  y 2 y 3f  zi h  z3 p  r f

where Kr and Jr are a reduced 3 by 6 matrix and vector of length 3 respectively. Equation 7.2 

is valid provided the rows corresponding to the unmeasured variables are removed in the 

weighting and covariance matrices W, Sx and Sy. This procedure is needed for the optimisation 

of the measurement set.

7.2.4 C ost-benefit analysis

The cost-benefit analysis has been formulated as the following optimisation problem: 

min cr- such that (Problem 7.1)
Ci i

where C, is the cost allocated to a measurement i, is the standard deviation of the estimated

flash efficiency and is the maximum cost allocated to the process measurements. The 

optimisation problem is to be solved for a range of values of CMAX. That is, for each value of 

C*"*, the optimal measurement structure which minimises the estimated efficiency standard 

deviation is found. This problem can be solved by exhaustive enumeration of all the feasible
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measurement structures. For each value of the structures whose total cost is equal to 

are ranked with respect to the value of cr*. The structure with the smallest <r- is the

optimal structure.

The optimal structures were determined using the following algorithm:

• Iterate over the total number of dependent variable measurements to be used in the 

identification (Ny). Ny e 1-4, since up to four measurements can be chosen from the 

available dependent variable measurements V, cy, L, and cx.

• Iterate over the combination of variables which can be used to identify the model.

• Iterate over the measurement options available for the dependent variables, y.

• Iterate over the measurement options available for the independent variables, x.

• Calculate the total cost of the structure and the estimated standard 

deviation of the efficiency.

• Extract the optimal measurement structures from total set of explored structures, 

that is, the structures yielding the minimum estimated parameter standard deviation 

for each feasible total cost.

This case study explored a total of:

N  = 2 ^ 2  2 < ’ = 1280 structures (W, = 4 , Ny = 4)
i= N p

7.2.5 Results for regressed parameters

Results from the enumeration: Figure 7.1 shows all the structures obtained after enumeration. 

The 1280 structures were spread over a large area of the cost-accuracy graph. On the lower 

bound envelope of the structures lie the optimal structures corresponding to each total allocated 

cost (<?“ *). A feature in this figure is that as the total cost optimally allocated to process 

measurements increases, the accuracy of the estimated parameter also increases. The increase 

is rapid at first. The optimal curve then becomes flat, showing little extra benefit of increasing 

the total allocated cost.
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Figure 7.1: Enumeration of all measurement structures for the flash distillation 

case study

Each point on the figure corresponds to a m easurem ent structure. The structures lie 
over a range of costs and estim ated param eter standard  deviations. The lower bound 
envelope corresponds to the optimal solutions of the  optim isation problem solved over 
a range of capped costs.

Optimal structures: Figure 7.2 shows solution structures of the optimisation problem (Problem

7.1) solved over a range of maximum measurement costs (C**4*).

The actual structures can be interpreted as follows. The letters correspond to the dependent 

variable measurements being used V, cy, L  or cx and have corresponding numbers which 

correspond to the measurement option used for that measurement (1 or 2). Note that only the 

subscripts of the compositions (x ory) are shown on the graph and in the tables. The numbers 

in parentheses represent the measurement option (1 or 2) of the independent variable 

measurements which must all be measured in a regression PPA procedure. These numbers are 

listed in the order: F, cz, P, T. For example, the first structure on the top left of the graph is VI 

(1111). VI means that only the volumetric flow rate V is measured on the output and used to 

identify the efficiency. It is measured using the lowest accuracy measurement (cost 1, see Table

7.1). (1111) means that all input measurements are taken using option 1, the most inexpensive 

and least accurate option. In the tables the same structure would be denoted as F lz lP lT l VI.
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The four structures which yield the highest accuracy on the estimated parameter are shown in 

Table 7.2. All four structures include accurate output compositions (y2 and x2) and accurate 

input measurements of the process pressure and temperature (P2 and T2).
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F igu re  7.2: C o st-b en efit an a ly s is  o f p ro c e s s  m e a s u re m e n ts  ( re g re ss io n )

The num bers in paren theses represent the m easurem ent option (1 or 2) of the  
independent variable m easurem ents in the following order: F, cz, P, T. The first letters 
correspond to the dependent variable m easurem ents being m ade (V, cy, L or c x) and 
have corresponding numbers. Note that only th e  subscript of the  com position is 
represented on the graph (x and y, short for c* and cy).

T able 7.2: S tru c tu re s  o f in te re s t: 4 b e s t  m e a su re m e n t s tru c tu re s

S tru c tu re
N um ber

C o st S tru c tu re

1 2700 0.325 F1Z1P2T2 y2x2

2 2800 0.325 F2Z1P2T2 y2x2

3 3000 0.319 F1Z2P2T2 y2x2

4 3100 0.319 F2Z2P2T2 y2x2

Structures 1-4 require accurate m easurem ent of the  output 
com positions (y2x2) and accurate m easurem ent of P and T (P2T2). 
The improvement due to increasing the accuracy on the m easurem ent 
of the inlet flow rate (using F1 instead of F2) is insignificant, while 
improving the accuracy on the inlet composition m easurem ent (z1 
goes to z2) does improve the estim ated standard  deviation marginally 
from 0.325 to 0.319. Structures 1 to 4 a re  the  four left-most structures 
of Figure 7.2, coded yx22 (1122) to yx22 (2222) respectively.
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Highest accuracy structures: It is interesting to note, that even for the optimally allocated 

costs, increasing costs does not always reduce the uncertainty. Indeed there is no improvement 

after a total cost of 3100 units is allocated. The structure yielding the most accurate parameter 

estimate (Structure 4 in Table 7.2) does not use all the available measurements and is therefore 

not the most expensive structure. All structures costing more than 3100 units are not optimal, 

including the highest cost structure (F2z2P2T2 V2y2L2x2) costing 3500 units. This shows that 

in some cases, if more measurements are taken and used to identify the model, the estimation 

accuracy is worst.

The reason is that the efficiency is estimated by regression, that is the model is fitted to the 

dependent variable measurements only (as is done in most test runs). The independent variable 

measurements, are not fitted in the least squares sense since they are fed directly to the process 

model. The result is that the errors in the independent variable measurements propagate to 

inaccurate predictions of the dependent variables of the model. Therefore, the measurements 

corresponding to the model dependent variables which are most sensitive to the errors in the 

independent variable measurements are best left out of the identification. This observation is a 

key result:

When regression is used to identify a performance parameter, using the maximum number o f  

measurements at the maximum accuracy does not guarantee highest accuracy in the 

performance estimate.

Selection o f  the most cost-effective measurement structure: The cost-benefit curves show how 

increasing resources allocated to measurements reduces the uncertainty on the parameter 

estimate. However, the figures do not give an indication of which optimal structure should be 

chosen. Intuitively, provided there is not an incentive to reduce the uncertainty to an absolute 

lowest value, the most cost-effective points on Figure 7.2 are the structures around a total 

allocated cost of 1300 units. Here, a significant reduction in the uncertainty has been achieved 

and increasing the allocated cost does not reduce the uncertainty much further.

Figure 7.3 quantifies this intuitive reasoning by plotting two definitions of the cost-benefit 

ratios. The first ratio of benefit to cost is based on an absolute reduction of the estimated 

standard deviation while the second is based on the inverse of the estimated standard deviation. 

The reason for selecting these ratios is that they can highlight areas where a large benefit can 

be obtained from a modest increases in expenditure. They are designed to have maxima where
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high benefits are achieved for low costs. Both ratios are relative to the nominal structure, 

whose benefit to cost ratio is normalised to 1.

Benefit to cost ratio 1 = Rj(l- a -  Y  C*4** (7.3)

Benefit to cost ratio 2 = /^(V/cr- y  (7.4)

Both ratios are scaled by factors R\ and R2, such that the benefit to cost ratio is equal to 1 at a

nominal point (F lz lP lT l V ly lL lx l) where all measurements are made with the lowest cost.

Figure 7.3 shows that there are two regions where the benefit to cost ratios are high. This 

occurs at a total allocated cost of 1000 units and 1300 units.
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F igure  7.3: B enefit to  c o s t ra tio s

Two benefit to cost ratios are shown here (Equations 7.3 and 7.4). Plotted in te rm s of 
the maximum cost allocated, th ese  ratios show  tha t there  a re  regions w here a high 
benefit to cost ratio can be obtained (around a cost of 1000 and 1300 units). The ratios 
are relative to the nominal m easurem ent structure.

The region delimited by structures with parameter standard deviations of less than 0.4 and a

cost of less than 1500 units have been circled in Figure 7.4. In this region on the graph all

structures have values of the benefit to cost ratio 1 greater than 3.8. Twelve structures satisfy

this condition and are summarised in Table 7.3.

Table 7.3 shows that all structures with high benefit to cost ratios include accurate pressure, 

temperature and inlet composition measurements (z2P2T2) and use output flow rates (V  and L ) 

to identify the performance parameter. The structures show that the measurements of the
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vapour and liquid flow rates can be measured interchangeably. This is because mass flow rates 

and compositions of the vapour and liquid streams are fairly similar and the measurement cost- 

accuracy options were the same for liquid and vapour stream measurements. An important 

conclusion to be drawn from this table is that a number of structures have equivalent cost and 

accuracy. In practice, finding one good structure would greatly improve the estimation 

accuracy, while finding the global minimum may bring little extra advantage.
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Figure 7.4: Optimal measurement structures of interest

The structures corresponding to a standard  deviation of less than 0.4 and a cost of 
less than 1500 units are circled in this graph and sum m arised  in Table 7.3. Also 
circled are the optimal structures costing a nominal cost equal to 2200 units. Lowest 
achievable standard  deviation structures are also marked.
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T able 7.3: M easu rem en t s tru c tu re s : h igh b en e fit to  c o s t  ra tio

S tru c tu re
N um ber

C ost S tru c tu re B enefit / 
C o s t (1)

1 1300 0.367 F1Z2P2T2 V1 4.35

2 1300 0.367 F1Z2P2T2 L1 4.35

3 1400 0.366 F2z2P2T2 L1 4.05

4 1400 0.366 F2Z2P2T2 V1 4.05

5 1400 0.362 F1z2P2T2 V2 4.07

6 1400 0.362 F1Z2P2T2 12 4.07

7 1400 0.362 F1Z2P2T2 V1L1 4.07

8 1500 0.362 F2Z2P2T2 V1L1 3.80

9 1500 0.361 F2z2P2T2 V2 3.80

10 1500 0.361 F2Z2P2T2 L2 3.80

11 1500 0.361 F1z2P2T2 V2L1 3.80

12 1500 0.361 F1Z2P2T2 V1L2 3.80

The table above show s 12 of the m ost cost effective structures. The 
structures have a standard deviation of less than 0.4 and a cost of less 
than 1500 units. T hese structures a re  chosen based  on their high 
benefit to cost ratio.

Evaluation o f  the opportunity at a given spending level: To compare potential improvements 

which can be obtained at the nominal spending level, a total cost equal to the nominal cost was 

allocated to measurements. It might be the actual structure used on an existing plant or it might 

be the instrumentation budget. In this example, the nominal cost is 2200, which is the cost of 

the chosen nominal structure: F lz lP lT l V ly lL lx l.

A number of structures which yield similar standard deviations for this cost were obtained. All 

structures with standard deviations of less than 0.4 were retained. 12 structures were found to 

meet this criterion and are shown in Table 7.4. The structures are also circled on Figure 7.4, 

clustered at a total fixed cost of 2200 units. The structures are summarised in Table 7.4. The 

best structures all include accurate input composition, pressure and temperature (z2P2T2) and 

either one accurate composition output measurement or three output measurements with one 

accurate flow measurement. Again there is a certain degree of symmetry in this process: vapour 

and liquid measurement variables can be used interchangeably.

It is interesting to note that even optimal structures with a cost equal to the cost of the nominal 

structure (CVi4X = 2200) do not have a very high benefit to cost ratio. The standard deviations 

achieved are lower in Table 7.4 than in Table 7.3 because more resources are spent, but the 

lower benefit to cost ratios indicate that resources are being wasted.
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T able 7.4: O ptim al m e a su re m e n t s tru c tu re s  fo r  2200

S tru c tu re
N um ber

C o st S tru c tu re B enefit / 
C o s t (1)

Nominal 2200 0.754 F1z1P1T1 V1y1L1x1 1

1 2200 0.350 F2z2P2T2 y2 2.64

2 2200 0.352 F2z2P2T2 x2 2.63

3 2200 0.354 F1z2P2T2 V1y2 2.62

4 2200 0.354 F1Z2P2T2 y2L1 2.62

5 2200 0.355 F1z2P2T2 V1x2 2.62

6 2200 0.355 F1Z2P2T2 L1x2 2.62

7 2200 0.360 F1z2P2T2 V2y1L2 2.60

8 2200 0.360 F1z2P2T2 V2L2x1 2.60

9 2200 0.360 F2z2P2T2 V2y1L1 2.60

10 2200 0.360 F2z2P2T2 V1y1L2 2.60

11 2200 0.360 F2z2P2T2 V2L1x1 2.60

12 2200 0.360 F2z2P2T2 V1L2x1 2.60

The 12 structures presented above have a total cost of 2200 units and 
an estim ated standard  deviation below 0.4. All structures include 
option 2 for the inlet composition, pressure and tem perature.

Comparison with fixed measurement structures: In the previous chapter, the cost-benefit 

analysis was implemented by considering a fixed measurement structure and continuous 

measurement cost-accuracy data. Now, only the structures where the number of measurements 

fixed and equal to 4 are considered, in order to emphasise what is lost when the measurement 

set is not a degree of freedom in the optimisation. A different cost-benefit curve is obtained: the 

curve corresponding to a 4 measurement structure in Figure 7.5 . This curve shows the effect 

of increasing the cost without changing the measurement structure in the case where discrete 

measurement options are used.

Figure 7.5 shows that when regression is used, using the maximum number of output 

measurements does not, in this case, yield best results: indeed, the curve labelled “4 

measurements” never yields the most accurate estimates as it never lies on the optimal curve. 

Fixing the measurement set reduces the degrees of freedom of the optimisation. Also, using all 

the output measurements implies that some model dependent variables which are very sensitive 

to the independent errors are used in the identification thus increasing the uncertainty in the 

performance estimates.
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Figure 7.5: Optimal measurement structures for fixed measurement set

if all p rocess m easurem ents are used, that is that the  m easurem ent se t is fixed, the  
optimal structures do not lie on the optimum curve obtained for variable m easurem ent 
sets.
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Figure 7.6: Best structures as a function of the number of output measurements 

used (regression)

The curve defined by the bottom envelope of curves 1 and 2 is the optimal cost-benefit 
curve. Therefore, all the optimal structures contain either use either one or two output 
m easurem ents.
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Effect o f  the total number o f  measurements used: Figure 7.6 is a plot of the optimal solution 

structures for a fixed number of output measurements ranging from 1 to 4 measurements. It 

shows that even with a low number of output measurements, a high confidence in the parameter 

estimate can be achieved. The curve defined by the lower envelope of the “1 measurement” and 

“2 measurement” curves is the optimal curve presented in Figure 7.5. This shows that using 

more than 2 output measurements optimally does not improve the accuracy of the performance 

estimates.

7.2.6 Conclusions

A number of results have been presented in this section from which the following conclusions 

can be drawn:

• Optimal measurement structures have been obtained by enumeration. The optimisation 

determines both the measurement set and the accuracy which should be used in order to 

maximise the benefits of a total resource allocated to process measurements.

• Cost-benefit graphs have been presented which show the benefits of increasing resources 

allocated to process measurements.

• The cost-benefit graphs can be used to pinpoint areas where high benefits are obtained for 

little additional cost. The areas have been highlighted by defining benefit to cost ratios.

• The effect of fixing the measurement set, for example by using all output process 

measurements for estimating the performance parameter has been investigated. It shows that 

using all process measurements may have a detrimental effect on the results obtained. 

Equivalently, optimal structures do not necessarily use the maximum number of 

measurements when regression is used.

This section has been presented assuming that regression is used as the identification 

procedure. This has a strong impact on the results and conclusions obtained. The following 

section presents the results which were obtained when the performance parameter was 

estimated using an EVM.
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7.3 Cost-benefit analysis for the EVM

7.3.1 O bjectives

The previous section presented a cost-benefit analysis of process data when the performance 

parameter is regressed from a set of process measurements.

The following work presents the same results when EVM is used. It compares EVM to 

regression and shows the effect that changing the identification method has on the cost-benefit 

analysis of process data. The work also shows that in terms of cost-benefits of process data, 

fairly similar results can be obtained with regression as with EVM. However, regression 

benefits much more from a careful cost-benefit analysis, seeing as (as will be shown) the EVM 

always benefits from any additional measurement.

7.3.2 O bjective function

For the EVM, there is no need to partition the independent variables into estimated parameters 

and independent measured variables. Therefore, Equation 7.1 can be grouped to take the 

following form:

(7.5)~y~ = H y
X X

where, y = [V y, y 2 y 3 L  x, *2 , X

K
H  =

0 I

The weighting matrix is then set equal to:

X 0"
W = y

0 s x_

which is a diagonal symmetric matrix. Section 5.2.3 shows that the estimated covariance of the 

linear least squares estimate for an input-output model of Equation 7.5 is:

cov (7.6)
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The standard deviation of the estimated efficiency <r- is the first element of the matrix 

( H TW ]H) ' ] in Equation 7.6 and is used as the objective function in the cost-benefit analysis.

7.3.3 Results for EVM  estimations and comparison to regression

Comparison o f  results: The following section compares the cost-benefit analysis obtained 

using EVM and regression for the identification. Exhaustive enumeration was also used to 

obtain the optimal measurement structures when EVM is used for the parameter estimation.

Figure 7.7 shows the optimal structures which are obtained when EVM is used for the 

parameter estimation. The same encoding is used to describe the structures as for Figure 7.2.
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F igu re  7.7: C o s t-b e n efit an a ly s is  o f p ro c e s s  m e a su re m e n ts  (EVM)

The estim ated standard  deviation of the  efficiency d ec reases  with increasing costs.
The optimal structures for the EVM are different to the structures obtained for 
regression (Figure 7.2).

Figure 7.7 shows that increasing the total allocated cost to the measurements increases the 

accuracy of the estimated parameters. As expected with the EVM, the highest cost 

measurement structure (F2z2P2T2 V2y2L2x2, = 3500) gives the lowest estimated

standard deviation. This was not the case for the regression where the highest cost structure on 

Figure 7.2 did not give optimal results. In Figure 7.2 the structure with the lowest standard 

deviation (F2z2P2T2 y2x2, = 3100) was not the most expensive.
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The results of the cost-benefit analysis using EVM can be compared to the previous result 

(Figure 7.2) obtained for regression. The following figure shows that for a total cost exceeding 

1700 units the optimal solution of the EVM gives more accurate parameter estimates than the 

regression.
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Figure 7.8: Cost-benefit analysis: Comparison between regression and EVM

The above graph show s that the optimal solution of the  EVM generally yields m ore 
accurate param eter estim ates. The two m ethods do perform in similar m anners 
however, especially at low costs.

The main difference between the two methods of identification are the optimal structures

obtained. Indeed, if EVM is used to identify the performance parameter, the optimal set of

measurements is different to the set which should be used if regression is used. For example,

comparing Figure 7.2 to Figure 7.7, the optimal structure for a cost of 2500 units is F2zlP2T2

y2xl for the regression and Flz2P2T2 V2y2L2 for the EVM. This once again, reinforces the

importance of recognising the method used in the identification.

Selection o f  the best measurement structure usins EVM: Section 7.2.5 showed that increasing 

the total cost optimally allocated to measurements does not always reduce the estimated 

parameter uncertainty in regression. When an EVM is used however, increasing the total 

resource always increases the accuracy of the estimated parameter. This is because EVM 

accounts for all measurement errors, whether the measurement corresponds to a model 

dependent or a model independent variable, and weights them accordingly. Consequently, given
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a certain measurement structure, any additional measurement used contributes beneficially to 

increasing the accuracy of the performance estimate.

The ratios of benefits to costs defined previously (Equations 7.3 and 7.4, Section 7.2.5) were 

also computed for the EVM cost-benefit analysis (and normalised to the nominal case, 

assuming regression is used to estimate the parameters). These ratios can be used to determine 

the most cost effective measurement structures. The following graph was obtained which shows 

that on a benefit to cost basis, regression and EVM are very similar.
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Figure 7.9: Benefit to cost ratios: Comparison between EVM and regression

The ratios of benefit to cost are calculated from the optimal m easurem ent structure 
curves for EVM and regression. EVM and regression yield very similar benefit to cost 
ratios although the optimal structures may be different. Only a t higher costs  does the 
EVM perform marginally better on a benefit to cost basis.

Effect o f  the number o f  measurements used in the identification: The following figure (Figure

7.10) shows the effect of increasing the number of dependent variable measurements for the 

EVM. At lower total allocated costs it is more beneficial to make fewer, more accurate 

measurements. On Figure 7.10 for example, for a cost of 2500 units, the “3 measurement” 

curve has a lower estimated parameter standard deviation than the “4 measurement” curve.

A comparison of Figure 7.10 and Figure 7.5 shows that EVM yields more intuitive results at 

higher costs, that is, increasing the number of measurements and the total allocated cost 

eventually yields the best results (the “4 measurements” curve becomes optimal when the total
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allocated cost exceeds 3100 units). For regression, using four measurements was never 

optimal.
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Figure 7.10: Best structures as a function of the number of output 

measurements used (EVM)

At lower total allocated costs, it is m ore beneficial to m ake fewer, m ore accurate 
m easurem ents. This figure shows that for EVM, increasing the  num ber of 
m easurem ents and total allocated cost reduces the uncertainty of the  perform ance 
estim ate.

7.3.4 Conclusions

The comparison of the EVM to the regression shows that EVM does yield overall lower 

estimated parameter standard deviations, but only beyond a total expenditure (greater than 

1700 units in this example). The EVM benefits from any process measurement, therefore 

adding more measurements or increasing resources to any given structure will always reduce 

the uncertainty of the parameter estimate.
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7.4 Conclusions

The following conclusions can be drawn from the work presented in this chapter:

• The optimal structures obtained using the cost-benefit methodology showed a significant 

improvement over the nominal structure. The cost-benefit plots show the effect of increasing 

the total resource allocated to process measurements.

• The results show that the measurement set as well as the as the allocation of resources to 

different measurements should be optimised. This case study has shown how the problem 

can be solved for discrete measurement options.

• For the flash distillation case study presented, EVM reduced the uncertainty on the 

performance estimates slightly for measurement costs over 1700 units. The effect of not 

using an EVM was nil below this cost, provided the optimal measurement structures were 

used.

• The optimal structures differ depending on whether EVM or regression is used in the 

identification. This shows that it is important to closely monitor the PPA procedure used by 

the industrial partners.

• While for the EVM, the maximum number of measurements at maximum accuracy always 

yields improved estimation accuracy, this is not the case for regression. This is an important 

fact to consider when using input-output process simulators for regression purposes.

The exhaustive enumeration procedure which has been presented has successfully solved this 

case study. For larger problems the combinatorial explosion of the number of existing 

structures calls for alternate methods. Indeed, for a base case CDU unit which will be 

presented, it is computationally infeasible to explore all possible structures and the options 

have been reduced using a heuristic method. An alternative method to exhaustive enumeration 

for the solution of this type of problem is the formulation as an MINLP. This option will be 

presented in Chapter 9.
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8. INDUSTRIAL CASE STUDY

8.1 Introduction

The purpose of this chapter is to apply the cost-benefit methodology to an industrial case study. 

The process considered is the crude distillation column presented in Chapter 3 where the 

performance analysis estimates the tray efficiency in the bottom of the column. The process 

flow sheet is re-iterated in Figure 8.1.

The achievement of this chapter is to apply the methods to a full scale industrial case study of 

industrial relevance.

The practical questions asked by the industrial partner were to determine the contribution of 

process data to the accuracy of the tray efficiency and to determine which measurements should 

be used in order to identify the tray efficiency as accurately as possible. The aim the industrial 

partner wished to achieve was to make an efficient use of resources spent on process 

measurements and to determine the costs and benefits of increasing resources (monetary or 

time) allocated to process measurements.
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The objectives of this chapter are to:

• Determine the optimal set of measurements to be used to conduct the plant performance 

analysis in order to maximise estimated parameter accuracy for a given total resource 

allocated to process measurements.

• Implement a cost-benefit analysis of process measurements: identify how increasing 

resources allocated to measurements improves the accuracy of the estimated parameter.

F igu re  8.1: C rude d istilla tion  co lum n

cdu_ovhds

cdu_ovhdlIq

tpa

mpa

base_eteam
R_CDU

in le t

The objective of the  perform ance analysis im plem ented by the  industrial partners w as 
to estim ate the perform ance of the bottom section of the crude fractionation column.
Test run data w as analysed in order to determ ine w hether or not a column retrofit had 
been effective.

The following three steps of the methodology presented in Chapter 3 were applied to this case

study:

1. Identify the PPA procedure used at the refinery (Chapter 4), determine the measurement 

options available and their associated costs and accuracies.

2. Estimate the contribution of process data to the performance estimates. This was based on a 

linearised form of the process model which was obtained by finite differences (Chapter 5).

3. Optimise the plant performance analysis procedure by maximising the estimated parameter 

accuracy subject to a fixed total measurement cost. Increase the total resource to quantify 

the benefits of improved process measurements (Chapter 6).

The following sections present each of these steps in more detail.
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8.2 Methodology

8.2.1 Industrial PPA procedure

As presented in section 3.5 the goal of the PPA was to estimate the tray efficiency of the 

bottom section of the column, also known as the stripping efficiency. At the refinery, plant 

performance is analysed by collecting a set of process measurements which are then used with 

a HYSIM model of the crude unit to estimate the performance parameter. The model used for 

the PPA was presented in section 3.5.2 and the PFD is shown in Figure 8.1. The efficiency of 

one tray (defined in the model as a Murphree tray efficiency) is regressed from a set of output 

variable measurements. It is then used to calculate the efficiency of the stripping section of the 

column (defined in section 3.5.3). A number of different measurements can be collected from 

the unit and certain variables can be measured in different ways.

The PPA model for this particular case was built by a plant performance analyst at the 

industrial partner’s site. The model was built with a large set of process measurements 

obtained from the DCS and lab measurements taken during the test run. A subset of all the test 

run data was used in the identification of the performance parameter. In total, 50 variable * 

values were used to compare the fit of the model to the process measurements. A subset is 

usually used because the performance estimation is not automated and it is therefore difficult 

for the plant performance analyst to match more than 50 variables. The subset used in the 

particular industrial example is shown in Appendix 2, where only names of the variables have 

been reported for confidentiality reasons. Similar tables used in PPA are found in Howat 

(1997).

The tray efficiency is estimated by regression. That is, a part of the data is used as model 

inputs and the analyst adjusts the parameter in order to minimise the differences between the 

model outputs and corresponding process data.

8.2.2 Measurement set

The cost-benefit analysis of process measurements presented in this chapter used the same 

measurement subset which was used by the plant performance analyst to compare the 

simulation to the process data. This means that some of the measurements used in the HYSIM
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model are left out of the cost-benefit analysis. This was done for a number of practical 

purposes.

The first reason is to focus on the measurements which are used in the identification in 

practice. This is the set of measurements for which the industrial partners seeked to determine 

the benefits of improving measurement accuracy.

Secondly, the full industrial model could not be realistically linearised with the current 

software. Indeed linearisation required a sensitivity analysis and linear interpolation of the 

output variables. Although this procedure was partially automated it would be difficult to work 

with a larger matrix than the reduced set which required estimating nearly 500 sensitivity 

coefficients by interpolation. A full matrix of sensitivities would be impractical to build.

The following tables (Table 8.1 and Table 8.2) show the list of process measurements which 

were considered in the cost-benefit analysis. The measurements have been separated into input 

and output measurements.

Table 8.2 shows that 17 output measurements were used to identify the tray efficiency. The 17 

measurements corresponds to 41 variable measurements in total. This is because 4 TBP 

measurements account for 28 variable measurements, since the TBP curves were defined by 7 

temperature measurements. In total, 10 input measurements were used.

A number of measurements were not considered in the cost-benefit analysis but were needed as 

inputs to the model. These included measurements such as the side stripper inlet steam flow 

rates, steam temperatures and pressures and additional column pressure measurements. The 

effect of their accuracy on the parameter estimate was not investigated.

T able 8.1: Input p ro c e s s  m e a su re m e n ts  u se d  in th e  te s t  run  c a s e  s tu d y

N° INPUTS Test run name (see Appendix 2) Description

eff TRAY EFFICIENCY Tray efficiency in stripping section

1 Matres AT RESID (TE/HR) Atmospheric residue m ass flow rate

2 Mpet PETROLEUM (TE/HR) Petroleum mass flow rate

3 Mmpa MPA RATE (TE/HR) Middle pumparound m ass flow rate

4 Tmpa DRAW TEMP - RETURN TEMP (C) Middle pumparound temperature difference

5 Mtpa TPA RATE (TE/HR) Top pumparound mass flow rate

6 Thtr COT (C) Heater temperature

7 Phtr COP (BARG) Heater pressure

8 Mbpa BPA RATE (TE/HR) Bottom pumparound flow rate

9 Msgo SGO (TE/HR) SGO mass flow rate

10 Mlgo LGO (TE/HR) LGO m ass flow rate

A subse t of all process m easurem ents used in the model w ere used in the  model 
identification shown in Table A.2. T hese have been separated  into the  input (Table 8.1) 
and the output (Table 8.2) model m easurem ents.
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T ab le  8.2: O u tpu t p ro c e s s  m e a su re m e n ts  u se d  in th e  t e s t  run  c a s e  s tu d y

N° OUTPUTS Test run name (see Appendix 2) Description

1 Mfeed FEED RATE (TE/HR) Feed mass flow rate

2 Lfeed FEED RATE (M3/HR) Feed flow rate

3 Ttpad TPA DRAW TEMP (C) Top pumparound draw temperature

4 Tmpad MPA DRAW TEMP (C) Middle pumparound draw temperature

5 Tbpad BPA DRAW TEMP (C) Bottom pumparound draw temperature

6 Tbase BASE TEMP (C) Base temperature

7 Tcoltop TOP COLUMN TEMP (C) Column top temperature

8 Tpet PETROLEUM DRAW TEMP (C) Petroleum draw temperature

9 Tlgo LGO DRAW TEMP (C) LGO draw temperature

10 Tsgo SGO DRAW TEMP (C) SGO draw temperature

11 Tmpar MPA RETURN TEMP (C) MPA return temperature

12 Ttpar TPA RETURN TEMP (C) Top pumparound return temperature

13 Tbpar BPA RETURN TEMP (C) Bottom pumparound return temperature

14 TBPpet PETROLEUM D86 (C) Petroleum TBP curve

15 TBPIgo LGO D86 (C) LGO TBP curve

16 TBPsgo SGO D86 (C) SGO TBP curve

17 TBPatres AT RESID SIMDIS (C) Atmospheric residue TBP curve

N°: m easurem ent number.

In this industrial te s t run 17 output m easurem ents w ere used  in the  analysis. The 
output m easurem ents correspond to 41 variables because  a TBP analysis yields a 
tem perature m easurem ent curve from which 7 m easurem ents are  extracted (5%, 10%
30%, 50%, 70%, 90% and 95% cuts).

8.2.3 M easurement options

Both during a test run and during normal operation, process measurements can be taken using 

a number of different options. For example, TBP curves can be obtained using various 

techniques such as running a full TBP experiment or using shortcut methods such as SIMDIS 

and D86 or using a backblended crude. To each of these options can be associated a 

measurement cost (economic or in man hours) and an accuracy.

From discussions with plant performance analysts, the following table was compiled which 

summarises the different measurement options which existed for this particular PPA. Obtaining 

reliable estimates of the costs and accuracies of different measurements was found to be a 

challenging aspect as can be seen in Table 8.3 which shows that different cost-accuracy data 

was obtained from different sources. One reason is that accuracies tend to be estimated in 

terms of percentages without specifying an associated confidence level. Percentage errors can 

be translated into standard deviations provided a coefficient of confidence is assumed (Madron, 

1992).
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To obtain single values from disagreeing figures obtained from analysts, averaged cost and 

percentage values were used. The percentage values were assumed to have a coefficient of 

confidence of 95%. Based on these assumptions, a single set of cost-accuracy data was 

obtained and is shown in Table 8.4.

Table 8.3: Cost-accuracy data of various measurement options available

Value Option
/D ata

Cost
(man

hours)

Accuracy

(%)

Standard
deviation

(o)

Option Type Source Com m ents

1 First estimate

1 0 4% 2.04 Raw LC/BP Raw: 3-5%

L 100

(m 3/h)

2 2 1.5% 0.77 Checked LC/BP Range checked and calibrated 1-2%, in 
.25 days max.

3 0.33 0.5% 0.26 Checked SF/BP Range checked and zero: under 0.5% in 
20minutes

4 1 0.5% 0.26 Meter factor SF/BP Updated meter factor can improve by 
about 0.5% on original

1.00 First estimate

1 0 4% 2.04 Raw LC/BP Cost 1: Not range-checked

M 100 

(103kg/h)

2 2 1.5% 0.77 Checked LC/BP Cost 2: only if the gage is broken does it 
need to be replaced. If instrument is not 
fixed, one saves £400, i.e. 20 man 
hours.

3 0.33 0.5% 0.26 Checked SF/BP Copied from flow information

4 1 0,5% 0.26 Meter factor SF/BP Copied from flow information

0.01 First estimate

P 1 1 0 1% 0.0038 Serviced LC/BP Serviced

(bar) 2 -20 4% 0.0204 Not Serviced LC/BP Not Serviced (more likely to be broken 
altogether)

Vac
P

1

(bar)

1 7.50% General LC/BP Vacuum pressure measurements are 
poor, 5-10% error

1.00 Basic

T 100 1 0 2% 1.02 Serviced LC/BP

(C) 2 -20 3% 1.53 Poor LC/BP £400 to replace (equivalent to 20hours 
at £20/hr)

1 2 10% 5.10 D86 LC/BP Shortcut distillation, 90% accurate, 0.25 
days approximately

TBP 100 2 4 5% 2.55 TBP LC/BP Full distillation, 95% accurate, 0.5 days 
approximately

(C) 3 8 2.50% 1.28 TBP SF/BP

4 0.75 3.75% 1.91 D86 SF/BP

5 0.5 3.75% 1.91 SIMDIS SF/BP

6 0.5 5% 2.55 BACKBLEND estimate

LC/BP: Laurie Costantin, BP Oil. SF/BP: S tuart Fraser, BP Oil.

Estim ated accuracy of process m easurem ents were obtained from experienced plant 
perform ance analysts at the refinery. Estim ated accuracy has been expressed in 
percentage term s (accuracy (%)). The percentage values can be converted to standard  
deviations (Table 8.4) provided a confidence interval is specified.
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For example, for a measurement with a value of 100 units, with an error of 3%, it was assumed 

the measurement error is less than 3% at a 95% significance level. If  this assumption is used, 

the standard deviation of such a measurement is 3/1.96 = 1.53, as is shown for the flow rate 

measurement as shown in Table 8.4 (1.96 standard deviations bracket 95% of random 

measurements). The standard deviations used were all proportional to the value of the 

measurement, that is were calculated on a percentage basis, except for temperature 

measurements which were assumed to be constant at 1.5 °C in this example.

T able 8.4: C o s t-a cc u ra cy  d a ta  u se d  in th is  s tu d y

Value Options Cost

(m an-hours)

Average
Error

S tandard
deviation

Flow ra te  

(m 3/hr)

100 Raw 0 3% 1.53

R ange
Checked

0.5 1% 0.51

P re s s u re

(bar)

1 0 0.75% 0.0038

T em p era tu re

(C)

100 none 0 1.5

D istillation 

C urve (C)

100 D86 1.375 6.875% 3.51

TBP 6 3.75% 1.91

The data gathered in Table 8.3 w as used to obtain a single se t of m easurem ent 
options shown in this table. Values for the  standard  deviations are calculated 
assum ing that percentage errors bracket a 95% confidence interval and that the  error 
distribution is normally distributed.

8.2.4 Heuristic problem reduction

Assuming two measurement options per variable measured (as in the flash distillation case 

study) the base case crude distillation problem with 10 input measurements and 17 output 

measurements would require calculating 132 billion combinations (1.32xlOn), or based on the 

previous work, approximately 1 million hours of CPU time:

N y

N  = 2N* X 2' C f '  = 1.32x10" structures (Nx= 10, Ny = 17,NP=1)
i = N p
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In practice, only TBP measurements and flow rate measurements were assumed to have options 

in measurement (as shown in Table 8.4), therefore the equation used for the flash case study 

overestimates the number of structures. However a reduction is still required.

The number of combinations was therefore reduced using process insight in order to reduce the 

problem into a manageable problem. The process measurements which were least sensitive to 

the parameter were removed from the candidate set. A similar method was applied by Krishnan 

et al. (1992) and recommended in Howat (1997). This reduction can also be justified by the 

fact that some variables are so insensitive to the tray efficiency that varying the tray efficiency 

by 40% yields variations in the variable below 1% which therefore cannot realistically be 

noticed if  the parameters are to be estimated by a ‘manual’ fit of the performance parameter. 

Removing these process measurements reduced the problem to a 10 input measurement and 8 

output problem.

Thus all input measurements shown in Table 8.1 were used. Of the 17 output measurements 

only 5, 6, 9, 10, 13 and 15-17 (Table 8.2) were used and insensitive measurements such as the 

TBP of the petroleum stream (TBPpet (14)) were not considered in the cost-benefit analysis.

Among the 8 output process variables, only the TBP’s could be measured using two different 

methods. The first method is the true boiling point curve determination and the second is the * 

shortcut SIMDIS or D86 (depending on which stream is analysed) both of which are less 

accurate than the TBP measurement (Personal conversation, BP Oil, 1997). The input variable 

measurement flow rates also have two options: the option of re-calibrating (range checking) the 

flow-meter or using the raw DCS measurement.

T able 8.5: T able o f o u tp u t variab le  m e a s u re m e n ts  c o n s id e re d  in 
th e  o p tim isa tio n  afte r th e  h eu ris tic  o p tim isa tio n .

M easu rem en t
N um ber

M easu rem en t
N am e

1 5 Tbpad

2 6 T base

3 9 Tlgo

4 10 Tsgo

5 13 Tbpar

6 15 TBPIgo

7 16 TBPsgo

8 17 TBPatres

Of the 17 m easurem ents used in the industrial test-run (Table 8.2) only 
the 8 m easurem ents shown above were considered in the cost-benefit 
analysis. The reduction w as based  on removing process 
m easurem ents which are insensitive to the perform ance param eter 
(according to a similar schem e used by Krishnan et al. (1992) and

184



Industrial Case Study Chapter 8

recom m ended  by H owat (1997)). All 10 input m e a s u re m e n ts  w ere  
considered .

The total number of structures explored after the heuristic reduction is:

f  \ (  N \  y
N  = FK Z Z Eh

\k=N, {C(N,.k)} , J

itij = number of options of th e /th  input measurement (1 or 2)

«, = number of options of the /’th output measurement (1 or 2)

Nx = 10, number of input measurements

Ny = 8, number of output measurements

Np = 1, number of estimated parameters

= set of measurement sets built from combinations of Ny measurements taken k  at a 

time.

This expression is calculated by iteration over the summations and products and yields 110,464 

structures which were all considered in the exhaustive enumeration.

The second part of the work estimates how errors on process data contribute to errors in the 

parameter estimates and is presented in the following section.

8.2.5 Contribution o f process data

Chapter 5 described several methods to estimate the contribution of process data to 

performance measures. The method most adapted to this case study, is the method based on 

process linearisation (Section 5.3.3). This is because if process linearisation is used, the 

standard deviation of the parameters estimated by regression can be estimated analytically 

using the expressions developed in Chapter 5. For this large problem, it was necessary to 

obtain a function which can be evaluated quickly.

The HYSIM (Hyprotech, Calgary) model was therefore linearised to the following form about 

the nominal point:

y = jT j  + K x

where y are the 41 output model variables corresponding to the 17 output variable 

measurements of Table 8.2, K  is the matrix which relates the output variables to the 10 input
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variable measurements and J  is the vector of sensitivities of y to the performance parameter 77, 

the tray efficiency.

The standard deviation of the estimated parameter p  can be calculated using Equation 7.1:

s .  = cj t w A j y  j Tw - \ s y + k s xk t ) w Aj ( j T w A j y  (7 .1)

This equation is valid when any subset of output variable process measurements is used. That 

is, if a subset of the all of the output variable measurements y+ is used, the rows of matrices J , 

K  and W  corresponding to the unmeasured variables can be removed which yields a reduced 

expression for calculating the estimated covariance of the parameter estimate. Removing a TBP 

measurement, which measures several temperatures at once, requires removing all rows which 

correspond to the temperature measurements of the TBP.

Linearisation of the process model was implemented by finite difference and interpolation using 

large increments around the nominal point (up to 10%). Large increments were used because of 

HYSIM’s convergence properties. Even if the accuracy of the calculations is increased, as the 

input variables were varied around a nominal point, the output variables increased step-wise. It 

would therefore have been inadequate to rely on a single perturbation to determine the 

sensitivities of the outputs to the input variables. It was also necessary to adapt the interval 

width over which the input variables were adjusted in order to obtain linear profiles which 

could be interpolated with good results. Therefore for each input variable, 8 points were 

calculated around the nominal point and a line was fit to the results in order to obtain the 

sensitivity. The R2 values were generally better than R2= 99%.

In this way, linearisations which are valid over a range comparable to the size of the 

measurement errors were obtained.

8.2.6 Optimal resource allocation and cost-benefit analysis

The cost-benefit analysis is obtained by solving the following optimisation problem:

min cr - such that V  C. < C**4* 
c, P• i

where C, are the costs allocated to process measurements and cr̂ , is the estimated accuracy of

the performance parameter (scalar in this case study). The optimisation was solved for a range 

of maximum allocated cost C f ^  (expressed in man-hours). Each optimisation step yields an 

optimal measurement structure, with the optimal allocation of resources to measurements.
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In practice, all the optimisations were solved by a unique enumeration of all the possible 

measurement structures (equal to 110,464 structures after problem reduction as shown in 

8.2.4). The enumeration was carried out as shown in Section 7.2.4. The following sections 

show the results obtained.

8.3 Results of industrial case study

8.3.1 Optimisation results

The results of the optimisation are reported in the following figures. Figure 8.2 shows the large 

number of structures which are not optimal, that is, which do not maximise the accuracy of the 

estimated parameter for a given total allocated cost. Only a subset of all the calculated points 

were stored for computational reasons, but all optimal cases are present on the plot.
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fe0.8
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t<D
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t i l l
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Total Allocated C ost (Man-hours)

F igure  8.2: S am p le  o f th e  e n u m e ra te d  m e a su re m e n t s tru c tu re s

Each point on the figure corresponds to a m easurem ent structure. Only structures on 
the  lower bound envelope are optimal. That is, they m axim ise the estim ated sen so r 
accuracy for a given total allocated cost.

Figure 8.3 shows the same optimal envelope as in Figure 8.2 with, in addition, the listing of the 

optimal structures. These structures are the measurements which should be used in order to
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maximise the cost-benefits of process measurements. The names of the measured variables 

(Tbpad, Tbase...) are listed in the first part of the text. Note that the variable names are case 

sensitive and that TBP (caps) stands for True Boiling Point curve measurements while Tbpa is 

the temperature of the bottom pumparound. The measurement option with which each variable 

should be measured is listed in the second part of the text. The numbers in parentheses 

correspond to the input variable measurements in the order shown in Table 8.1.
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F igu re  8.3: C o st-b en efit an a ly s is  o f p ro c e s s  d a ta  fo r c ru d e  d is tilla tio n  un it

The optimal m easurem ent structures are shown in this graph. The nam es of the 
m easured  variables (Tbpad, Tbase...) are listed first after which the m easurem ent 
options with which they are m easured com e second. The num bers in paren theses.
All structures on the optimum curve show  input variable m easurem ents m ade using 
the  lowest accuracy (all 1).

For example, the optimal structure which can be obtained for no additional man hours (that is, 

a total cost of zero man hours), is:

Tbpad Tbase Tlgo Tsgo Tbpar 1 1 1 1 ( 1 1 1 1 1 1 1 1 1 1 )

This structure shows that all process flow measurements corresponding to the input model 

variables are measured at the minimal cost (10 input measurements of Table 8.1 are at low cost 

option: ( 1 1 1 1 1 1 1 1 1 1 ) ,  of which 7 flow measurements are chosen to be set at option 1). 

The temperature difference of the bottom pumparound, the temperature of the base as well as 

the temperature of the ‘lgo’ stream and the ‘sgo’ stream and the return temperature of the
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bottom pumparound are the only variables to be measured at the output. Based on these 

measurements the standard deviation of the estimated parameter is just under <7 - = 0.4.

Figure 8.3 shows that when optimal structures are chosen, as the total resource optimally 

allocated to measurements increases, the accuracy of the estimated parameter increases. The 

structures are repeated in Table 8.6. Only the output measurement structure is listed in Table

8.6 because all optimal input measurement structures for this particular case study are low 

accuracy options ( [ 1 1 1 1 1 1 1 1 1  1]). Table 8.6 shows that all input model variables (inputs 

shown in Table 8.1) are measured at the minimum accuracy for all optimal structures, 

indicating that the accuracy of input measurements is of secondary importance. This was not 

the case for the flash distillation example in Chapter 7, where the input model variables played 

a more important role.

As for the output measurements, it is possible to see that some important measurements appear 

in all structures. These are the temperature draw to the bottom pumparound (Tbpad) and the 

base temperature (Tbase) as well as variables Tlgo, Tsgo and Tbpar.

T able 8.6: O ptim al m e a su re m e n t s tru c tu re s  fo r o u tp u t m odel v a ria b le s , c ru d e

d istilla tio n  c a s e  s tu d y

COST a Tbpad T b ase Tlgo T sg o T bpar TBPIgo T B Psgo T B P atr

1 0 0.395 1 1 1 1 1

2 1.375 0.374 1 1 1 1 1 1

3 2.75 0.366 1 1 1 1 1 1 1

4 4.125 0.364 1 1 1 1 1 1 1 1

5 6 0.336 1 1 1 1 1 2

6 7.375 0.331 1 1 1 1 1 1 2

7 8.75 0.329 1 1 1 1 1 1 1 2

8 12 0.320 1 1 1 1 1 2 2

9 13.375 0.319 1 1 1 1 1 1 2 2

10 18 0.315 1 1 1 1 1 2 2 2

Optimal m easurem ent structures (also shown on Figure 8.3 in the sa m e  order from left
to right on the figure). For this ca se  study the structures follow intuitive trends: all 
m easurem ents with zero costs should be used and the resources allocated to the TBP 
m easurem ents should be allocated in priority to the atm ospheric residue 
m easurem ents. All optimal m easurem ent structures contain minimum accuracy 
m easurem ents for the  input variables of the model (not shown on this table).

The largest decreases in the standard deviation of the efficiency occur when improved TBP

measurements are used. Figure 8.3 and Table 8.6 show that a large decrease occurs before the

second measurement structure, where the TBP of the atmospheric residue (TBPatr) is used for

the first time using the lower cost SIMDIS option, and between the 4th and 5th structures

where the accuracy of the TBP increases. At the 5th structure, all the cost is allocated to the
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TBP measurement (6hours). Progressively adding TBP measurements further increases the 

accuracy of the estimated parameter.

Unlike the flash distillation case study presented in Chapter 7, a total allocated resource that 

appears to give high accuracy for little additional cost cannot be pinpointed.

In conclusion, the procedure has indicated the following:

• All input measurements in Table 8.1 should be measured with the low cost option.

• TBP measurements have a significant impact on the estimation of the stripping efficiency.

Thus for a fixed total allocated resource, it is more cost effective to allocate resources to TBP 

measurements than to increase the accuracy of input measurements.

8.3.2 Comparison to industrial measurement structures

Figure 8.4 compares a number of characteristic measurement structures to the optimal cost- 

benefit curve. The characteristic structures include the structure used in the industrial test run, 

as well as boundary structures which use all measurements at minimum and maximum 

accuracy. These structures are summarised in Table 8.7 and the details of each structure are . 

presented in Table 8.8. The base case structure (structure ‘d’: Actual Expenditure, Test run 

set), is the structure which was used for the plant performance analysis by the industrial 

partner.

The first observation which can be made is that the base case structure (structure ‘d’) is not 

optimal as it does not lie on the optimal curve shown in Figure 8.4. Therefore, the accuracy of 

the estimated tray efficiency can be improved through a better, more cost-effective use of 

process data.

Also shown in Figure 8.4 is the reduced actual expenditure (structure ‘c’), that is the structure 

used by the industrial partner once the set of measurements which are insensitive to the 

estimated parameter are removed using the heuristic procedure. When these measurements are 

removed, the accuracy of the estimated parameter is not affected, as would be expected from a 

good heuristic reduction procedure.

The minimum expenditure structures (‘a’ and ‘b’) assume that all measurements are made at 

the lowest accuracy. Incidentally, structure ‘a ’ is on the optimum curve and is the same 

structure as structure 4 in Table 8.6. This shows that for this particular case study, having 

taken the cheapest possible process measurements and reduced the problem heuristically, would
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have yielded ‘good value for money’. Not reducing the problem and using all measurements at 

lowest accuracy yields structure ‘b \  Note that for 0.5 hours more, a step reduction in the 

uncertainty of 10% in relative terms could be achieved (thus switching from structure ‘b ’ to 

structure 5 of Table 8.6).

The maximum expenditure structures use measurements at the maximum accuracy and cost. 

All measurements used in the test run are used in structure ‘f , while structure ‘e’ on Figure 8.4 

uses the reduced set. Both of these structures also lie on the optimum curve however they lie on 

a very ‘flat’ part of the curve. Therefore, the same accuracies can be obtained at a significant 

saving of about 4 man hours, or nearly 20%. This reduction in cost could be achieved using 

optimal structures number 9 or 10, for example, from Table 8.6.

0.55

Optimal Structures

■§ 0.4

a .»£'
0.35

0.3 10 15
Time invested (man-hours)

20 25 350 5 30

Figure 8.4: Characteristic measurement structures of the industrial case study

This figure show s the structures used for the industrial te s t run a s  well a s  4 alternative 
structures. All structures consider either the  test-run m easurem ent se t or the  
heuristically reduced se t of data. The structures labelled ‘Actual expenditure' show  
w hat can be expected from the m easurem ent structure used for the  actual te s t run.
The significant result is that the structure used for the  te s t run in the industrial c a se  is 
not optimal and im provem ents can be obtained using this methodology.

The structures labelled ‘reduced set’, which was reduced using the heuristic procedure, show

that good results are obtained from the reduced set. That is, removing the measurements has

had little effect on the accuracy of the estimate and yet has reduced costs significantly. For

example, on Figure 8.4 using the reduced set reduces the cost of structure ‘b ’ to that of ‘a’ as

well as reducing ‘d’ to ‘c’ and ‘f  to ‘e’.
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The most significant result is that both Table 8.7 and Figure 8.4 show that the structure used 

for test runs (structure ‘d’) can be replaced by better, more cost effective structures. For 

example structure ‘a’ (same as structure 4 in Table 8.6) uses a reduced set and minimum 

accuracy on all measurements and has the same expected accuracy (<r* = 0.364) but less than

half the total cost (4.125 units versus 10). Also, for the cost of the industrial test run (a total 

cost of 10 man hours) it would be possible to achieve a reduction in the standard deviation of 

about 10% to 0.329 by using structure number 7 of Table 8.6.

T ab le  8.7: C h a ra c te ris tic  m e a su re m e n t s tru c tu re s  fo r th e  c ru d e  d is tilla tio n  c a s e  

s tu d y

S tru c tu re  N am e C o st D escrip tion

a Minimum Expenditure (Reduced Set) 4.125 0.364 Minimum expenditure used for all 
m easurem ents

b Minimum Expenditure (Test Run Set) 5.5 0.364 Minimum expenditure used for all 
m easurem ents

c Actual Expenditure (Reduced Set) 7.625 0.364 M easurem ents m easured  a t sa m e  
accuracy used for industrial te s t run

d Actual Expenditure (Test Run Set) 10 0.364 M easurem ents m easured  a t sam e  
accuracy used for industrial te s t run

e Maximum Expenditure (Reduced Set) 21.5 0.315 Maximum accuracy used for all 
m easurem ents

f Maximum Expenditure (Test Run Set) 28.5 0.315 Maximum accuracy used for all 
m easurem ents

This table com pares costs and benefits (in term s of accuracy) of the structures which 
u se  all available m easurem ents considered in the  industrial test-run (b.d.f) to  the  
structures which use  a heuristically reduced se t (a,c,e). Reducing the  se t does not 
affect the  benefits although it reduces the total costs. The structure used  for te s t runs 
(structure ‘d’) can be replaced for exam ple by using structure 'a ' which u ses  a reduced 
se t and minimum accuracy on all m easurem ents.

Table 8.8 shows the details of the six characteristic structures presented in this section. In this

table, both input and output measurements are listed. Each measurement can be made using 1

or 2 available options. Structure ‘d’ shown in bold is the structure used in the test run, and it

therefore uses the full set of measured variables considered in the optimisation, ‘a’, ‘c’ and ‘e’

are the structures which have been heuristically reduced. In fact, structure ‘a’ of Table 8.8 is

the same structure as structure 4 in Table 8.6 and is an optimal measurement structure.

A cost-benefit analysis of individual process measurements can be made by comparing 

structures ‘a ’ and ‘d’ in Table 8.8. The table suggests that it is not cost effective to measure the 

variables which are not used at all in structure ‘a ’ (e.g. ‘Mfeed’, ‘Lfeed’ and ‘Ttpad’) and also 

suggests that certain input measurements such as ‘Matres’ and ‘Mpet’ for example, can be 

measured using the low cost option 1.
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Table 8.8: Details of the  characteristic  s tru c tu res

Structure a b c d e f
OUTPUTS N° of avail, 

options
Mfeed 1 2 2
Lfeed 1 2 2
Ttpad 1 1 1 1
Tmpad 1 1 1 1
Tbpad 1 1 1 1 1 1 1
Tbase 1 1 1 1 1 1 1
Tcoltop 1 1 1 1
Tpet 1 1 1 1
Tlgo 1 1 1 1 1 1 1
Tsgo 1 1 1 1 1 1 1
Tmpar 1 1 1 1
Ttpar 1 1 1 1
Tbpar 1 1 1 1 1 1 1
TBPpet 2 1 2
TBPIgo 2 1 1 1 1 2 2
TBPsgo 2 1 1 1 1 2 2
TBPatres 2 1 1 1 1 2 2

INPUTS
Matres 2 1 1 2 2 2 2
Mpet 2 1 1 2 2 2 2
Mmpa 2 1 1 2 2 2 2
Tmpa 1 1 1 1 1 1 1
Mtpa 2 1 1 2 2 2 2
Thtr 1 1 1 1 1 1 1
Phtr 1 1 1 1 1 1 1
Mbpa 2 1 1 2 2 2 2
Msgo 2 1 1 2 2 2 2
Mlgo 2 1 1 2 2 2 2

C ost (man-hours): 4.125 5.5 7.625 10 21.5 28.5
Standard deviation (a): 0.364 0.364 0.364 0.364 0.315 0.315
The six different characteristic structures a-f, shown in Figure 8.4 are  
detailed here. Structures 'a ’, 'c’ and ‘e ’ u se  the reduced m easurem ent 
set. S tructure ‘a ’ is an optimal structure (corresponds to structure 4 of 
Table 8.6), w hile 'd ', the te s t run structure is not optimal a s  it is m ore 
expensive yet only equally accurate.

In summary, this section has compared six different structures to the optimal structures

obtained in the previous section. Overall, the significant result is that the structure used for the

test run in the industrial case (structure ‘d’) is not optimal and that improvements can be

obtained using this methodology.

8.4 Discussion

The results of the linearisation of the HYSIM model show that the standard deviation of the 

estimated tray efficiency is of the order of 0.36. This value is high compared to an estimate of 

the tray efficiency of the same order rj = 0.33.
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The accuracy of the estimated tray efficiency 77 can be related to the accuracy of the estimated 

efficiency of the stripping zone through the following relationship (see section 3.5.3):

Thus, the estimated efficiency in the stripping zone with 6  actual trays and corresponding 

standard deviation is rjs = (l+0.33)/6 ± 0.36/6 standard deviations, or:

rjt -  0 .2 2  ± 0.06 standard deviations

The benefit of the cost benefit analysis therefore in terms of increased accuracy of the 

estimated efficiency of the stripping zone is an improvement from 0 .2 2  ± 0.06 standard 

deviations to 0.22 ± 0.05 standard deviations. While this offers a 20% reduction in the 

estimated accuracy of the efficiency, the degree of uncertainty remains high.

The level of uncertainty can be attributed to two factors which are the errors in the process 

measurements and the low sensitivity of the dependent model variables corresponding to the 

process measurements used in the identification of the tray efficiency (i.e. the model structure). 

The set of measurements used in the analysis was restricted to the test run set of process 

measurements. It would be beneficial to consider a larger measurement set in the optimisation 

space which would require developing a more efficient procedure for linearising the HYSIM 

process model.

For estimating the Murphree efficiency of individual trays, an alternative method suggested for 

example in Van Winkle (1967) is to measure plate compositions in order to estimate the 

Murphree efficiency directly. This involves taking vapour samples above and below the tray 

simultaneously with the liquid from the downcomer. The Murphree point efficiency is 

calculated by taking values at adjacent locations on the tray. The author suggests averaging a 

number of point efficiencies in order to obtain the efficiency for the whole tray. For the 

stripping zone of a crude distillation column taking crude vapour samples for individual trays 

would most likely pose a number of difficult technical problems.
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8.5 Conclusions and future work

In this chapter the following has been demonstrated:

• Optimal process measurement structures were obtained to make maximum use of process 

data within a given cost constraint.

• The benefits of increasing the resources allocated to plant measurements have been 

presented in a quantitative, rigorous manner.

• If resources are not allocated to measurements in an efficient manner, the price paid for 

achieving a given estimation accuracy is higher than it would be if optimisation methods are 

used.

• The methods developed in this thesis have been applied to an industrial case study and have 

shown that practical recommendations can be obtained.

The results of chapter 4 which identified the plant performance analysis procedures used in the 

industrial context were an essential step for the results of this chapter to be relevant to the 

industrial partner. Indeed, the structures recommended in this chapter are valid for the specific 

model used in this plant performance analysis procedure. The structures account for the fact 

that the parameter is regressed from process measurements.

The results of chapter 5 enabled the calculation of an estimate for the standard deviation of the 

tray efficiency. This estimate is valid for parameters which are estimated using a regression 

even when there is uncertainty in input process measurements.

The success of this implementation highlights the benefits of working with process simulation 

software which can linearise a process model. Future work should focus accurate linearisations 

of the entire model. If process linearisations which consider a larger number of variables were 

used in conjunction with adequate optimisation methods, larger optimisation spaces could be 

explored. Considering larger measurement sets with a larger number of measurement options 

would increase the chances of reaping the benefits of this methodology.
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9. Ml NLP FORMULATION

9.1 Introduction

The objective of this chapter is to present an MINLP formulation for the cost-benefit analysis - 

optimisation problem. It is shown that the cost-benefit analysis can be set up as an MINLP as 

follows:

min crft
x jt-yik r

such that (Problem 9.1)

I

/?(Xjk,Yjk) < 0

The optimisation variables Xjfk and Yi?k are binary variables which denote the choice of 

measuring a particular variable i or j  with a measurement option k. The same cost constraint 

which was presented in the previous formulations remains. The set of additional constraints, h, 

ensure that the measurement structures obtained are feasible, and are in line with the case 

studies which have been presented so far, as well as with the industrial partner’s PPA practice.

This chapter develops an objective function in a form which is suitable for generic MINLP 

solvers and then presents the set of constraints used to formulate the problem. The formulation 

is applied to the flash distillation case study. The results obtained using the exhaustive 

enumeration are used to assess the results obtained from the MINLP. The MINLP method is a
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potential way forward for improving measurement structures however it converges, in general, 

to local rather than global minima.

9.2 Nomenclature and definitions

For clarity purposes, some of the notation has been changed in this chapter. The compositions 

of the streams which have been called cx, cy and c* in the previous chapters are referred to as f, 
v and 1 respectively. This is to avoid confusion with variables x, and y, which represent the 

independent and the dependent model variables respectively, which make up the independent 

variable vector x and y.

x /  Independent variable measurement

y,+ Dependent variable measurement

<Txi Independent variable measurement standard deviation

oyi Dependent variable measurement standard deviation

Oik Standard deviation of measurement option k used for independent variable Xj

0 ^  Standard deviation of measurement option k used for dependent variable y t

Xj-ic Binary variable: measurement option k used for independent variable Xj

Yj'k Binary variable: measurement option k used for dependent variable y,

Sx Covariance matrix of independent variable measurements, terms <JX. m

2
Sy Covariance matrix of dependent variable measurements o ’

Cx Matrix of costs Q*, cost of measurement option k used for independent variable x)■

Cy Matrix of costs C,.*, cost of measurement option k used for independent variable y,
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9.3 Problem formulation

9.3.1 Modified objective function

Chapter 5 showed that the covariance of the estimated parameter can be expressed as:

software GAMS (Brooke et al. 1996). In the previous development, the objective function for 

different structures was calculated by removing the appropriate rows from all matrices in order 

to represent different measurement structure. MINLP software however, solves the 

optimisation by determining the set of binary variables which minimise the objective function. 

In determining the optimal solution, the software searches a relaxed problem, where the binary 

variables are allowed to vary continuously between 0 and 1. The matrix formulation fails when, 

for example, ‘half a row is removed. This problem is also noted by Bagajewicz (1997). The 

aim of this section is to develop Equation 9.1 into a form that can be used by MINLP software, 

that is, expressed in terms of binary variables which can be relaxed.

It is assumed that one parameter is being estimated, and therefore that J  is a row vector. 

Additionally, it is assumed that errors are independent and therefore that the covariance 

matrices Sx, and Sy are diagonal matrices. Moreover, it is assumed that the weighting matrix W  

is set equal to Sy, in order to model the industrial partner’s PPA procedure. A number of terms 

of Equation 9.1 can be developed individually:

The term is a scalar value and appears twice in the equation:

S-p = ( {JT W-'J)-' J TWA)(Sy + KSXK T ) ( (J r W - ' j y ' J TW-'Y  (9.1)

This equation is a matrix expression which cannot be handled in this form by the MINLP

and f W ' 1 is a row vector:

thus,

198



rormuianon K^napier y

j .

y n

The central term in equation 9.1 is a square matrix, for which any element (i,n) is equal to:

f r + J C M T ' l  =  < + £ * , A , * . ’

Note that a *  = 0 V i *  n because the covariance matrix of the measurements y*  is assumed 

to be diagonal.

Therefore, equation 9.1 can be expressed as:

-2

a l  =

f
(  r }

2̂

£ Ji

V ' J < + 2 X A . , <  -

which can be developed and yields:

I X
j j . v

rr 2rr 2
\ a yiG ynJ

a *  + Y K l i K nJ<ryj,n t-J '>J "• J

\

K
2

“ I*
_ —

(9.2)

The standard deviation of any measurement y,+ can be defined in terms of binary variables 7* 

as:

(9.3)

where M  is a number which is sufficiently large such that if a dependent variable is not 

measured at all, the measurement standard deviation is a very large number (each variable is 

measured once at most). aitk is the standard deviation of a dependent variable measurement y, 

measured with a measurement option k.

The vector of standard deviations of the independent variable measurements is:

° ! ,  = £  X htG \t + M (  1 -  £  X , t ) (9.4)
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Equations 9.3 and 9.4 are replaced in (9.2) to yield the full objective function: the standard 

deviation of the estimated performance parameter as a function of the discrete optimisation 

variables Xjtk and Yiik.

9.3.2 Optimisation constraints

In order to model the industrial PPA procedure, a number of aspects must be expressed 

mathematically in the optimisation formulation. These are summarised in the following list.

• It is assumed that each measurement option is used once only, that is, that each variable is 

measured at most once.

• Since the identification method used is a regression, all the degrees of freedom of the model 

must be specified. That is, all independent variables of the model must be measured at least 

once. It is further assumed that all independent variables are measured only once.

• The total expenditure is the sum of the expenditures for each individual measurement.

The following constraints express these key points.

Firstly, concerning the dependent variable measurement binary optimisation variables Yik:

k

That is, over all the types of sensors k which can measure a dependent variable^,, no more than 

one measurement is used.

The same holds for the optimisation variables XJfk equal to 1 if independent variable Xj is 

measured using option k\

(9-5>
k

It is necessary to ensure that at least one output variable is measured so that the estimated 

parameter can be identified. For a number Np of estimated parameters:

T L Y « * N p
r k

More strictly, all input variables must be measured for the model to converge

(9-6)
j k
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Alternatively, Equations 9.5 and 9.6 can be written as one equation which expresses the fact 

that all input variables must be measured for the model to converge:

k

which ensures that both (9.5) and (9.6) are verified.

Finally, the total cost for a given structure is determined by the value of the binary variables 

Xj,k and Yi'k.

C = 1 1 ^ ,  + H W ,  < c - *
i k j  k

The optimisation is solved subject to a total allocated cost

9.3.3 Summary

The full optimisation problem is therefore:

m in
Xjk ’Yik

f  j j - v
_  2_ 2

\  yt ynJ

\

o y  + Y K tlKma, ]ym U nJ XJ
V j

such that

k k

j ki k

2 X * s lk

i k
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9.4 Application: Flash distillation case study

9.4.1 Im plem entation

This section shows how the MINLP formulation can be applied to the flash distillation case 

study which has been presented throughout the thesis. The objective is to determine a cost- 

benefit analysis of process data for PPA procedures for the following flow sheet:

F igure  9.1: F lash  d istilla tion  c a s e  s tu d y  flow  s h e e t  

The same data used in the previous chapter was used for the MINLP formulation. The data is 

reviewed to clarify the role of the integer variables as well as the values taken on by the 

variables in the optimisation model.

The integer variables Xj k and Yitk express the use of a particular measurement (j,k) or (i,k). For 

example, if  a dependent variable y, is measured using the £ ’th option available for that variable, 

then integer variable 7,jt=7.

The matrix of data is presented in the following tables.

T able 9.1: P ro c e s s  m e a su re m e n t c o s ts

____________ In d ep e n d en t v a ria b le s  (X j)___________

C o st A ccu racy

j c J.i Cj,2 <*J.i CTj.2

F 1 100 200 1 0.5

f 2 600 900 0.01 0.005

P 3 50 100 10 2

T 4 50 100 0.2 0.1
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D ependen t V ariab les (yi)
C o s t A ccu racy

i CM C|,2 01.1 0|,2

V 1 100 200 1 0.5

V 2 600 900 0.01 0.005

L 3 100 200 1 0.5

1 4 600 900 0.01 0.005

The cost-accuracy data is presented in the above two tables. Both 
independent and dependent model variables have been assu m ed  to 
have two m easurem ent options k = 1 or 2. Each variable, can  be 
m easured using two options. For exam ple the independent variable P (/'
= 3), can be m easured using C3,i = 50 or C3.2 = 100, with respective 
accuracies of 03,1  = 1 0  and 0 3 ,2  = 2 .

The set of measurement costs are defined by the matrices Cx and Cy for the independent and

dependent variables respectively. To each cost Q* element of Cy corresponds an associated

accuracy Gjtk. For example, if the pressure P  (Table 9.1) is measured using the option 2, then j

= 3, k = 2 ,  X 3i2 = 1, C3 2 = 100 and <j3i2 = 2. In that case, the constraints in the problem force

X 3ij = 0, that is that the measurement option 1 is not used.

The matrices K  and J  were obtained from the process linearisation described in Chapter 7.

Note that the composition measurements have been assumed to measure all compositions at 

once. Therefore, only one variable Yitk is necessary to describe the measurement of the 

composition of stream V. In the model however, the compositions of each stream are described 

by three composition variables v;, v2 and v3, since V is a three component stream. Overall, the 

problem had 16 integer variables (8 for each measurement in Table 9.1), 60 single equations 

and was solved in between 30 and 120 seconds using GAMS running on a Pentium processor.

The optimisation was run over a range of maximum allocated costs. A number of starting 

points were also tested. The results are described in Table 9.2 - Table 9.4 and summarised in 

the following figures (Figure 9.2 - Figure 9.5).

9.4.2 Results and  discussion

The MINLP formulation yielded improved measurement structures compared to the nominal 

structure. For example Figure 9.2 shows the MINLP solutions, as compared to the nominal 

starting point which was used (that is, low accuracy measurement used for all process 

variables). The axes of Figure 9.2 are the total measurement cost allocated, C**4*, and the 

covariance of the estimated efficiency. For CMAX= 1000, no solution was found.
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Figure 9.2 shows, that the MINLP formulation does not always converge to the global 

optimum, shown by the solid line obtained from the results of chapter 7.
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F igu re  9.2: S o lu tion  u sin g  MINLP fo rm u lation  s ta rtin g  from  nom ina l p o in t

The results of the cost-benefit analysis problem solved using the  MINLP formulation 
show  that the MINLP solver does not always converge to  the  global optimum. They are 
however an im provem ent over the  nominal point, which w as also  used a s  a starting 
point for the  optimisation. In one instance (C**** = 2000), the  global minimum w as 
found.

T ab le  9.2: MINLP R e su lts  s ta rtin g  from  nom inal s tru c tu re

Input MINLP S o lu tion G lobal
m in im um

C"**- S tru c tu re C o st
< 1 < 1

1000 - - 0.286

1 1500 F1z1P1T1 y1 1400 0.547 0.130

2 2000 F2z1P2T2 y2 1900 0.124 0.124

3 2500 F1Z2P2T2 x2 2100 0.123 0.117

4 3000 F1Z2P2T2 x2 2100 0.123 0.101

5 3500 F1z2P2T2 x2 2100 0.123 0.101

Initial S tru c tu re : All v a ria b le s  m e a su re d  u sin g  le a s t a c c u ra te  o p tio n  1 (C = 2200 

a n d  <j? = 0 .567)

The results of the cost-benefit analysis problem solved using the  MINLP formulation 
show  that the MINLP solver does not always converge to  the  global optimum. For 
exam ple for a CMAX = 1500, the globally optimal structure would yield a param eter

variance <r? = 0.130, while the optimisation yields cr? = 0.547. This is in part due to

the  fact that the MINLP solutions tend to determ ine structures w hose cost is 
significantly sm aller than the allocated cMAX.

Table 9.3 shows different solutions which were obtained for a cost CUiX= 3 5 0 0  units using

different input structures (starting points). Four distinct solutions were obtained from the five
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different starting points. These solutions have been plotted on Figure 9.3, at a cost of d 4** = 

3500. More solutions with different values of C'f4AX and different starting points are also shown 

in Figure 9.3. The optimisation was started at the global optimum for d i£tx = 2500, 3000 and 

3500 and in these cases, the global optimum was obtained (11, 12 and 10 respectively, reported 

on Figure 9.3).

T able  9.3: MINLP so lu tio n s  for d iffe ren t initial p o in ts

(CMAX. 3500i g|Qba| S0|utj0n a 2 = 0.101)

Input S tru c tu re s MINLP S o lu tio n

S tru c tu re C o s t <4 S tru c tu re C o s t <4
6 Nominal 1 2200 0.567 F1Z2P2T2 x2 2100 0.123

7 Nominal 2 3500 0.127 F2z2P2T2 x2 2200 0.123

8 F1z1P1T1 V1 900 0.579 F1Z1P1T1 V1 900 0.579

9 F1Z1P1T1 V1L1 1000 0.576 F1z1P1T1 V1L1 1000 0.576

10 F1Z2P2T2 y2x2 3000 0.101 F1Z2P2T2 y2x2 3000 0.101

Different MINLP solutions are obtained for different initial points. For all 5 
optim isations, the  maximum cost w as se t to CMAX = 3500. The global solution should

yield <r* = 0 .101 . The global solution w as never achieved except for run 10, w here the

optim isation w as started at the global optimum.
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F igu re  9.3: C alcu la ted  o p tim a a s  a function  o f to ta l c o s t ,  CMAX
The calculated minimum variance is plotted a s  a function of CMAX. The optim iser w as 
started  from a num ber of different initial points. A num ber of different solutions w ere 
obtained, showing that the optimisation is sensitive to  the  initial point.

The previous two figures (Figure 9.2 and Figure 9.3) reported the estimated covariance as a 

function of the total allocated cost to measurements C^4*, as specified by the formulation of
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Problem 9.1. It was necessary to use an inequality for the cost constraint, because, as had been 

explained in Chapter 7, more expensive structures can yield less accurate performance 

estimates. In quite a large number of cases, the cost of the ‘optimal’ structure obtained by the 

optimisation was much lower than C '^ .  For example in Table 9.3, = 3500 but no

solution structure has a cost of 3500, with for example structure 10 costing only 2100 units.

The following figure plots the same structures as those on Figure 9.3, however as a function of 

the solution total structure cost rather than as a function of Cw'4*. The result is a shift o f all the 

points to the left. The points are closer, if not on, to the global optimum curve.
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F igu re  9.4: C a lcu la ted  o p tim a  a s  a function  o f o p tim ise d  s tru c tu re  c o s t

The calculated minimum variance is plotted a s  a function of the  cost of the  solutions 
obtained by the optimiser. Com pared to previous Figure 9.3, the  points have shifted 
left. The points are closer to the global minimum. This su g g ests  that adding a step  
which would force the search  algorithm closer to the  value of C**** m ay possibly yield 
better results.

It can be concluded, that although the optimiser does not yield globally optimal structures given 

a maximum cost to be allocated, it does find structures which are close to the globally optimal 

cost-benefit curve. The result is expected since the MINLP algorithms used do not guarantee 

global optimality, a problem frequently mentioned in the literature (for example, Narraway and 

Perkins, 1994).
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•  MINLP solutions 
 Global minimum
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9.4.3 Discussion: modifications in the formulation and future work

One way forward to improve the optimiser’s solutions is to constrain the optimiser to find 

structures with costs which are within a certain limit of C^4*. This might however introduce an 

additional problem since it requires generating initial structures which verify the constraint, 

seeing as the optimiser does not always converge given an infeasible starting point.

The following cost constraint was added to the existing cost constraint presented in the full 

optimisation problem (section 9.3.3):

z z % +z z
I k j k

Z  Z  % + Z  Z  CU X»  -  AC
> k j k

where AC is the size of the interval over which the structures are allowed to span. In this 

particular study the interval was set equal to AC = 200, wide enough to guarantee that for any 

cost C ^ ,  there exist several structures whose cost remains within the cost bracket. The 

following table shows the results obtained.

T able 9.4: MINLP so lu tio n s  o b ta in ed  u s in g  add itiona l c o s t  c o n s tra in t

Input MINLP S o lu tion G lobal
m in im um

CT™ S tru c tu re C o s t (C)
< 4

1000 - - - 0.286

a 1500 F1z1P1T1 y1 1400 0.547 0.130

b 2000 F1z2 P2T2 y2 1800 0.124 0.124

c 2500 F2z1P2T2y1x2 2500 0.121 0.117

d 3000 F1z2P2T2 x2y2 3000 0.101 0.101

e 3500 F2z2P2T2 V1L1y2x2 3300 0.123 0.101

Initial S tru c tu re : All v a ria b le s  m e a su re d  u s in g  le a s t a c c u ra te  o p tio n  1

([F1z1P1T1 V1y1L1x1], C =  2200 an d  *0 .5 6 7 )

All optim isations were started from the nominal point. An extra constraint w as added 
to force the cost of solutions closer to CMAX. The additional constraint has ensured, a s  
expected, tha t the total costs of the solutions found by the  optim iser are within 200 
units of cMAX. Structures ’c’ and ‘d’ show that an im provem ent has been achieved 
com pared to the  sam e structures (4 and 5 respectively) in Table 9.2. Structure 'e ' is an 
exam ple of a poorer result: the constraint has forced the optim iser to converge to  a 
structure which is m ore costly than the  optimal structure: the  structure with the 
absolutely lowest estim ated param eter variance has a total cost of C = 3000.

This table is compared to Table 9.2. As expected, the cost of the solutions found by the

optimiser are closer to C"MAX. For example, for C'MAX = 2500 and 3000 (structures ‘c’ and ‘d’)

the extra constraint has improved the solution. However, this method has a detrimental effect
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for = 3500, as it forces the optimisation to converge to a more expensive solution than 

before (C = 3300) which is not optimal. Indeed, the optimal structure for C?dAX -  3500 has a 

total cost C = 3000.

The following figure shows the results from Table 9.4 as well as points obtained using different 

initial structures. Overall, there is an improvement over Figure 9.3. If  one considers that a 

number of points obtained (shown as ‘empty’ circles) would be removed since better and 

cheaper structures have been found, the extra constraint introduced in this section has 

performed well.
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Figure 9.5: MINLP solutions with additional cost constraint and multiple initial 

points

The additional constraint (C > CMAX-200) and the use of different initial points, yields a 
num ber of globally optimal points. Eventually, a good cost-benefit envelope can be 
obtained.

Overall, considering all the solutions obtained in this chapter (for all starting points and 

formulations implemented) and in particular the solutions obtained using an extra constraint 

and exploring various starting points, the MINLP formulation can yield promising results. The 

extra constraint must be used carefully however, as the resulting problem is no longer the same 

optimisation problem presented in section 9.3.3 and may lead to solutions with unnecessarily 

high measurement costs.

Nominal Structure

o e
#  MINLP solutions 
 Global minimum
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9.4.4 Conclusion

The MINLP formulation has successfully been applied to the flash distillation case study. 

Although the MINLP formulation does not guarantee global optimality, the results do yield 

structures which lie close to the global optimum. Moreover, if the solutions are used on the 

basis of their actual cost C, rather than on the maximum allocated cost the results are 

generally closer to the optimum. The additional constraint which has been added to the flash 

distillation problem can improve the results but may also have detrimental effects. Indeed, the 

cost-benefit curve obtained when the problem is solved with an equality constraint C  = C f ^  is 

not monotonically decreasing as a function of and therefore the problem would not 

guarantee optimal solutions. Provided the global optimum can be found, writing the inequality 

as C < ensures that the cost-benefit curve remains monotonically decreasing and that all 

solutions lie on the optimal curve.

Possible ways forward which improve the MINLP solutions for the flash distillation method 

have been shown. The optimiser does not guarantee global optimality however investigating 

different initial points and reformulating the problem can improve the results. For the flash 

distillation problem, MINLP formulation is a viable method to solve the optimisation problem 

addressed.

9.5 Conclusion

An MINLP formulation of the cost-benefit analysis of process data has successfully been 

implemented. The formulation does not guarantee global optimality when it is solved with 

generic software. The optimisation does however generally improve the cost-effectiveness of 

the measurement structure.

Future work should therefore be geared towards either finding a convex approximation to the 

objective function, using global optimisation methods or determining heuristic methods to 

obtain improved solutions. Exploring several starting points as well as reformulating the 

constraint equations are possible ways forward, however they do not guarantee global 

optimality.

The MINLP formulation is a possible way forward for use with industrial process models to 

implement a cost-benefit analysis of process measurements. The principal limitations faced 

however are:
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• Interfacing the commercial process simulation software (such as HYSIM) with other 

mathematical programming tools such as MATLAB or GAMS,

• Programming the mathematical methods in the process simulator’s programming language 

(HCL, the HYSIM calculator language is one example).

While commercial process simulation software has a number of benefits which therefore make 

it the preferred industrial solution for process modelling, the disadvantage is often a lack of 

flexibility for implementing mathematical algorithms. Indeed, obtaining process linearisations, 

implementing optimisation algorithms and performing matrix calculations within the simulation 

software environment generally remains problematic, even with some of the latest software 

versions.
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10. CONCLUSIONS

fO.'f Summary

The following summarises the points which have been made in this thesis.

Analysis of plant performance is a necessary tool to improve refinery operations

Improving process operations requires an accurate measure of process performance. Although 

the analysis of plant performance (PPA) has been studied by authors previously (e.g. Madron, 

1992), only recently has it become a mainstream chemical engineering discipline. It is now the 

subject of a full chapter in Perry’s Chemical Engineer’s Handbook (Analysis of Plant 

Performance, Section 30, 1997). This project which aims to improve methods of analysis of 

plant performance therefore addresses an important issue.

The structure of PPA procedures affects the accuracy of estimated performance parameters

Analysis of plant performance can involve a series of complex procedures. It involves 

collecting process measurements and developing a process model which is used to estimate 

performance parameters. One of the goals of the analysis of plant performance is to determine 

performance parameters accurately. The set of process data, the structure of the process model 

and the parameter estimation procedure all contribute to the accuracy of the final performance 

parameter estimates.
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A more efficient use of process data can improve the accuracy of performance parameter

estimates

Reducing errors in process data is a potential way forward for reducing errors on parameter 

estimates. Different measurement options are available at different costs. The contrast between 

the costs associated with data collection and their availability in large amounts at a marginal 

cost through plant distributed control systems (DCS) creates an economic incentive to use data 

efficiently in order to reduce errors on performance estimates. The objective of the cost-benefit 

analysis of process data is to use process data efficiently. To achieve this, it is necessary to 

evaluate the contribution of refinery process data to performance parameters. In other words 

determine how errors in refinery data affect performance estimates.

The structure of the PPA procedure used by the industrial partner must be considered in order 

to correctly evaluate the contribution of data to performance estimates

The procedures used to estimate performance affect the values of the performance estimates 

and the contribution of process data to performance estimates. These depend on the definition 

of the parameter chosen, the process model used and the identification method used to estimate 

the parameter. The PPA procedures used for a typical refinery test run were characterised so 

that the evaluation of process data could draw significant conclusions applicable the industrial . 

partner’s refinery test runs.

The industrial partner’s estimation procedures are regressions, not error in variable estimations

The industrial partner’s PPA procedure is a manual procedure, based on practical experience in 

modelling and data analysis. Time-averaged data is collected, checked and used as an input to a 

simulation model. The model outputs are compared to corresponding plant data and the 

discrepancies between the model outputs and data are minimised by adjusting the values of the 

performance parameters of the model. Thus, this parameter estimation procedure is a 

regression. Errors in both the input and output variable measurements affect the accuracy of 

the performance parameters.

Analytical expressions to Quantify the expected errors on parameter estimates have been 

derived

Analytical expressions quantifying the expected error on a parameter estimate are readily 

available for parameters estimated using the errors in variables method. These were modified to 

ensure their validity for the regression method in the presence of input variable errors. The key
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achievement is that these expressions represent the contribution of process data to estimated 

performance parameters for the PPA procedures used by the industrial partner.

The expressions of the expected errors on parameter estimates can be used to implement a cost- 

benefit analysis of refinery process data based on optimising measurement structures

A cost-benefit analysis of process measurements was formulated as an optimisation problem: 

minimise the standard deviation of the estimated performance parameter by optimally 

allocating resources to process measurements, subject to a total allocated cost. The 

optimisation yields measurement structures which are better on a cost-benefit basis. A cost- 

benefit curve was then obtained by solving the optimisation for a range of allocated costs. This 

curve quantifies the benefits of increasing overall resources allocated to process measurements.

Improved measurement structures were obtained and current measurement structures were 

assessed on a cost-benefit basis using the optimal structures as a benchmark

A test problem was solved for fixed and variable measurement sets and for discrete and 

continuous sensor cost-accuracy data. A refinery case study was also completed. In both case 

studies, optimal structures obtained using the cost-benefit methodology were economically 

more efficient than the unoptimised measurement structures. The cost-benefit curves show 

what benefits can be obtained by increasing the total resources allocated to process 

measurements. The optimal structures obtained using this methodology were used to make 

recommendations on how to change process measurement structures.

Conclusion: a rigorous method has been developed in order to perform a cost-benefit analysis 

of refinery process data. The method has been applied to a crude distillation unit.

10.2 Chapter by chapter review of conclusions

The following section summarises key points of each chapter of this thesis.

Chapter 2: The cost-benefit analysis of process data aims to improve plant performance 

analysis procedures through a more efficient use of process data. The important 

concept of the structure of plant performance analysis procedures was introduced.

Chapter 3: A methodology was presented to implement the cost-benefit analysis of refinery 

process data.
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• The cost-benefit analysis of process data can be formulated as a structural 

optimisation problem. This requires identifying the PPA procedures used in 

practice, developing an objective function and implementing the optimisation.

Chapter 4: Parameter estimation procedures used by the industrial partner were identified 

through a series of interviews. The parameter estimation procedure used in 

practice was compared to parameter estimation procedures described in the 

process literature.

• In the industrial PPA procedure, the performance parameters are estimated using 

regression.

Chapter 5: Several expressions to estimate the accuracy of performance parameters were 

developed. These expressions account for the structure of the PPA procedure used 

by the industrial partner. The impact of unestimated parameters was demonstrated 

using the crude distillation unit.

Chapter 6: The cost-benefit analysis of refinery process data was formulated as an 

optimisation problem. The cost-benefit analysis can be used to:

• Rank measurement structures on a cost-benefit basis, in comparison to the optimal 

measurement structure.

• Determine the benefits of increasing resources allocated to process measurements.

• Improve PPA procedures through the cost-effective use of process measurements.

Chapter 7: Chapters 7-9 were applications of the methodology presented in this thesis. 

Chapter 7 implemented the methodology to a flash distillation case study.

• The cost-benefit analysis identified more cost-effective measurement structures.

• Different measurement structures were obtained depending on the parameter 

estimation procedure used in the PPA.

• For the errors in variable method (EVM) any additional process measurement was 

beneficial. This did not hold in regression because of the errors in the input 

variable measurements.

Chapter 8: The methodology was implemented on an industrial case study using a test run 

model and refinery process data. Improved measurement structures were obtained.
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• If resources are not optimally allocated to measurements, the price paid for 

achieving a given estimation accuracy is higher than necessary. There is therefore 

a potential for savings using this method.

Chapter 9: The cost-benefit analysis of refinery process data was formulated as an MINLP 

problem. Although the commercial software used was not always able to find 

globally optimal solutions, a promising way forward was presented.

10.3 Future work

Future work should be aimed towards three goals. Firstly to consider a larger optimisation 

space in the design of plant performance analysis procedures, that is, to exploit all the degrees 

of freedom available in the design. Secondly, to identify or develop simulation software and 

optimisation methods which can be used to implement the optimisation. Finally, to ensure that 

the software and methods for the computer aided design of PPA procedures are practical 

enough to ensure that they can be adopted by plant performance analysts in industry.

Consider a lamer optimisation space. From an optimisation point of view, the problem 

addressed in this thesis is an optimal design problem. The item designed is a procedure, rather 

than a process plant. Similarly to the optimal design of a process plant, the most optimal 

solution is obtained by using all the degrees available in the optimisation. While this work has 

focused on the optimal use of process measurements, there are more degrees of freedom 

available when developing a PPA procedure. Examples were listed in section 2.3.2 and include 

the choice of the process model, the parameter estimation method used and definition o f the 

performance parameter.

This thesis has from the outset addressed an industrial problem. In the industrial case, a large 

number of degrees of freedom were not available due for example to software limitations. It 

was therefore crucial to remain within the degrees of freedom available in practice to ensure 

that the results obtained would be representative of the industrial case studied. In future work, 

these limitations should be set aside to solve the problem using all the degrees of freedom 

available to achieve the most optimal procedures.

Implement the optimal design. Future work is required to implement the optimisation problem 

with process simulators used in PPA. In PPA the choice of the process simulator is an 

important consideration. The accuracy of the thermodynamic models and the ease of use of the 

software are primary considerations when a process simulator is selected. Aspects such as the
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flexibility of the software to incorporate optimisation and parameter estimation algorithms 

must be addressed if the PPA procedures are to be improved using optimisation techniques. 

Appendix 6, in a view to help these decisions, provides a summary of the main simulation 

technology available. One possible way forward is to identify or develop a process simulator 

which can be interfaced with mixed integer optimisation software tools to implement the 

structural optimisation required to improve PPA procedures. Investigating the progress which 

has been made in the field of optimal process design is also a way forward.

Develop practical tools. For the work on the computer aided design of PPA procedures to 

benefit the chemical processing industries, it is necessary to make the design tools convenient 

enough to use. Work in this area should aim to make the optimal design problem straight 

forward to set up and solve. Further work to assess the benefits of PPA procedures on an 

economic basis would make it possible to lump costs and benefits into a single objective 

function. This might make the design methodology more attractive to users in industry because 

the optimisation would yield a single PPA procedure as opposed to the cost-benefit curves 

presented in this work.

To summarise, the recommendations for future work in plant performance analysis are:

• To consider all structural aspects of plant performance analysis in order to increase the - 

degrees of freedom available in the optimisation problem.

• To identify or develop simulation tools which are adequate for PPA purposes and also 

flexible enough to implement the structural optimisation of PPA procedures.

• To make the simulation tools and design methodology accessible to plant performance 

analysts so that the optimal design of PPA procedures can be implemented regularly.

Cyrille Alheritiere 

March 1999
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Appendix

A.1 Structure of plant performance analysis (PPA)

The following diagram taken from Madron (1992), represents the entire PPA procedure. It 

shows that PPA involves a number of tasks including measurement planning, building a 

process model and estimating performance parameters.

No

Yes

Yes

No

No
[ Is precision satisfactory? j-

Yes

Precision of estimates

Presentation of results

Elimination of gross 
errors?

Identification of gross 
errors

Plant Measurement

Detection of gross errors 
Are gross erros present?

(D O
152
OCL

Data preprocessing 
Calculation of unmeasured quantities 

Reconciliation of redundant data

i s
l i(A (05 a

Mathematical model 
Model of errors 

Global measurement plan 
Mesurement placement

Problem Statement

Figure A.1: Process plant performance assessment1

The design and im plem entation of plant m easurem ent proceeds a t several levels, 
som etim es in an  iterative m anner. Planning and preparation, plant m easurem ent, data  
processing and precision evaluation are  done sequentially however this procedure 
often needs reviewing once one full m easurem ent procedure h as been com pleted 
(outer loop shown above). For instance, when planning a m easurem ent, the extent of 
errors of individual sen so rs  m ay have to be estim ated. This estim ate helps to specify 
m easurem ent p lacem ent and data processing m ethods. T hese specifications m ay 
need to be reviewed if the m easurem ent errors were incorrectly estim ated.

1 Madron (1992)
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A.2 Sample test run table

Table A.1 is was obtained from the industrial partner. It is an original table used for PPA 

purposes. The table is used to compare the output of the process model to the corresponding 

process data in order to obtain an estimate of plant performance (in this case, the stripping 

efficiency). Process values have been removed to preserve confidentiality. The set and accuracy 

of the measurements listed in the table are the determined based on experience.

Table A.1: Example of test run data table used to identify the tray 

efficiency of the bottom of the column

BEST MATCH
PLANT OATA SIM 1 SIM 2 SIM 3 SIM 4

F E E D  RATE (TE/HR) 000 000 000 000 0*0
F E E D  RATE (M3/HR) 000 000 000 000 000
C O T  (C) | ### 000 000 000 000
C O P  (BARG) 000 000 000 000 000

1
T O P  COLUMN T E M P  (C) 0## 000 000 000 000

-------- 1.......... 1
P E T R O L E U M  (TE/HR 0*0 000 000
DR AW  T E M P  (C) 000 000 000

D 88 (S) 000 00# 000
10 000 000 0*0
30 000 000 000
50 000 0*0 000
70 000 000 000
90 000 000 000
95 000 000 000

LGO (TE/HR) 000 000 000
b R A W  YE MP (C) 000 000 000

D66 5 000 000 000
10 000 000 000
30 000 000 0*0
50 000 000 000
70 000 000 000
90 000 000 000
95 000 000 0*0

S G O  (TE/HR) 000 000 000 000 000
DR AW  T E M P  (C) 000 0*0 000 000 000

D88 5 000 000 000 000 000
10 0*0 000 000 000 000
30 0*0 000 000 000 000
50 000 000 000 000 000
70 000 0*0 000 000 000
90 000 000 000 000 000
95 000 000 000 000 000

AT R E SI D  (TE/HR) 000 000 000 000 000
BAS E T EM P (C) #00 0*0 000 000 000
SIM DIS 5 000 000 000 000 000

10 000 000 000 000 000
30 000 000 000 000 000
50 000 000 000 000 000
70 000 000 0*0 000 000
90 0*0 000 000 000 0*0
95 000 000 000 000 000

TPA RATE (TE /H Rj 0*0 0*0 000 000 000
DR AW  T E M P  (C) 000 000 000 000 000
R E T U R N  T E M P  (C) 000 000 000 000 000

1
MPA RATE (TE/HR) 000 000 000
DR AW  T E M P  (C) 000 000 000
R E T U R N  T E M P  (C) 000 000 000

1
BPA RATE (TE/HR) 0*0 0*0 000
DR AW  T E M P  (C) 000 000 000
R E T U R N  T E M P  (C) 0*0 000 000

1
NU MBER  W A SH  Z O N E  TRAY S 000 000 000 000
NU MBER  S T R I P P I N G  Z O N E  TRAYS 000 000 000 000
OV E RF L A S H  RATE (KG/HR) #00 000 000
O V E RF L A S H  (% FD ) I 000 000 000

This tab le show s the actual industrial se t of m easurem ents used in the plant 
perform ance analysis. It is similar to tables which can be found in Howat (1997). It is 
used in order to minimise the discrepancies between the  process m easurem ents and 
the model predictions and thus estim ate model param eters. The values of the  process 
variables have been removed for confidentiality reasons.
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A.3 Estimated parameter covariance: alternative proofs

The following alternative methods to method 1 in section 5.3.3 show more detailed proofs 

which can be used to estimate the covariance matrix of parameters estimated by regression for 

a model of the form:

y - y 0 =  ^ ( x - x o ) + y ( p - p 0)

M ethod 2: First principles approach 

Given

p = p0 y+ - y , - K ( x +  -%„))

then

cov(p) = cov{[Jt W -'J)~ ' J TW-'(y+ - y , - ! , ) ) )

= ((y r f r - |j ) ‘ ' y r r - ') ( c o v [ y* - y 0 - ^ ( i *  - x ,) ] V ( y !r» r- |y ) ' , y r » r- | )T

=  ((.FW-'J)~' y r r j ( c o v ( y * )  +  K  CO\(x*)KTj^ J TW-'j)~'jTW~'S[ 

and therefore, substituting the covariance matrices of the process measurements:

s. = (<jT w A j y  j Tw-'^sr + k s ,k t )((jT w  ' j y j Tw-')r

This expression is equal to equation (5.9) of Chapter 5 in virtue of the fact that:

( ( jT w ' j y j Tw  ')T = w ' j ( j T w - ' j y 1

for W, a positive definite symmetric matrix (de Hennin, 1994).

Indeed, since it has been already assumed that W is a diagonal matrix, (IF1)7 = W 1 and thus:

((j t w A j ) ' j twa)t = ( j Tw ' y ( { j T w - ' j y ' f

= ( tv- 'y j ( ( jT t v ' j y ' f  

= w-' j y ) T

It follows:

s .  = (j t w A j y  j rw-'(sy + k s xk t ) w Aj ( j T w A j y
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Method 3: From first principles calculating the expected value:

Assuming no model structural errors the real values of x, y and p  are related by:

y-y0 = ^(x-X o)+J(p-p0)

The regressed estimate of p, is then:

p = p0 - y , - K ( x +  - i , ) )

or, in order to simplify the notation, let matrix A/be defined as: M  = {J W  J) J  W  

The covariance of p, is obtained by calculating the expected value:

cov (p ) = E [ ( p - p ) T( p - p ) ]

The constant terms yo, x0 and p0, yield:

co v (p ) = E[(A/(y-ATx) -M(y*-Kx*))J (M(y-Kx) -M(y*-Kx*))]

=  E t ( A / ^ , ) T (A/fy.*r,)]

= A /E [(^ .xI)T(fyx ,)]A /

= M(cov(y-Kx))MT 

= M (cov(y)+Kcov(x)KT)K f

Finally,

cov(p) = ( ( J T W A J ) A J r W ’Xoov(y) + K co v (x )K ! ){ (J T W  ' j y ' J TW  ' ) r 

and thus:

s .  = ( ( J T W A J)-'  J TfV ' ) (Sr + K S t K T ){ (J T W-' j y j TW ' f

and from the proof in method 2:

S . = ( J T W A J ) A J TW A(Sy + K S , K T)W  ' J ( J T w - 1 J ) A
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A.4 Analytical calculation of the sensitivity of estimated 

accuracy to allocated cost

Assuming that the standard deviation of a measurement can be described as the following 

function of the measurement cost C, (Equation 6.3):

am(Ci)~ &o(Ci / Cjo)"°5
and that the standard deviation of the estimated parameter is calculated using and equation of 

the same form as equation 6.1, such that:

i

then, the derivative of with respect to the cost C, allocated to a variable / can be calculated 

analytically:

/  -  \

d&Ap d
dC J ~  dCi

1
2 a P dCi

d C ^

(a >)

And by differentiating the square of the estimated parameter standard deviation:

da 2 \

i y

_d_

SCtV-t
2 > ? ( a 0 {C ,/Cn F } ‘

Therefore,

SC, 

a f a l C l0C r 2

N -a ]G \C m 1dap

\  dCi j l a p  C}
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A. 5 Table of data

Table A.2: A ntoine coefficients used  in th e  flash distillation c a se  s tudy

Ethanol 1-Propanol 2-Propanol

A 7.4 7.6 7.5

B 1151.0 1338.7 1233.1

C 172.6 183.0 180.6

A.6 Process simulation technology

The following table reviews the capabilities of process simulation tools. 
Table A.3: Commercial process simulators

Process
Simulator

seqJ 
mod J 
eq.

Optimis
ation

Data
reconcil
-iation

Estim
ation

Key Features

HYSIM mod. basic X X Process simulator used for PPA with the industrial 
partner.

HYSYS mod. s ✓ * *for specific parameters.

SimSci Proll seq.
mod.

Datacon n/a ✓ Data reconciliation application

Aspen+ seq.
mod.

S X V Features: Data fit utility for developing models that 
match actual plant performance.

RT-Opt eq. S ✓ S Equation oriented steady state simulator. 
Simultaneous solution of entire plant via Successive 
Quadratic Programming (SQP).
Features: Closed loop real time optimisation involving 
a simultaneous data reconciliation and parameter 
estimation step followed by a process optimisation 
step.

SpeedUp eq. s S Equation oriented dynamic simulator.
Features: estimation capabilities to fit both steady- 
state and dynamic models to process data.

gPROMS eq. s ✓ Equation oriented dynamic simulator.
Features: parameter estimation from both steady 
state and dynamic data.

The process sim ulation software listed above is a non-exhaustive list of som e of 
p rocess simulation software. The key features which are particularly relevant to  PPA 
are param eter estim ation, data reconciliation and optim isation algorithms. P rocess 
sim ulators can be sequential (seq.) and/or m odular (m od.) or equation based  (eq.).
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A.7 Data processing settings

The following values are the settings of current exception reporting deviations, minimum and 

maximum time specifications as well as corresponding values for compression fixed in the 

DCS and Plant information system for representative tags at the BP Oil Grangemouth refinery

(1999).

T able  A.4: E xcep tion  rep o rtin g  and  c o m p re s s io n  sp e c if ic a tio n s

Tag Description Units Zero Span Exception 
reporting 
dev (% of 

span)

Exception 
reporting 
min time

Exception 
reporting 
max time

C om press 
deviation 

(% of 
span)

C om press 
min time

Com pres 
max time

M/F OHDS M3/HR -7.0 278 0.00 0 60 0.20 0 300

TPA FLOW M3/HR -26.0 932 0.00 0 60 0.20 0 300

BPA FLOW M3/HR -7.0 266 0.00 0 60 0.20 0 300

MPA FLOW M3/HR -16.0 583 0.00 0 60 0.20 0 300

KERO TO VAC 
DRIER

M3/HR -4.0 152 0.00 0 60 0.20 0 300

LGO TO VAC 
DRIER

M3/HR -4.0 173 0.00 0 60 0.50 0 300

KERO TO VAC 
DRIER

T/HR 0.0 150 0.25 0 600 0.50 0 28800

LGO TO VAC 
DRIER

T/HR 0.0 170 0.25 0 600 0.50 0 28800

TOTAL RESIDUE 
FLOW

T/HR 0.0 810 0.25 0 600 0.50 0 28800

CDU3 TOTAL 
FEEDRATE

T/HR 0.0 1000 0.25 15 600 0.50 60 28800

MF OHDS DIST T/HR 0.0 270 0.25 15 300 0.50 60 300

CDU3 THRUPUT M3/HR 0.0 1002 0.25 0 60 0.50 0 300

MAIN FR FLASH 
ZONE

BARG -28.0 7 0.00 0 60 0.50 0 300

BA101 SOUTH 
CELL TEMP

DEC C -0.1 528 0.10 0 60 0.20 0 300

TPA RETURN 
TEMP CONTROL

DEC C -14.0 264 0.25 0 60 0.50 0 300

MPA RETURN 
TEMP CONTROL

DEC C -7.0 264 0.25 0 60 0.50 0 300

M/F OHDS TEMP DEC C -7.0 210 0.25 0 60 0.50 0 300

M/F TPA DRAW 
OFF

DEC C -5.0 212 0.25 0 60 0.50 0 300

M/F MPA DRAW 
OFF

DEC C -6.1 318 0.25 0 60 0.50 0 300

LGO TO STRIPR DEC C -9.0 370 0.25 0 60 0.50 0 300

HGO TO STRIPR DEC C -10.0 370 0.25 0 60 0.50 0 300

BPA DRAW OFF 
TEMP

DEC C -10.0 370 0.25 0 60 0.50 0 300

RESIDUE EX M/F 
BASE

DEC C -10.0 530 0.25 0 60 0.50 0 300

KERO TO STRIPP DEC C -15.1 316 0.25 0 60 0.50 0 300

BPA EX EA114A/B DEC C -8.0 264 0.25 0 60 0.50 0 300
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