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Summary

Model Predictive Control (MPC) is an advanced controller that requires a model of the process, the
quality of this model determines to a large extend the performance of the controller. In this thesis,
techniques were developed to investigate the closed-loop performance with respect to model inaccura
cies.
For a proper functioning of the controller, the model must resemble the dynamics of the process as
close as possible. The resemblance will become worse in time because the physical properties of a
process will change e.g. because the valves responses a fraction slower, the plant behaves different.
It is therefore important to monitor the process behaviour and interfere as fast as possible whenever
the performance decrease is unacceptable. This monitoring is mainly for economical reasons and for
a minor extend for safety reasons. A plant becomes mostly not suddenly unstable, a controller is often
robust enough to deal with some deteriorations. The economic benefits of the controller will however
decrease when the controller doesn't perform optimal.
The relation between closed-loop performance and model inaccuracies is not straightforward, a distinc
tion has to be made between the influence that model-errors and disturbances have on the closed-loop.
To make this distinction, first some important assumptions had to be made.

An significant tool to monitor the performance turned out to be principal component analysis. This
analysis is mainly based on the singular value decomposition (SVD) of the data matrix. Before a data
matrix can be used first some preprocessing is requisite. The new variables that can be constructed
using the SVD are called latent variables. Only the directions with the greatest contribution are taken
into account, the other directions are removed for monitoring purposes. Based on a calibration set it is
possible to set boundaries in order to detect outliers which appear when the performance is becoming
worse.
1\vo other methods are based on regression of the data matrix rather than on the SVD.
First an investigation is necessary to find the correlation between the different signals. When it is clear
what signals are mutually related, it is possible to construct new variables based on the two related
signals. Various properties of these new signals can be inspected e.g. the gain.
The last method is based on the prediction ofan existing output with making use ofother outputs. It is
the objective to find outputs which have strong correlation with the predicted output but are mutually
unrelated.

When a model is considered to be inadequate for use, corrective measures have to be taken. In this the
sis a method is developed for making a new estimation of the model using closed-loop identification.
All steps, necessary for a proper identification, are treated and techniques are constructed for perform
ing a fast identification. This fast identification is carried out by implementing prior knowledge of the
process into the new model.
All described methods are tested in a simulation environment on a high density polyethylene (HDPE)
simulator. Before testing is done, first the whole process is evaluated to get a better understanding
of the dynamics. Advantages and disadvantages are discussed and recommendations and conclusions
will be made in accordance with the test results.
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Chapter I

Introduction

Model Predictive Control (MPC) refers to a class ofalgorithms that compute a sequence ofmanipulated
variable adjustments in order to optimise the future behaviour of a plant. Originally developed to
meet the specialised control needs of power plants and petroleum refineries, MPC technology can
now be found in a wide variety ofapplication areas including chemicals, food processing, automotive,
aerospace, metallurgy, and pulp and paper.

MPC uses a model that resembles the physical dynamics of the process. The general behaviour of the
process will, in time, change. The consequence will be that the effort for controlling the process will
become larger, which will lead to a decrease of performance.

In chapter two, the general functioning ofa MPC will be explained.
In this thesis, the MPC developed by Ipcos Technology will be used, all main components of this
environment will be explained in chapter three. All testing will be done on a High Density Polyethylene
(HDPE) simulator, which is stated in chapter four. In this chapter all important properties of the
process will be discussed and an overview will be given of the important chemical reactions.
In chapter five, several methods for monitoring the performance will be introduced. First the problems
will be discussed, secondly the methods and finally a conclusion was drawn.
When a model is considered to be inadequate, it is needed that the model will be replaced by a new
model. In chapter six, a method was developed for performing a closed-loop identification on the
process. The advantage of this method is that the plant can be in production and the economical loss
will be minimised.
All proposed methods, for performance monitoring and identification, will be tested on the HDPE
simulation plant in chapter seven. Before testing will be done, first the testing environment will be
explained. Secondly all techniques will be tested and results will be given at the end of this chapter.
In the last chapter, eight, conclusions will be made and recommendations will be done.

The objectives for this thesis are:

I. Development of methods for monitoring the performance of the controller with respect to the
model.

2. Formulation ofa method for improving the performance of the process.

3- Development of a testing environment.

4. Applying the methods on the HDPE simulation plant.
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Chapter 2

Model Predictive Control

Typical for a process unit (e.g. a polymerisation reactor) is its multivariable nature. A process has
several inputs and outputs that all interact. this makes it highly difficult to control such a process.
In the 1980s there was a great demand for a controller that could control multivariable processes
and still fulfill several quality and safety requirements. the controller developed was called a Model
Predictive Controller. A great advantage. with respect to other control algorithms. is that MPC can
handle constraints on both inputs as well as outputs. In the following part of the chapter the theory
behind MPC will be covered to get an impression on how it operates.

Model Predictive Controllers are using an internal model ofthe system which must be controlled. This
can be seen in figure 2.1.

lIJ(k)
Model Predictive

Controller

L _

Figure 2.1: Outline ofa Model Predictive Controller

Where, d(k)= disturbances, d(k)= measured disturbances, u(k)= process input, y(k)= process output, r(k)=
setpoints and 'l/J (k)= constraints.
When applying a MPC. it is common use to call inputs as Manipulated Variables (MV's) and output as
Controlled Variables (CV·s). These idioms will be used for the rest of this thesis.
An important component of such a controller is the Process model.
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The process model is initialised before the controller is applied on the process. This process model is
constructed by performing an open-loop identification on the Process unit. When the model is config
ured well, it has almost the same behaviour as the real Process unit, the only term that is fed back to the
controller is the unmeasured disturbance. If the model has a different behaviour in comparison with
the process than the controller has to make more adjustments. For a good functioning ofthe controller
in general it is essential to have a good model. When the model is different in comparison with the
real process, the controller has to make adjustments not only for the unmeasured disturbance but also
for the difference. When this difference becomes large, the controller has to put lots ofeffort to solve
this.

In the course of time, the process begins to change. This change is caused by a shifting in physical
dynamics e.g. chemical components form a deposit on the inner side of a reactor. It is also possible
that the characteristics of the base products change due to an other chemical composition. It may be
obvious that the feedback term no longer consists of only disturbances but also of contributions due
to differences between the model and the process. The MPC is still good enough for doing its main
task, regulating the process between certain constraints, but is not nearly as good as in the beginning.
This phenomenon can have a negative influence on the economical benefits of the reactor in whole.
The detection ofsuch changes will be explained in chapter 5, now some properties of the model will be
stated.

The controller uses the model to calculate predictions of the future behaviour of the system. Each
instant in time, these predictions are employed to optimise the future behaviour of the system, this
can be seen in figure 2.2.

CV
• •• •

•

r(k) ---•
•

•
•

k

MV

N

k+j --.

Figure 2.2: Functioning ofa MPC

The controller uses the model to make a profound prediction of the future behaviour of the process
unit. With this prediction it is possible to anticipate, i.e. the controller can react before an event will
happen.
There are two important zones: the prediction horizon (N) and the control horizon(Nc). The prediction
horizon is the number of samples that the controller uses for making a prediction. The control horizon
is the number of samples that the controller uses to optimise the MV so the CV will stay within its
constraints.
At each time sample all predictions are recalculated, this is called: receding horizon principle and will
be explained in chapter 2.2.
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The predictive control method comes in a large variety of shapes, using a lot of different names. How
ever, the underlying ideas are the same in all of them, it is the details that distinguish them from one
another. These are the two most important advantages inherited in the idea of predictive control:

• The ability to cope with explicit constraints on the controlled variables, the states and MV's.

• Multi-variable control problems are handled in a natural and systematic manner.

Ofcourse the method also has got some weaknesses. One weakness is that the derivation ofthe control
law can be very complicated. Another is the need for a good model of the system to be controlled. This
thesis is all about monitoring the performance of the model so the controller works at its best.

2.1 State-space Description

The model representation used in this thesis will mostly be discrete time, linear and time-invariant
models of the following form.

x(t + 1) = A(q)x(t) + B(q)u(t)

y(t) = C(q)x(t) + e(t)

(2.1)

(2.2)

where the state vector x( t) E IRn , the input vector u(t) E IRm , the measured outputs y( t) E IRPZ • e(t)
is, in this thesis, integrated Gaussian white noise. A, B, and C are all constant matrices of appropriate
dimensions.
This way of representing the model differs from the standard way in that there is no direct term in
formulas 2.1 or 2.2. The reason of this is that there will always be some delay between measuring y( t)
and applying u(t). In other words, the models to be used in a predictive control context will always be
strictly proper.

2.2 Formulating the Predictive Control Problem

This thesis will only deal with the unconstraint case of predictive control. In the introduction to this
chapter the ideas behind the predictive control problem were described in a conceptual manner. This
section will go further and formulate the predictive control problem using a mathematical framework.
The optimisation criterion mentioned in formula 2.3 can take many different forms, but most com
monly used is a quadratic criterion of some kind.

J(u,k)

where,

r(k)

y(k)

.6.u(k)

¢
N

Nc

).

N ~

L II ¢(k + j I k) - r(k + j I k) 11 2+).2 L II (.6.u(k + j - 1 I k) 11
2

j=1 j=1

reference trajectory

CV signal

MV increment signal

P(k)u(k) (P(k)=Process model)

prediction horizon

control horizon

weighting on the MV



Every time sample the optimisation will be calculated again. This means that the MPC is time-variant.
It is difficult to solve some problems when using a time-variant controller, therefore all testing will be
done without crossing any constraints. When no constraints are violated, the assumption holds that
the controller is almost time-invariant.
This assumption is valid for the whole thesis and is an important basis for the rest of the theory.
When a controller is implemented, safety measurements and economical measurements have to be
set up. For instance, it may be of most importance that the temperature will not rise above go degree
Celsius. In MPC it is possible to set a constraint for each input or output. When a variable crosses the
constraint, it becomes high priority for the controller to get it back into its trusted region. This can be
seen in figure 2-3-

Figure 2.3: Example ofconstraint controlling

In the previous chapter receding horizon was mentioned, in the following list it becomes clear what this
means.

• at time k: J(u,k) is minimised.

• first element 6.u(k) is applied.

• horizon shifted.

• optimisation restarted.

2.3 Conclusion

In this chapter some important properties ofMPC were covered. The supplied information about this
type ofadvanced process control will be sufficient for this thesis. Detailed information about this topic
can be found in (Bacg2).
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Chapter 3

INCA environment

Several software tools are used for creating a testing environment. In this chapter some applications
will be explained, most applications are tools created by Ipcos Technology.
In figure J.I there is an overview given of the different units, these units will be clear at the end of this
chapter. More reading about this software can be found in (Ipcor).

Figure 3.r: Used INCA components

INCAEngine

The engine is the on-line Model Predictive Controller component. In the following list a typical con
troller cycle can be found:

• Validation and transformation of the input data.

• Steady state optimisation, this determines the solution of the steady state problem.
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• Dynamic optimisation, this determines the best trajectory for the MV's to come from current
process values to the optimum steady state process values (MV's and CV's) determined in the
steady state optimisation.

• Validation and transformation of the output data.

It is possible to set constraints and to change several tuning parameters to get the best tuning possible.
An important tuning parameter is, for instance, the prediction horizon. It is significant to set this high
enough to ensure that the effects of the moves have reached steady state.
This is just one example in a set of many to adjust the properties of the controller. It may be clear that
it is important to implement all prior knowledge in the tuning so the performance will be as good as
possible.

The Engine communicates with the Dataserver to exchange the different variables e.g. MV's and CV's.
This will be explained in the next chapter.

Dataserver

The central component in the Ipeos Integrated Solutions Platform (lISP) is the Dataserver. This con
tains all information which is exchanged between the different modules. An important feature of the
Dataserver is that it is possible to interact with Matlab. This makes it possible to log the data directly
in Matlab and perform calculations with it.

INCAView

To make it possible that the engine can be controlled, a graphical user interface is developed. With
INCAView it is possible to make changes in the tuning without shutting down the controller, it is also
possible to view trends of the variables. With this interface an operator can monitor the process and
even intervene ifhe thinks that something goes wrong.

INCAScheduler

Coordination of the execution of the various modules with respect to each other is done by the sched·
uler. This is done by using sync-signals in de Dataserver. Based upon the sync-signal received and
other values in the Dataserver, the task can perform its actions.

INCACalc

This module handles specific calculations when applying model predictive control. The calculations
range from a simple average calculation of two flows to advanced data processing like filtering. All
calculations can be done on-line so the process will not be disturbed.

INCATest

With INCATest every variable can be monitored and saved. It is possible to log the data needed for
calculation ofevery variable declared in the Dataserver. It is not only possible to log but also changing
variables can be done. An example where this is especially important is model identification, in chapter
6 it becomes clear what steps are needed for a proper identification.

17



INCAModeler

In the previous section model identification was short mentioned, this can be done by this off-line
product. With INCATest all important data necessary for a proper identification is saved in a file. This
file is needed in the modeler to check the data for errors and subsequently make a model, in chapter 2

the need for a good model was covered.

Pathfinder

This module is different from all the others because for this application only the Dataserver and the
process are needed. With Pathfinder it is possible to calculate the most ideal path between two differ
ent working areas. This module will be explained more detailed in chapter 7.1 because it is a main
application in that part of the thesis.

18



Chapter 4

The HDPE simulator

All testing for this thesis is done on one type of reactor, namely the HDPE simulator. First an intro
duction will be given on what HDPE is and what products are made ofHDPE.

4.1 High density polyethylene process

Since the introduction of celluloid in the 1870S, plastic has been used in an increasing number of
products. The commercial development of plastics began in the 1930S. Plastics can be divided into
two major categories: thermoplastics and thermosets. Thermoplastics can be remelted and reformed
many times into different shapes. For this reason, they are the most commonly recycled plastics.
Thermosets can only be formed once. After that, they may be ground and used as filler for future
plastic products. HDPE is such a thermoplastic, with 15 percent of the total polymer production it is
the most manufactured plastic.
As noted before HDPE stands for High Density PolyEthylene. Many products can be made with HDPE
as can be seen in the following table 4.1.

Table 4.1: Table with different sorts ofend products.

Category Usage
General Shampoo softener, bottles, wastebaskets

Injection molding Transportation boxes, disposable products
Film shopping bags, waste vinyl bag, food wrapping disposable bag

General pipe Tap pipe, sewage pipe, electrical cable protection
Special pipe Chemical temporary bridge pipe, water temporary bridge

Rotating molding Tanks (chemical/water), toy(playground)

From the list above can be concluded that HDPE is an important material for the industry. All the
products mentioned above have different properties although they are made from the same base ma
terial. The reason for this is that the proportion of the base materials changes for every product. A
product is characterised by two variables Density and the logarithm of the Meltindex, these variables
will be explained in chapter 4.3. Every product has its own characteristic values of the Density and
Meltindex, these specific values are called grades.
In the industry a plant mostly makes several types of products depending on the market conditions.



It is economical essential that a product can switch from grade in a reasonable time without crossing
any safety and operational constraints. In the following figure 4.1, several grades can be found with
there paths (LNMI stands for the natural logarithm of the meltindex).
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Figure 4.1: Grades ofa HDPE simulator with their mutual trajectories

Before explaining on how the reactor operates, first the reactions that occurs inside the reactor will be
discussed.

4.2 Chemical interpretation

The reaction that takes place in the reactor is a so called Ziegler-Natta-reaction. In this chapter the
whole reaction will be explained. Ziegler-Natta polymerization is a method of vinyl polymerization.
It is important because it allows one to make polymers of specific tacticity Le. the way sidebranches
are arranged. Ziegler-Natta is especially useful, because it can make polymers that cannot be made
any other way. such as linear unbranched polyethylene and isotactic polypropylene. For a reaction
it involves transition metal catalyst, like TiCl3. Also co-catalysts are involved, and these are usually
based on group III metals like aluminum. Most of the time the catalyst/co-catalyst pair are TiCl3 and
Al(C2 H5h as can be seen in figure 4.2.

CI

I
CI-TI-CI

Figure 4.2: Chemical outline ofthe catalyst and the co-catalyst
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TiCl3 can arrange itself into a number ofcrystal structures, these structures are called a - TiCh and
can be seen in the following figure.

II CI II CI
CI ,CI 1 ,C,," ,CI, 1 ,CI" ,', , , , , ,

'Ti' 'Ti' 'Ti' 'Ti'/:,/:,/:,/:,
~ I ~ I ~ I ~ I ~

CI 1 ,C,," 1 ,C\ 1 ,CI" , , , , ,
'Ti' 'Ti' 'Ti'

/"/:'/:'CI l CI I CI I CI
CI CI CI

Figure 4.3: Crystal structure

Each titanium atom is coordinated to six chlorine atoms, with octahedral geometry. There exists a
problem for the titanium atoms at the surface ofthe crystal because they have one chlorine atom short.
Titanium has six empty orbitals in its outmost electron shells, it has to be coordinated with enough
atoms to put two electrons in each of the orbitals. The titanium atom on the surface of the crystal has
enough neighbour atoms to fill five of the six orbitals, that leaves one empty orbital. Now Al(C2H 5 )

is put in, it donates one of its ethyl groups to the impoverished titanium, but one of the chlorines is
pushed out of the process. Therefore there is still an empty orbital. The whole process can be seen in
the following figure 4+ In this figure the empty places are denoted as a square.
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Figure 4.4: Putting the catalyst together with the cocatalyst.

The aluminium stays coordinated, though not covalently bonded, to the C H2 carbon atom ofthe ethyl
group it just donated to the titanium. It also coordinates itself to one of the chlorine atoms adjacent
to the titanium. The titanium still has one empty orbital left to be filled. Now the vinyl monomer (e.g.
propylene) is brought in. There are two electrons in a carbon-carbon double bond, those electrons can
be used to fill the empty orbital of the titanium. All what is described above can be seen in figure 4-5.
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Figure 4.5: Adding the vinyl monomer.

The atoms will not stay forever in this position, exchanging of electrons will take place. First the
monomer will break up its double bond and attache itselfto the catalyst and cocatalyst. Then migration
will happen i.e. the atoms rearrange themselves to fonn a slightly different structure. Both of the
different states can be viewed in figure 4.6.

Figure 4.6: Rearrangement ofthe atoms in two successive ways.

In the above figure it can be clearly seen that there exists a blank spot after the migration. Whenever a
vinyl monomer is added the chain will grow longer. when this happens the properties of the material
will change and a different chemical is produced. It is also possible to add more cocatalyst, then the
chain will grow in the width and the chemical properties will change in a different way.
All reactions will take place in a reactor, this reactor will be described in the following chapter.
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4.3 The reactor

In a reactor the product HDPE is manufactured, in figure 4.7 two pictures ofa HDPE plant are shown.

Figure 4.7: Pictures ofa HDPE-plant.

To get a better understanding on how such a reactor operates, a schematic outline of the reactor is
showed in figure 4.8.

Dlnsly
LNJoI

...

Figure 4.8: Picture ofthe reactor.
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In the figure several inputs and outputs can be seen, in table 4.2 the different MV's and CV's are put
down in an ordered way.

Table .p: The various variables with their attributes.

Names Type Names lYPe
C4C2 flow MV Product flow CV
H 2C2 flow MV Level CV

Catalyst flow MV Temperature CV
PC_sp MV Pressure CV

Density reactor CV C4C2 ratio CV
LNMI reactor CV H 2C2 ratio CV

Coolwater flow CV

All of these, and some other, variables will be explained in the next sections.

The C4C2 flow is an adjustable mixture of two main components. When the ratio goes up, Le. more
C4 is injected at the cost ofless C2, the density will rise. The reason for this is that longer chains will
be generated in stead of short chains. Therefore more molecules can be packed in a smaller space.

This ratio is similar to C4C2 , the main difference is that this one has impact on the meltindex instead
of the density. If the ratio rises, Le. more H 2 than C2 , the meltindex will be higher. This is more
difficult to understand in comparison with the previous section. The bondings between the atoms in
the width are stronger than the bondings in the height, therefore the meltindex will be higher as the
ratio increases.

Catalyst flow

This flow consists oftwo components, in contrast with the name, namely the catalyst and the cocatalyst.
There must be enough material available in the reactor to start the reactions. If something goes wrong
in the reactor (e.g. the temperature rises above a constraint) this flow can be used to stop the reactions
and temporarily shut down the reactor.

With this variable it is possible to modify the pressure MY. There are three variables which are con·
trolled by a PID-controller. These variables are: level, temperature and pressure. The reason for this
is that these variables are important and highly related to the safety of the plant. Fast controlling is
therefore requisite and because the sample time of a MPC-controller is high, it is done by an extern
controller. When this solution is adopted, there is no need for scaling down the sample time of the
MPC and this has the advantage that the computer time is extended.



Density reactor

This variable is not directly measurable in the reactor. An extract of the manufactured product has to be
examined in a laboratory. It is possible to estimate the output but, in a real plant, errors will be made.
This is one of the most important CY's because a product will be related to a grade by the density and
the natural logarithm of the meltindex.

LNMI reactor

In the previous chapter the importance of the LNMI is mentioned. It is, just like the density, not
possible to measure this variable on-line. The quality of a product depends on the values of the LNMI
and the density.

Coolwater flow

This flow never comes physically in the reactor but will only cool down the exterior of the reactor. With
this flow it is possible to manage the temperature in the reactor more quickly in comparison with the
catalyst flow.

Product flow

The amount of product can be measured with this flow. The more reactions take place, the higher the
flow at the end of the reactor. This flow will be transported to another part of the factory were it will be
used as base material for several products (see table 4.I).

Level, Temperature and Pressure

These variables will be used to monitor the basic properties of the reactor coherent with the safety of
the plant. As mentioned in section 4.3 these variables are double controlled. The first, quick, control
step is done by a PID-controller and the slow changes are done by a MPC-controller.

These ratios are the partial pressures in the reactor, with these ratios it is possible to get an insight in
the values of the Density and the LNMI.

Purge

Purging is neither a CY or a MY, but sometimes it is used by the operator so it will be explained in this
chapter. When Purge is applied, all gasses in the top of the reactor will be taken out. This action is only
done in a few specific situations e.g. quick grade change, pollution of the process. It may be clear that
this is be a very expensive action, so it must be used with prudence.



4.4 Reactor simulation

The whole reactor is simulated by a physical model. This model runs in a program called: gPROMS.
Some adjustments had to be made for a good functioning together with the Inca environment. The
engine sends the values of the different variables to the model and subsequently the model gives back
the modified values. An important alteration is the implementation of the ratios (C4C2 ratio and
H 2 C2 ratio) in the model. In the former situation, the ratios were calculated by IncaCalc and then
passed through to the Engine. Now gPROMS calculates the ratios and therefore the model is more
realistic in comparison with the previous case.

4.5 Conclusion

In this chapter a short introduction is given on what products can be made of HDPE and why grades
are needed.
Also an extended chemical analysis of the reactions is given, for a better comprehension of the dy
namics in the reactor. Not all chemical details are given (e.g. in what order the electrons move in the
crystal), only the major dynamics were discussed.
The reactor in whole is explained and the major CV's and MV's were covered for a better understand
ing. Final a short note is made about the program in where the physical model runs.



Chapter 5

Performance monitoril1g

In this chapter different techniques will be discussed to monitor the performance of the controller
with regard to the quality of the model. First problems with respect to performance monitoring in
general will be treated. Secondly four methods will be covered for monitoring, the advantages and
disadvantages will be displayed.

5.1 Problems

The basic problem when monitoring the performance is that it is by definition impossible to put the
deterioration of the process down to one source. The reason for this is the fact that it is impracticable
to distinguish model errors from disturbances. In the follOwing figure F the problem is illustrated.

DlsturIMnce
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HDPE
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e

Figure 5.1: Outline ofthe schematic control scheme.

The variable e is fed back through the controller. This variable consists of the following parameters:

• Differences between the HDPE process output and the model.

• Disturbances e.g. day/night-cycle, chemical phenomenons etcetera.



When no assumptions are being made, it is not feasible to attribute a decrease of performance to the
model or to the disturbances. Therefore some assumptions have to be made, some of these assump
tions were mentioned before in chapter 2.2.

• The controller is unconstrained, or acts within its boundaries. This means that no extra non
linearity is introduced (since the process itself is also non-linear).

• The controller is time-invariant, or very slowly time-variant. The process is controlled in such a
way that every samples has a close to similar control action. This can be done by ensuring that
no boundaries are being crossed.

• The disturbance is time-invariant, there are no instant changes in the behaviour over the distur
bances.

• The unmeasured disturbance is assumed to be a zero-mean, white Gaussian noise signal.

• The disturbances only appear at the output of the process. In a real plant the disturbances will
appear at different points, for simplification reasons the disturbances are put to the output.

When applying these assumptions it is possible to distinguish model errors from disturbances. This
will be proved in the following chapters.

5.2 Power spectral density

When a process changes due to aging, several characteristics change with it. A good monitoring device
would be to observe the power spectrum of the output. With formula 5.1 it is possible to construct the
closed-loop power spectrum.

mx[n] = E [x[n]] = mx
N

Txx[k] = J~oo 2~ L x[n]x*[n - k]
n=-N

00

Pxx[W] = L T XX [n]e- j .6.mz

n=-oo

(5-1)

In Matlab the power spectral density can be obtained by making use of the function psd.
It is not necessary to observe the whole spectrum ofthe output. only a small part is interesting to check
if the model fulfills to its expectations.
The interesting part of the spectrum is the part were the transition is between controlled behaviour
and uncontrolled behaviour. Therefore it is important to know the bandwidth of the whole plant. This
can be obtained by performing some simple tests on the plant.
However there are some disadvantages to implementing this method.
One important reason is that the spectrum is very fanciful. Even when there are no errors or almost
no errors, the spectrum changes continuously. This makes it extremely difficult to make a profound
estimation on the error being made.
Secondly, if it is possible to calm down the spectrum (e.g. by using Hamming-windows etc.) then
only a statement can be made if there are errors or not. The reason for this boolean-like decision is
that a spectrum provides not enough information to estimate whether the model is deteriorating or
improving (i.e. a decrease in gain will not necessary imply a decrease in performance). The formula
for the Hamming window can be found in formula 5.2, where the kth harmonic in a N harmonic series
is multiplied by the following equation.

k1r
w[k] = 0.54 + 0.46 cos( N )



Therefore the power spectral density will declined as a method for monitoring the performance.
In the next section, other methods will be proposed for making a profound prediction of the perfor
mance of the plant in whole.

5.3 Principal component analysis

Another way to monitor the performance of the model is to applying principal component analysis
(PCA). This technique will be explained in this section together with some mathematical properties.
First the importance of the data, which is used for the analysis, is discussed.

5.3.1 Output properties

For PCA it is, just like the power spectral density, more interesting to monitor the output ofthe process
rather than the difference between process and model. The reason why the difference between process
and model cannot be used is that the signal-noise ratio is too low for being valuable for performance
monitor purposes.
The output data (CV's) used has several properties:

• The data is continuous i.e. data will be generated from the start of the plant until the shutdown.

• Offset i.e. a mean value unequal to zero.

• Different types of unit e.g. Bar, degrees Celsius etc.

Several measures have to be taken to overcome these problems:

Continuous data

It is not possible nor favourable to use all data that is generated during the lifetime ofthe plant. There
for a small part of the data must be used, this is possible by applying a window. The size ofthat window
is different for every plant and must be tuned in such matter that all monitoring tools will operate at
their best.

Offset of the data

This problem can be easily solved by mean-centering the data, this will be explained in chapter 6.5.1.

Different units

All units will be scaled in such a manner that every output has equal power in its signal, this will be
presented in chapter 6.5.2.
With these problems solved it is possible to perform PCA-tests on the plant.
The objective of PCA is to predict a model-error given the experiences ofa change in output character
istics. In most processes there are relations (strong or weak) between the several outputs. I.e. for the
HDPE simulator it may seem clear that when more product comes out, more reactions tend to take
place in the reactor, more heat is produced so more coolwater is needed. Therefor there might be a
strong relationship between these two outputs.
First an introduction to principal components analysis will be given.



5.3.2 Introducing principal component analysis

Principal component analysis (PCA) is among the most popular methods for extracting information
from data, and has found application in a wide range ofdisciplines. PCA transforms the data matrix in
a statistically optimal manner by diagonalising the covariance matrix by extracting the cross-correlation
or relationship between the variables in the data matrix. If the measured variables are linearly related
and are contaminated by errors, the first few components capture the relationship between the vari
ables, and the remaining components are comprised only of the error.
Thus, eliminating the less important components reduces the contribution of errors in the measured
data and represents it in a compact manner. Applications of PCA rely on its ability to reduce the di
mensionality of the data matrix while capturing the underlying variation and relationship between the
variables.
Abnormal operation is detected if the measurements deviate from the region of normal operation in
the space of the retained principal component scores, or the space of the residual error.
Conventional PCA is best for analysing a two-dimensional matrix of data collected from a steady-state
process, containing linear relationships between the variables. Since these conditions are often not
satisfied in practice, several extensions of PCA have been developed. Dynamic PCA extracts time
dependent relationships in the measurements by augmenting the data matrix by time-lagged variables.
Both, static and dynamic PCA will be treated in this chapter.
PCA can be calculated by eigenvalue decomposition or singular value decomposition. PCA is a scaled·
dependent method. It requires a proper scaling of the data in order to obtain reasonable results. It is
more common to center the data with mean and scale the data to have unit variance, as was discussed
in the previous chapters.
Before the PCA method will be treated, first the singular value decomposition is explained.

Theorem 5-I (Singular value decomposition (SVO)) If X is a real mxn matrix then there exist orthogonal
matrices.

U=[UI' ..., urn] in lR mxn and V=[VI, ... , vn ] in lR nxn

such that

U'XV=S=diag(SI, ... , 8 p ) in lR mxn, p=min{m,n}

where singular values 81 ~ 82 ~ ... ~ 8 p ~ O.

The matrices U (left singular vectors) and V (right singular vectors) are orthogonal matrices, Le.
U'U=UU'=Im and V'V=VV'=In.

5.3.3 Static peA

Static PCA monitoring methods implicity assume that the observations at one time instant are statis·
tically independent to observations at past time instances. The data matrix, required for PCA, has the
following form:

X(k) =

(

Xl (0)
Xl (1)

xI(N)

XA(O) JXA(O)

xA(N)

Where N is the number of observations and A is the number of measurements variables. PCA trans·
forms X by combining the variables as a linear weighted sum as,
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where, P are the principal component loadings and T are the principal component scores. The prin
cipal component loadings denote the direction of the hyperplane that captures the maximum possible
residual variance in the measured variables, while maintaining orthonormality with the loading vec
tors. The eigenvectors of the covariance matrix of X are the loadings and the eigenvalues indicate the
variance captured by the corresponding eigenvector. The data matrix is composed by the SVD as,

1 X = USVT

.)N-l

where, S is the diagonal matrix ofeigenvalues, p T = V T and T = J(N - 1)US.
If the measured variables are redundant or correlated, the number of non-zero eigenvalues is equal
to the rank of the matrix, and the data matrix may be reproduced exactly without considering the
loadings and scores corresponding to the zero eigenvalues. Thus, PCA reduces the dimensionality
of the data matrix by extracting the linear relationship between the variables, and decorrelating the
cross-correlation in the data matrix. In practise, the measured variables are usually contaminated by
errors, and none of the eigenvalues are exactly zero, but the loadings and scores corresponding to small
eigenvalues are composed of the errors only. Thus, the contribution of the errors in the data matrix
may be decreased by eliminating the loadings and score corresponding to the small eigenvalues, and
reconstructing the filtered or rectified matrix as,

X=TPTq

where T, and Pq represent the selected scores and loadings respectively.
An Important decision in PCA is to select the appropriate number of principal components that cap
ture the underlying relationship, while eliminating the errors. Several techniques are available for this
task and is reviewed by Jackson (Jac91). If an estimate of the error is not available, methods such as
scree test, parallel analysis or cross-validation may be used. The scree test plots the eigenvalues and
relies on the less important to be much smaller than the others. The test looks for a break in the steep
slope of the relevant eigenvalues and the almost flat slope of the eigenvalues representing the errors.
Having established a PCA model based on historical data collected when only common cause variation
was present, future behaviour can be referenced against this "in-control" model. New multivariate
observations can be projected onto the plane defined by the PCA loading vectors to obtain their scores,

Tnew
-T (5.6 )= Pq X new

and

Xnew = PqTnew (507)

Ifa totally new type ofspecial event occurs which was not present in the reference data used to develop
the in-control PCA model, then new PC's will appear and the new observations X new will move off
the plane. Such new events can be detected by computing the squared prediction error (SPE) of new
observations.

A

SPE = L)Xnew,i - Xnew ,i)2

i=l

This statistic is also referred to as the Q-statistic or distance to the model. When the process is in
control, this value of SPE or Q should be small. Upper control limits for this statistic can be computed
from historical data and were proposed by (Jac91) and (Nom95).
When an unusual event occurs that results in a change in the covariance structure of X, it will be
detected by a high value of SPE; a high value of SPE means that the projection is not valid for that
observation.
In practice, the dynamics of a typical chemical or manufacturing process cause the measurements to
be autocorrelated, that is, the data matrix will have both cross-correlation and auto-correlation. The
steady-state PCA (or statical PCA) approach may be extended to modelling and monitoring ofdynamic
systems, this will be explained in the following section.
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5.3.4 Dynamic peA

The previously discussed PCA monitoring methods are no longer valid when shorter sampling in
tervals are desired for speedy fault detection, in which case a method taking into account the serial
correlations in the data may provide improved fault detection.
The PCA methods can be extended to take into account the serial correlations, by augmenting each
observation vector with the previous M observation and stacking the data matrix in the following man
ner,

Xl (1) Xl (0) xI(1 - M)

xA(I) XA(O) xA(1- M)
Xl (2) Xl (1) xI(2 - M)

X(k) =
xA(2) xA(I) xA(2 - M)

xI(N) xI(N -1) xI(N - M)

xA(N) xA(N - 1) xA(N - M)

Dynamic PCA (DPCA) also transforms the data matrix in a linear weighted sum as,

(5·9)

where, P are the principal component loadings and T are the principal component scores. The data
matrix is composed by the SVD as,

1 X = USVT
yN"=1

(5-10)

where, S is the diagonal matrix ofeigenvalues, pT = UT and T = J (N - 1)V S. Due to the different
construction of the data matrix, formula 5-10 is not identical to formula 504-
After the number of dimensions is chosen, the new multivariate observations can be projected onto
the defined space to obtain the DPCA scores.

Tnew 'T T (5-11)= (Pq X new )

and

Xnew 'T T (5-12)= (TnewPq )

Now time-dependent relationships can be extracted from the data matrix, and monitoring of the pro
cess can be done. In the following section the design procedure is presented for implementing PCA
(static and dynamic) on a process.

5.3.5 Implementing procedure

In monitoring, a specific operating region of interest is tackled. Only data corresponding to acceptable
product, or acceptable conditions should be included; faults or disturbances are excluded from this
model. The objective is to model good operating behaviour only, and to test for any future deviations
from this model ((Mac95)).
When a process is non-linear (in practice most processes are) it can be necessary to construct more
then one PCA model, in the extreme case, a process has as many PCA models as there are grades.
The first step in constructing a PCA model is the decision whether to use static or dynamic PCA. When
making this decision, it is important to investigate the sampling interval; when this interval becomes



shorter, the choice for DPCA becomes larger.
In this section only the implementing procedure is explained for static PCA, the dynamic situation can
be extracted by using the DPCA formulas.
The second step in constructing a PCA model is to make sure to have a reference data set. This is the
data set which contains historical data, characterising the behaviour of the process. When analysing
historical data, initially all the data should be used. If the projection indicates clusters with only a few
points in them, or individual outliers, these data should not be discarded, but investigated.
True outliers (measurements errors) should be discarded. If there are clusters ofonly a few points that
are identified as reflecting some real, unusual event, then more data points are needed in this region
to model the behaviour of these events.
Before the, approved, reference data set can be used, first the data has to be mean-scaled and scaled
with the standard deviation.
The principal components can be constructed when applying formula 5+ By making use of the sin
gular values, the number of principal components can be chosen.
The important principal component loadings are stored in a matrix and can be used for calculating the
new principal scores (according to formula 5.6). With the new scores and loadings, the estimated data
matrix can be calculated.
It is important to compare the behaviour of the original data matrix with the estimated data matrix.
When the difference is too large, probably too many loading vectors where omitted in the construction
procedure.
When the PCA model is completed, the implementation on the process can take place.
At every time-sample a new data matrix is build, with this matrix the principal scores can be calculated.
It can be interesting to plot the different scores against each other. If the new data matrix has a differ
ent behaviour in comparison with the reference data matrix, a different pattern can be noticed. In the
following figures two different behaviours can be seen.

\..
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Figure 5.2: Example oftwo different score plots.

No conclusions can be made when looking at those plots, it only indicates that the behaviour is differ
ent from one another. It is possible that both behaviours are represented in the PCA model and are
therefore statistically in-control.
To obtain more information of the performance of the process, the squared prediction error can be
used (formula 5.8) when comparing the true data matrix with the estimated matrix. A SPE plot can be
seen in figure 5.3, the blue line represents the initialisation data set and the green line shows a data set
of a process that indicates to be out ofcontrol.
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Figure 5.3: Squared prediction error [or two different situations.

A clear difference can be seen between both lines, an upper control limit (UPC) can be made accord
ingly to the reference data set, different approaches for UPC's are treated in (JaC79). The number of
observations used in the data matrix (N) is strongly dependent on which process PCA is applied to.
The size of N is minimal the size if the settling time of the longest observed variable. When the data
matrix is small, Le. there are not many CV's and the size ofN is small. the PCA algorithm is probably
fast enough for performing the required calculations between two samples. For some batch processes
the data matrix becomes very large and two time samples are no longer sufficient for doing all the
mathematical calculations. The calculation that takes most computer time is the SVD. This procedure
can de speeded up by approaching the SVD in a different manner, this is explained in (VogO!). In this
thesis the computational time is short enough, therefore no changes are made in the approach of the
SVD.
The PCA algorithm is not robust enough for dealing with sensor faults and blank data spots. For esti
mating the data in those spots, a reference is made to (Mac96).
In chapter 7.! the static PCA method is tested on a simulation process. Dynamic PCA will not be tested
on the HOPE process but a comparison based on practical data can be read in (Rusoo). In the following
part of this chapter the second method will be explained to monitor the performance, this method has
a similar concept of monitoring but a different approach in comparison with the presented method.
Before the algorithm will be explained, first some explanation is needed for building a mathematical
framework.

5.4 Linear regression

Linear regression analyses the relationship between two variables, e.g. X and Y. For each time sample,
X and Yare known and the objective is to find the best straight line through the data. In some situ
ations, the slope and/or intercept have a scientific meaning. In other cases, linear regression can be
used as a standard curve to find new values of X from Y, or Y from X. To clarify the terms slope and
intercept figure 5.4 is added.
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Figure 5+ Linear regression on a scatter diagram.
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In this thesis the data used is mean-centered (as mentioned in section 5.3.1), therefore the intercept
part is equal to zero. The general formula for solving this problem is the following:

Yi,t Xtf3 + Et
K

L Xk,t(3k + Et
k;j

Noise with mean zero

Innovation or error term

Xt (3 ElYi.t1Xd
conditional mean ofYi,t

linear function of Xt

(3 Parameter (estimation by ordinary least squares)

To calculate (3. the sum of the squared residuals have to be minimised.

T

/3 arg min L(Yi,t - X t(3?
t=!

It is the objective to minimise the residuals in formula 5.14.

Yi,t - xt /3
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In matrix notation the variables convert to the following fonn.

y
(T xl)

This will lead to:

(

Y.,l )Y.,2
,

Y.,T

X
(T x K)

(X'X)-l X'y

Y -x/3

c
(T xl)

The ordinary least squares decomposition (OLS) consists in decomposing Y into two orthogonal pro
jections, one on the space spanned by the columns of X and the other on the space of innovations.
With the (3 known it is possible to make two new variables which will be explained in the next chapter.

5.4.1 Introducing latent variables

To display the related variables the (3, introduced in the previous chapter, is used. It is possible to
calculate the angle a between the x-axis and the regression line, now the whole figure can be turned
using the folloWing fonnula:

[
-cos(a)

[XlatentYlatent] = -sin(a)
sin(a) ]

-cos(a) [XmanijestYmani/est] (5-17)

In figure 5.5 it can be seen what fonnula 5-17 implies.
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o

Figure 5.5: Converting manifest variables to latent variables.

The data points are rotated in a way that the regression line covers the X-axis.
It is possible to inspect the directions where the gain changes, this could indicate a changing of the
underlying process. The specific characteristics of these methods will be explained in chapter 7.1 where
it is put in practice.
This one way of monitoring the perfonnance but is also possible to inspect this in an other way, as will
be shown in the following section.



5.4.2 Predicting outputs

It is possible to predict an output when other outputs are known, as it was stated in formula 5.15.
First it is important to examine the correlations between the output signals. Secondly the correlations
between the output have to be inspected. Now it is requisite to fulfill the following condition: An
output has to be correlated with two or more other outputs but these other outputs must have a small mutual
correlation.
This means that every new output added to the prediction criterion must have new information about
the predicted output.
When a process fulfill to this condition the prediction can be implemented. With formula 5.16 it
becomes possible to examine the quality of the prediction by inspecting the residuals.
If there is no change in the residuals, no change is detected in the correlation between the signals.
If the residuals become worse: the dynamics in the reactor probably change. With these introduced
method it is possible to perform tests on it, how the testing is done will be explained in chapter 7.1.

5.5 Conclusion

In this chapter several techniques were proposed for monitoring the performance of the process. First
an introduction of the preprocessing for the signals was made.
Secondly, PSD was introduced and due to the disadvantageous consequences, this method was de·
clined.
Thirdly. different methods were discussed for monitoring the performance of a process. All proposed
methods will be tested in a simulation environment. The functioning of these techniques will be
reported in chapter 8.1.
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Chapter 6

Identification

Identification of a process is needed when the performance of the plant in whole is beyond the stan
dard. This performance can be upgraded by choosing a model which covers the dynamic behaviour of
the process in a better way than the former model does.
At present, when a model doesn't fulfill to its requirements, the plant has to be stopped and a open-loop
identification is executed. When it is possible to do this identification in closed-loop in the same time
or faster, still a product can be made and the economical loss will decrease. This product has a lower
quality than in normal use, but the plant still operates.
In this chapter a method will be proposed for dose-loop identification when using a MPC controller.
First the main steps will be discussed which are needed for implementing the dosed-loop identifica
tion. Secondly, every step will be explained in order to get a better insight in the details ofidentification.
Thirdly, the implementation ofprior knowledge is discussed.

6.1 Overview phases

In order to perform a structural identification, several steps have to be made. These steps can be viewed
in the following figure 6.1.



I

L
Design

II experiment.

l~

III

IV

VI

VII

Figure 6.1: Outline ofthe steps, necessary to perform a closed-loop identification.

Each phase will be briefly discussed in the following sections.

I-Choose modelset

For identification can take place, first an important decision have to be made. There are different
types of model structures that can be chosen to perform the identification (e.g. parametric or non
parametric, deterministic or stochastic).
A HDPE simulator has multiple inputs and outputs (MIMO), there are not many model sets that can
cope with this fact. Most sets only deal with MISO (multiple input, single output) or SISO (single
output, single input). Therefor the modelset used for this thesis is Matlab's n4sid and is of the type
subspace identification. This type of identification will be discussed more extensive in section 6.3.

II-Design experiment

In order to perform a successful identification it is requisite that the input signal is designed such
that all the, important, dynamics of the process are captured. With the design experiment it is im
portant that all knowledge is used about the plant for developing a signal which covers all important
characteristics of the process. More about this subject can be found in section 6+

39



III-Collect data

This topic was discussed in section 7.1.

IV-Examine data

In a real plant it is important to examine the data closely because it is possible that there exist errors
in it. E.g. it is imaginable that a sensor gives wrong data for a few samples due to a temporarily
malfunction of the sensor. With advanced tools it is possible to mark this data as 'bad' and it will not
be used in the identification.
In the examples used in this thesis it is not possible that such faults appear because it concerns a
computer simulation. Therefor all the data is 'good' data and can be used for identification.

V-Oetrend and scaling

After the data is examined, some pretreatment has to be done. First the signal has to be detrened to
assure that all offsets are removed from the signal, more in section 6.5.1.
To make sure that all the data has equal power, the data have to be scaled, this will be discussed in
section 6.5.2.

VI-Compute model

After all the pre-processing is done, the model can be made. For a model as large as the HOPE
simulator this can take a minute.

VII-Rescale

Because the signal is scaled in step V, the model has to be rescaled in order to get back the right units.
This step is as well described in section 6.5.2.

VIII-Validate model

Finally the model has to validated. To do this, extra data is needed in order to have an independent
set so all the dynamics can be tested. When the model is not good enough for implementation in
the controller, the process starts again by designing a new testsignal. A wrong design experiment
was chosen in the beginning and therefore an unsuitable model is the outcome. This situation has
to prevented due to the high costs of performing a closed-loop identification on a plant, therefore it is
unacceptable to do this test twice. In the outline in figure 6.1 it can be seen that most blocks are in
it twice. The reason for this is that it is necessarily in closed.loop to make an extra step. This will be
explained in the following section.



(6.2)

6.2 Two stage method

To identify the process in closed-loop, additional techniques must be implemented. In figure 6.2 a
schematic outline can be seen of the controller and the process.

Figure 6.2: Ovemew ofthe plant and the controller.

The objective for identification is to find a new state space description for the model M(q). The defi
nition of operator (q) is explained in appendix C. In an open-loop situation it is sufficient to perform
an identification between the signals u(t) and Yt(t). This is not possible in a closed loop simulation
because the output is connected to the input through the controller C (q).
This problem can be avoided by implementing the two-stage method (introduced in (Hof93)). The
system relation in the closed loop case shows that the input signal satisfies:

u(t) = (I - fl(q)C(q))-IC(q)r(t) + (I - fl(q)C(q))-IC(q)d(t) (6.1)

with: fl(q) = P(q) - M(q)

Since r(t) and d(t) are uncorrelated signals, and u(t) and r(t) are available from measurements, it
follows that it is possible to identify (I - fl(q)C(q))-IC(q) in an open-loop way.
This is the first step in the procedure, in the second step the process will be identified.
Consider the following system relation:

Yt(t) = d(t) + P(q)u(t)

In formula 6.2 the true output is displayed, u(t) consists of the following components:

u(t) = ur + ud (6.3)

Where ur is the input caused by r(t) and ud is the input caused by d(t). To eliminate the influence of
the disturbance on the input of the second identification, formula 6.1 can be implemented. Now it is
possible to estimate u r directly with making use of the first identification. The formula for the second
identification is now:

Yt(t) = d(t) + P(q)ur(t)

Since ur(t) and d(t) are uncorrelated it follows from formula 6,4 that when ur(t) would be available
from measurements, P(q) could be estimated in an open loop way, using the common open-loop
techniques.
In this thesis the function n4sid will be used, this function is an identification based on subspace
identification and will be discussed more extensively in the following chapter.



6.3 Subspace identification

Over the past decade, subspace-based identification (SI) methods have emerged as an important tool
for identification of linear multivariable dynamic systems. A great advantage about these methods is
that they are numerically reliable and computationally less cumbersome than prediction-error based
methods. The identification problem considered in subspace identification methods is that of finding,
up to a similarity transformation, the matrices A, B, C, and D (as well as Kin combined deterministic
stochastic identification) of the system

x(k + 1)

y(k)

Ax(k) + Bu(k) + Ke(k)

Cx(k) + Du(k) + e(k)

with state x E IRn , input u E IRm , output y E IRP and white noise e E IRP , given observed inputs u and
outputs y. In all SI approaches, the order n ofthe state space, equation 6.5. is determined by performing
singular value decomposition (SVD) on a data matrix and enumerating the number of "large" singular
values. which is equal to the nonzero singular values of the same matrix in the absence of noise. The
remaining singular values, which are "small", correspond to what would be zero singular values in the
absence ofnoise. In practical identification problems it may be difficult to distinguish between "large"
and "small" singular values of the data matrix. How these problems are solved can be read in (MisOI).
In this thesis the Matlab function n4sid is used for performing a subspace identification. Some practical
considerations about this function will be covered when testing the dose-loop identification in section
7.4. more about this function can be found in (Ove96).
In order to perform a successful identification. the testsignal is of great importance. In the following
section this will be explained more distinct.

6.4 Excitation signals

This chapter handles the subject about testing signals or excitation signals. First the purpose and the
importance is covered. secondly an excitation signals is being discussed and third, something is said
about persistent excitation.

6.4.1 Significance

For identification it is requisite to have an input signal that is sufficiently exciting and also covers a
specific part of the frequency range. It is not necessarily that a model reflects all the dynamics of the
plant, it is adequate to cover only the part that is needed for the MPC.
Not all the input data that is designed will be used for computing the model. A small part of the data
will be used for validation purposes, roughly ~ will be used for identification and ~ for validation.
For the petrochemical industry the higher frequencies are not as important as the the lower. this is
due to the fact of the high sampling time (Le. 5 minutes). When an identification is performed and
the models are compared by an algorithm, only the slow variations are taken in account. This can be
build in by designing an input signal that puts more weight on a particular part of the frequency band.
In the following section a specific input signal will be explained were all mentioned properties can be
implemented. this signal is called a Random Binary Sequence.



6.4.2 Random Binary Sequence

Let {w(t)} be a stochastic white noise process, then

u(t) = c· sign[w(int(tINe))]

is a binary signal that satisfies

o
and

(6.6)

<p(w) = _1 1 - cos(wNe). (6.8)
N e l-cosw

Normally a RBS signal has always flat spectrum but with the extension of N e it is possible to shape the
spectrum. Instead ofallowing the input signal to change sign every sample time, the input signal can
be kept constant for Ne > 1 multiples of the sample interval. In (6.6), int(tiNe) is the largest integer
that is smaller than or equal to tiNe. Furthermore there are some properties that can be extracted of
the RBS signal.

• u is bounded in amplitude. This is a favourable property because actuators may be restricted by
a physical configuration.

• u is binary, and therefore it has maximum signal power under an amplitude bound constraint.

In figure 6.3 it can be seen that it is possible to shape the spectrum with N e , therefore it is feasible to
put the emphasis only on the interesting part ofthe frequency band.
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Figure 6.3: Spectrum 2~ <p(w) of RBS with basic clock period Ne = 1 (solid), Ne=3 (dashed), Ne=5
(dotted) and Ne=IO (dashed-dotted).

More about testsignals can be found in (Hofor).
For a proper identification, an input signal has to be interesting enough so the output reflects all the
important behaviour, this is called persistent excitation and will be treated in the next section.
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6.4.3 Persistent Excitation

In order to be able to extract sufficient information from data concerning the dynamics of the under
lying data generating system, the condition on the character of the input signal that is applied during
the experiments have to be imposed. It is straightforward to understand that the character of the input
signal highly determines the amount of relevant information that is present in the data. E.g. if a con
stant input signal is applied, u(t) = c, t E Z it can not be expected that the output signal contains any
information on the dynamics of the system. Only static behaviour can be uniquely determined then.
When all requirements are fulfilled the input signal is good enough for identification and the testing
can begin. After the tests it is not possible to use the data directly for identification, first a pretreatment
is necessarily. This will be covered in the following section.

6.5 Signal Processing

Before it is possible to perform an identification, first the different signals have to undergo a prepara
tion. Two important steps will be discussed in this section: detrending and scaling.

6.5.1 Detrending

For identification can take place first the input signal has to be detrended. This means that a continuous
piecewise linear trend or constant value will be distracted from the signaL In this thesis a constant term
will be removed from the signaL This constant value is the mean of the signaL To illustrate this action
figure 6.4 is added.
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Figure 6+ Detrending ofa signal.

It can be seen that the signal is still the same but a offset ofapproximately 28.5 is removed.
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6.5.2 Scaling

Input and output signals ofphysical processes will generally have numerical values that are expressed
in different units and different ranges, dependent on the fact wether mbars's, em's, see's etc. will be
used. In order to arrive at normalised transfer function, signals are scaled in such way that they exhibit
an equal power with respect to their numerical values. For multivariable systems this scaling problem
becomes even more pronounced, as different signal amplitudes then automatically lead to a different
weighting ofthe signals in the prediction error criterion. In other words: signals with larger numerical
values will then dominate over signals with smaller numerical values.
In order to reach the objective ofequal power in all the Signals, the signals will be scaled by its standard
deviation.

u;(t)
ui(t)

(6·9)
O'ui

y;(t) =
Yt(t)

G'Yi

The signal ui(t) is declared in formula 6.4. When this formula is applied, all input signals will become
equal important in the identification.
This property can also be used to make some signals (e.g. the quality parameters Density and LNMI)
more important to have a better estimation of these signals. This will go at the expense of the iden
tification of the other transfer functions, so caution is needed when applying this technique. In this
thesis, all signals will be scaled equally important i.e. formula 6.9 is implemented.
After the identification (i.e.when a model is computed), the model has to be rescaled in order to get
back the right dimensions. This can be done by scaling the Band C matrix ofthe computed state-space
model.

(6.10)

(6.11)

When formulas 6.10 and 6.II are executed, all outputs and inputs will have the right scaling. It is now
possible to validate the model with the validation set. When the model is approved it is directly usable
for the Engine.
In the following section, a method is discussed for limiting the amount of samples needed to perform
an closed-loop identification.

6.6 Implementing prior knowledge

This step is not admitted to figure 6.1 because it is an unusual step in common closed-loop identifica
tion.
From operators view it can't be possible that the first time an identification is performed it takes, for
instance, one week and when a second identification is necessarily it takes again one week. In other
words, is it possible to perform an identification with making use ofprior knowledge?
This is a rather controversial subject in modem control-science, because there a more than one solu
tions but it all got disadvantages.
It is possible to make use of 'orthogonal polynomials', the advantage is that it is possible to make use
of an old model. The drawback is that it is difficult implementing because the theory is based on an
infinity time-base but the time-base used in an identification is far from infinity. Therefor this theory
knows a lot of difficulties that have to overcome before it can be successfully implemented. In this
thesis, this theory will not be used.
It is possible to make use ofanother method which also makes use ofan old model.
For a successful identification, a certain amount of data is needed to make all the calculations. An
identification has to be as short as possible because it disturbs the quality of the product. To make the
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tests shorter the old model can be used to produce 'fake'-data, based on the old behaviour.
An obvious disadvantage of this method is that the result of this method is an averaging of the new,
good, data and the old, insufficient, model-data. Because of this reason, caution is needed. This
method can be used however the amount oforiginal data have to be a lot larger than the 'fake'-data.
There are some practical considerations for applying this theory, this will be explained in the following
steps.

Because the new data have to fit exactly on the original data, it is important to put the model in the
appropriate state. This can be done by state estimation or, more simple, by giving the model all the
original input data and remove the first bit. This is illustrated by figure 6.5

Mode/Oat

Figure 6.5: Setting the sta tes ofthe model.

In this figure, three variables can be seen: X, Y and Z.

• X: In this time-zone the original data is used in the identification. The model needs this time
zone to initialise, this can be seen in the figure by the fact that the responses are not the same.

• Y: Still, the original data is used for identification but there is a difference in comparison with
time-zone X. The model shows the same (or almost the same) behaviour as the true process. It
can be concluded that the model has the right states for further generating of the signals.

• Z: Now, the model data is used in the identification. It shows that the original data is stopped so
the process will not be disturbed anymore.

When using this technique the process has to fulfill the property that it has still behaviour which
resembles for a bit to the model. I.e. the process may have changed in a way that the model is not good
enough but it must have some similarities. In this thesis this assumption holds so it can be tested.
To make sure that the resemblance is as large as possible, the fake data is fitted on the real data. This
can be done with formula 6.12.

v V O"Y"real
Ii fit = Ii fake X ---

, , aYi,jake

(6.12)

Where Yfake is the original by the model generated data; Yreal is the real by the process generated
data;O"Y"rca, and O"Y,,/ake are the standard deviation of the real and fake data, respectively; Yi,fit is the
new, fitted, fake data.
In figure 6.6 the consequences can be seen of this operation.



Figure 6.6: Setting the states of the model.

The prior knowledge is used for step VI, the testing of this method will be done in chapter 7.5.

6.7 Conclusion

In this chapter, methods were proposed for performing a closed-loop identification on a MPC.
In the beginning of this chapter all important steps were introduced. In the following sections these
steps were short explained.
It was proven that the two stage method is important for closed-loop identification. The algorithm used
for identification (N4SID) was short mentioned.
A significant part of this chapter was dedicated to the testing signals. Several types of signals with
different kinds ofproperties can be chosen. Important, by making this decision is the flexibility of this
testsignal and close attention must be paid to Persistent excitation.
Finally, a method is proposed for scaling back the amount of samples needed for a closed.loop identi
fication.
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Chapter 7

Testing on the HDPE simulator

In this chapter all proposed methods will be tested, both performance methods as identifications tech
niques. Before these tests are carried out, first the testing environment will be explained. The testing
environment is the framework needed for performing the several tests in an ordered and controlled
manner.

7.1 Testing environment

All the testing is done in Matlab. therefore some tools had to be made so the data can be used in Matlab.
In the following figure 7.1 the different modules will be visible.

Figure 7.1: Interaction between Matlab modules and the INCA environment.

These modules will be explained briefly before continuing with the testing environment.

Matlab client

This makes it possible to communicate with the dataserver used in the Inca environment. It is possible
to read and write with the Matlab client, so all variables can be manipulated.



Names

With this script it is possible to declare which variable have to be read. All de data is saved in one
structure together with their names.

LogMPC

This programme is needed to operate the Matlab client. Here the client can be started, the maximal
length of the data is set and some more options are available.

To make a profound test it is necessary to switch between some grades (covering a wide range of the
working area) with a good working process and an inferior one.
With Pathfinder it was possible to make the paths between grade: Gr, Ro and R7. The reason why
these grades are chosen is the fact that the dynamics, needed to control the process, are very different.
The difference between these grades will be explained in appendix A. In the following figure 7.2 the
path is shown.
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Figure 7.2: Working area where the new paths are displayed.

The engine uses a model that was identified in grade M4. The HDPE-process is non-linear but it is
possible to control the whole working area with one model. Evidently, the model has not the same
performance in all grades, in grade M 4 the model has a better fit than in e.g. grade R7.
For testing, it is interesting to examine both cases; with a good performance and with a poor perfor
mance. To implement both cases it is possible to make some changes in the simulator that resembles
the true process. E.g. changing differential algebraic equations. This is however difficult and no war
ranties can be given.
An other option is to change the model, in this way controllability can be guaranteed.
With the Modeler (see chapter 3) it is possible to make models that can be used by the Engine. It is
possible to make good models but it is also possible to make a model that is worse. This can be done by
making some adjustments to the configuration of the testsignals. In chapter 6,4 the properties about
testsignals will were explained. To make the model even worse it is configured for grade Cl, that is at
the left-top comer of the working area. The prediction is that this model is not very good for grade R7
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which lies at the right-bottom of the working area. In appendix B the differences between the 'good'
model M 4 and the 'poor' model GI is explained.
For clarification reasons,a short summary will be given of the procedure that was followed above.

• With Pathfinder, a path was constructed between grades: GI, RO and R7.

• The process has a good performance with a model identified in grade M 4.

• A model is identified in grade GI with making use of a poor excitation signal. When using this
model, the process will have a worse performance due to the poor identification routine.

• Both models were implemented in the controller and the path was followed between GI, RO and
R7. All data was collected and can be used for analysing the performance of the process. The
data set belonging to bad performance (GI) is indicated as BAD and the other data set (M4) will
be referred to as GOOD.

7.1.1 Generating data for performance purposes

In this section the generating of the data sets will be clarified in order to perform performance moni
toring tests on it.
For making a profound test, different grades with various properties must be passed.
Therefore the following test routine is created:

I. Start in grade GI.

2. Remain for 300 samples.

3. Transfer to grade Ro.

4. Remain, in steady state, for 300 samples.

5. Transfer to grade R7.

6. Remain, in steady state, for 300 samples.

In all simulations are disturbances added, these disturbances are based on integrated white noise.
Three large data set were created, two with making use of model M 4 (one for initialisation and one for
testing) and one with model Gl. The properties of both models is discussed in appendix B.
The consequence of using these different models is that the data set of M 4 has a higher performance
than the data set using model Gl. In the following figure (7.3) an example is shown of the difference
between the data sets, the CV used for making this figure is the Coolwater.
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Figure 7.}= Example of the differences between the data sets.

It can be seen that there exist hardly any differences between the blue and the green line, the both data
sets only differ in added noise. The red line shows a total different behaviour because an other model
and other noise are used.
These data sets will be used throughout the monitoring of the performance. The data set intended for
initialisation is referred to as: INIT; the data set intended for monitoring with a good performance is
referred to as: GOOD and the data set intended for monitoring with a worse performance is referred
to as: BAD.
In the follOWing chapter the first method for monitoring the performance is being tested.

7.2 Simulation with principal component analysis

In this section, tests are performed using the method described in chapter 5.3.
The simulation is carried out on the data sets: INIT,GOOD and BAD as described in the previous
chapter.
First it is important to initialise the size of the window. If the size is too large, errors are being made
with detrending, if the window is too small it is impossible to perform a proper test. The window size
is put on 200 samples because it is shorter than the number of samples needed for a transfer between
grades (which is approximately 280 samples).
For further testing, steps declared in chapter 5-3 are being implemented.
As was mentioned before, only the statical PCA will be tested on the HDPE-simulator.
For every grade in the testing path (i.e. Gl, RO and R7), a PCA model is calculated with making use of
the INIT data set. This PCA model represents good performance and shows a process that is statistical
in-control. The PCA models were constructed according to the formulas in chapter 5-3-3. A figure of
this algorithm can be seen in figure 7+
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Figure 7.4: Schematic outline ofthe peA procedure.

The number of principal components depends on the singular values, an example of these values is
plotted in figure 7.5.

Figure 7.5: Singular values ofthe initialisation data set.

For this process, the first four principal components are used for monitoring the performance. How
ever, the choice of four is not indisputable because it fully relies on the perception of the user.
Data sets GOOD and BAD are projected on the orthogonal bases, declared by the PCA model. The
results of these projections can be seen by the scores and squared prediction errors. The results for grade
Gl will be represented in the following section.

Grade Gl

In figures 7.6 and 7.7. the score plots for the first two principal components can be seen. It is not
possible to use these plots as a measure for the performance. What can be derived from these score
plots, is the difference in behaviour between the both data sets. The data set with good performance



shows a pattern, this could indicate a behaviour which is constant in time. The data set with bad
performance has a more random behaviour and the points a more scattered over the region.
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Figure 7.6: Score I against Score 2 with GOOD. Figure 7.7: Score I against Score 2 with BAD.

For score plots, 7.8 and 7.9 the same conclusion can be derived in comparison with the results for the
first principal components. The data set BAD, shows even a bigger amplitude and the scattering is so
large that suspicions of worse performance becomes bigger.
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Figure 7.8: Score 3 against Score 4 with GOOD. Figure 7.9: Score 3 against Score 4 with BAD.

In 7.10 the squared prediction error can be found for grade Gl. This figure can be constructed when
implementing formula 5.8. It becomes clear that the distance of the BAD data set is much larger than
the distance of the GOOD data set. The conclusion can therefore be made that there is a decrease in
performance when using data set BAD. In figure 7.10, the contribution for every variable to the SPE
can be seen. The variable that has the biggest contribution is clearly H2C2ratio. For an operator, this
is a valuable indication in which direction the problem can be solved.
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In the following section the results for grade RO are stated.

Grade RO

For grade RO there is still a pattern recognisable in figure 7.12, and the amplitude is almost the same in
comparison with grade Gl. For data set BAD in figure 7.13, the amplitude is much larger and therefore
the suspicion emerges that the performance will be bad.
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Figure 7.12: Score I against Score 2 with GOOD. Figure 7.13= Score I against Score 2 with BAD.

In figures 7.14 and 7.15, the same conclusion can be made. For data set BAD, the points are clustered
in the center of the plot but the scattering over the region is very large. With data set GOOD, the points
have its cluster also in the center (this is due to the fact that the data is detrended) but its scattering is
many times smaller.
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Figure 7.14: Score 3 against Score 4 with GOOD. Figure 7.15: Score 3 against Score 4 with BAD.

Almost the same figure can be seen for this grade in comparison with grade Gl. The SPE in 7.16
of both data sets are clearly different from one another. The largest contribution to the SPE is now
being caused by the C4 C2Tatio. The change in contribution, in comparison with grade Gl, can be
explained by the fact that the process is non-linear.The implemented model. for making data set BAD,
is therefore insufficient for controlling in both grades but in a different way.

e~ 10'

- ooסס
-BAD

7r-""--0·~-~~-~-~~---r--.....__;1~=;;;.7oooo='"

I~

- • I
Cootw. Product level Temp. Pre-.n C4C2 rat. H2C2 rat

Figure 7.16: SPE [or both data sets [or grade RO. Figure 7.17: Contribution to SPE [or grade RO.

Grade R7

For grade R7 almost the same conclusions can be made in comparison with the two other grades.
In figures 7.18 and 7.19, the scattering of the points in the score plots is larger than in the previous
grades. There is no pattern recognisable in the data set GOOD, which may indicate of a decrease of
performance.
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Figure 7.18: Score I against Score 2 with GOOD. Figure 7.19: Score I against Score 2 with BAD.

The scattering of the score plots in figures 7.20 and 7.21 is for data set GOOD smaller and for data
set BAD larger in comparison with the score plots belonging to the first principal components. This
indicates a strong relation with the PCA model for data set GOOD. For data set BAD, probably only
errors are being displayed. For a better measure of the performance, the SPE must be investigated.
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Figure 7.20: Score 3 against Score 4 with GOOD. Figure 7.21: Score 3 against Score 4 with BAD.

It becomes clear that the level for the SPE for data set BAD is clearly higher than for data set GOOD in
figure 7.22. When investigating the contributions to this SPE signal (figure 7.23), more variables are
having a large distance towards the original PCA model. When all variables have a large distance, it is
unlikely that this problem is caused by sensor faults. In this case it is more likely that the model used
in the MPC is insufficient for doing its task.
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Figure 7.22: SPE [or both data sets [or grade R7. Figure 7.23: Contribution to SPE [or grade R7.

7.2.1 Conclusion for PCA method

From previous tests the conclusion can be drawn that it is possible to monitor the performance on
line with making use of static PCA. With this method it is possible to investigate the directions which
causes the problems. Therefore an operator has a good indication which variable is out·of-control.
When more than one variable is out-of-control, the accuracy of the model can be questioned. In the
following section the method described in chapter SA-I will be tested on the high density polyethylene
reactor.

7.3 Simulation with latent variables

In this section, the correlation between the variables is tested. To do this, first the correlation in general
between the different CV's will be monitored.

7.3.1 Relation between signals

As mentioned in chapter 5.3.1, the following outputs will be examined:

Table 7.1: Table with all the inspected outputs.

Output Output
Density reactor Temperature
LNMI reactor Pressure

Coolwater flow C4 C2 ratio
Product flow H 2C2 ratio

Level

The outputs used in table 7.1 are the outputs of the simulation process with added integrated white
noise. This output can be seen in figure 5.1, the variable name in that outline is y. To inspect the
correlation between the different output signals, a closer look on the outputs is needed. To examine
the correlation, nominal data is used in presence with the good model M4. In this case nominal data
means data were no steps are made and with a disturbance as described in chapter 5.L
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An example of an output under these assumptions can be seen in figure 7.24, in this case the output
displayed is the density in the reactor.
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Figure 7.24: Estimation of the disturbances ofthe density in the reactor.

The sum ofall the values in above interval is equal to zero, this is due to preprocessing of the signal.
To find the relations between the different signals, regression techniques (chapter 5.4) are used.
The objective is to make a prediction for every CY depending on the other CY's. If it is possible to
predict a certain CY this means that there exists a strong correlations between the predicted CY and
the predicting CY('s). The accuracy of fit can be supervised by the residuals (formula 5-14).
In the following table 7.2 the results are displayed of this test.

Table 7.2: Table with the mutual relations.

Density LNMI Coolwater Product Level Temp. Pressure C4C2 rat. H 2C2 rat.
Density 12·°9 7.6 9 7.6 9 4·94 4·45 3·74 6·57 1.23
LNMI 1.97 0.81 0.41 0.62 0·77 0.81 0·°9 17.85

Coolwater 37.72 24.48 49.25 38.51 38,43 38.24 42.60 23.02
Product 34.15 11.28 44.60 3°.32 3°·82 32.22 36 .54 27.92

Level 8·95 6·95 14-23 12·37 12.66 11.27 3.41 1.99
Temp. 8.08 8.61 14.021 12·59 12.67 11.41 0.67 2.84

Pressure 7.36 9.78 15.36 14.29 12.25 12-40 1.58 17.22
C4C2 rat. I.49 0.12 1.96 1.86 0·43 0.08 0.18 7·93
H 2C2 rat. 0.30 26.69 1.14 1.53 0.27 0-38 2.13 8·54

Confidence 0·43 0.58 0·°9 O.Il 0.29 0.29 0.27 0·57 0·55

All displayed values are in percentages except Confidence, to make it possible to compare the different
contributions. Every value is computed in the following way:



/3 (X'X)-IX'Y
J

f3;ot I:/3i
j=1

Qj 4 (7.1)-!- x 100%
f3Tot

where Y(I x 1) is the true predictand (property of interest); X(I x J) is the true predictor matrix;
/3(J x 1) is the true regression vector; Qi(1 x 1) is the contribution to the prediction; and I and J
denote the number of training samples and predictor variables, respectively. In table 7.2, Qi is plotted
for every variable.

In this table the row Confidence is added, in formula 7.2 it can be seen how this number is calculated.

1 J
Confidence = N I: abs(Yj - X j f3)

j=1

When the confidence of a certain CV is low, this means that the it is possible to make a profound
prediction.

There are several good combinations possible but a small selection is made, the following CV's will be
used for the method described in chapter 5+1.

1. Product against Coolwater.

2. Level against Coolwater.

3. Product against Temperature.

4. Product against H 2C2 ratio.

To predict a CV with making use of all the other CV's (method described in chapter 5.4.2), two CV's
are chosen: Coolwater and LNMI. Coolwater scores best according to table 7.2, LNMI scores worst in
this table.
In the following chapter the method which monitors the interaction between 2 CV's will be tested.

7.3.2 Monitoring of two related GV's

In this section two related CV's will be tested on the HDPE simulator. The tests will be carried out on
two data sets: GOOD and BAD (as discussed in chapter 7.2).
For this test, the same window size (i.e. 200) is chosen as was used for simulating the latent variables.
In these tests no boundaries were set, only the difference will be discussed.

Product against Coolwater

The dispersion that can be seen in figures 7.25 and 7.26, is evidently different. With the GOOD data
set the responses are clearly in a ordered way and the behaviour take place in a small area of the plot.
With the BAD data set the points are put more randomly over the plotted area.
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Figure 7.2 5: Rotated scatterplot with GOOD in GI. Figure 7.26: Rotated scatterplot with BAD in
Gr.

In figures 7.27 and 7.28 the same plots can be seen, but now in working in grade RO. There is remark
able difference in comparison with the previous plots, the character from the the data points has clearly
changed. The reason for this difference is that the process is non-linear and therefore it is possible that
the behaviour changes per grade. Again, the BAD data set is more disturbed in comparison with the
GOOD data set.
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Figure 7. 2 7: Rotated scatterplot with GOOD in Ro. Figure 7.28: Rotated scatterplot with BAD in
Ro.

Almost the same behaviour as in the previous figures can be seen in plots 7.29 and 7.30. For the HOPE
process, the conclusion is that Coolwater and Product can be used to monitor the performance.
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Figure 7.29: Rotated scatterplot with GOOD in R7. Figure 7.30: Rotated scatterplot with BAD in R7-

Level against Coolwater

In the first plot of grade Gl (figures 7.31 and 7.32). the distinction between the both data sets is even
greater than with Coolwater and Product. With the data set GOOD the data points are located in a
small area this in contradiction with data set BAD. where the points are scattered over the plot.
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Figure 7.31: Rotated scatterplot with GOOD in Gr. Figure 7.32: Rotated scatterplot with BAD in Gr.

In figures 7.33 and 7.34 the differences between the both data sets are still noticeable, but are less
evident than in grade Gl. It is still possible set boundaries but these boundaries must cover a larger
area for preventing that a wrong conclusion will be made.
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Figure 7.33: Rotated scatterplot with GOOD in Ro. Figure 7·34: Rotated scatterplot with BAD in
Ro.

For figures 7.35 and 7.36, the same conclusion can be made as for grade RD.
The conclusion for this pair will be that it is possible to monitor the performance but it is important to
examine the behaviour per grade.
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Figure 7.35: Rotated scatterplot with GOOD in RJ, Figure 7.36: Rotated scatterplotwith BAD in R7·

Product against Temperature

The correlation between Product and Temperature is almost the same in comparison with Level and
Coolwater. Therefor, the same conclusions will be expected.

For grade GI the difference between plots 7.37 and 7.38 is visible. It is remarkable to see that the
scattering ofdata set GOOD in the x-direction is larger than with data set BAD. The reason for this can
be that this transfer function is better in this this grade. When a model changes, it is not necessary
that the it changes in a negative way.
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Figure 7.37= Rotated scatterpJot with GOOD in GI. Figure 7.38: Rotated scatterpJot with BAD in GI.

There is hardly any difference between the both data sets (figures 7.39 and 7.40). Only a few outliers
can be found in data set BAD, these small differences can be used as trigger for a closer investigation.
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Figure 7.39: Rotated scatterpJot with GOOD in Ro. Figure 7·4°: Rotated scatterpJot with BAD in
Ro.

For plots 7-41 and 7.42 the same conclusion can be made as in grade R7.
The conclusion for Product and Temperature is that is can be used for monitoring purposes, but again
the selection of the boundaries is important.
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Product against H 2C2 ratio

In figures 7.43 and 7.44 the differences between the both scatterplots is clear. In this grade it is there
fore possible to set boundaries and to monitor the performance.
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Figure 7.43: Rotated scatterplot with GOOD in Gr. Figure 7·44: Rotated scatterplot with BAD in
Gr.

Also in grade RO the differences can be found between the both data sets, this can be seen in plots 7.45
and 7-46.
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Figure 7.45: Rotated scatterplot with GOOD in Ro. Figure 7.46: Rotated scatterplot with BAD in
Ro.

The conclusion for Product against H 2C2 ratio is that it is possible to monitor the performance. This
is also confirmed for grade R7 (plots 7-47 and 7.48).
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Figure 7.47: Rotated scatterplot with GOOD in R7· R ..
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7.3.3 Conclusion for latent method

In the given examples it was proved that it is possible to monitor the performance with making use of
the technique described in chapter 5,4,1.
Only the directions in gain were examined, while performing these tests it became clear that it was
not possible to investigate the R2 as was described in formula ?? The reason for this is that it is not
possible to predict a variable with one other variable, therefore the outcome of this formula will always
be unsatisfactory.
In the following section the method described in chapter 5.4.2 will be tested.

7.3.4 Predicting outputs simulation

In this section plots will be made of the residuals according to formula 5.14. The residuals are plot
for three grades (Gl. RO and R7) and for two variables (Coolwater and LNMI). The reason why these
variables were chosen is that it is possible to predict Coolwater but the prediction ofLNMI is a lot more
difficult.



Grade Gl

For both the variables it is possible to make a prediction when using data set GOOD (figures 7.49
and 7.50). The prediction with data set BAD produces a lot of errors, this is probably due to its noisy
character which is different for every cv.
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Figure 7.49: Residuals belonging to Coolwater.
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Figure 7.50: Residuals belonging to LNMI.

The behaviour for grade RO is remarkable in comparison with the previous grade. For Coolwater it is
possible to predict the value when making use of the other CV's for both data sets, this can be seen in
plots 7.5! and 7.52. The reason for this can be that the response of data set BAD is not inadequate in
this grade. The prediction of the LNMI is for both data sets not possible, no distinction can be made
between GOOD and BAD.
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Figure 7.51: Residuals belonging to Coolwater.

Grade R7
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Figure 7.52: Residuals belonging to LNMI.

This grade proves the functioning of the algorithm. In figures 7.53 and 7.54. the differences between
the both data sets and the both investigated CV is obvious. It is possible to predict the Coolwater with
data set GOOD but impossible with data set BAD and the differences between the Coolwater and LNMI
are made clear also.
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Figure 7.53: Residuals belonging to Coolwater.

7.3.5 Conclusion for prediction method
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Figure 7.54: Residuals belonging to LNMI.

The differences between the data sets can be made clear when implementing this method. It is im
portant to choose a CV which has a strong correlation with the other CV's, this was proved by the tests
with the LNMI.
It is possible that this technique cannot be implemented in every process, it is necessary that there
exist a strong correlation. This method has almost no computing time and implementing will give
quick and clear results for someone who is familiar with the process.
In the following section, closed-loop identification is carried out on the process.

7.4 Identification on the HOPE simulator

The testing is performed in grade M2 (figure 4.1) and will be carried out in two different cases: on a
normal operating process and on process with less performance.
How these two cases are constructed can be read in chapter 7.1.
Every step,declared in figure 6.1 will be explained and the results will be displayed ofboth the cases. In
this section the normal operating case will be referred to as M 4 and the case with the less performance
will be called Gl. In order to make the test more realistic, integrated noise is added at the output of
the process.
After these two cases are evaluated, a last test, with prior knowledge, will be carried out and compared
with the normal cases. In figure 7.55, the description above can be seen in a schematic manner.
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Figure 7.55: Implementation closed-loop tests.

I-Choose modelset, stage 1

This decision was already made in section 6.30

II-Design experiment, stage 1

In the HDPE simulator is takes about 30 samples before the signal reaches its steady state, this is an
important property which has to be taken in account. In Matlab it is possibly to define aRBS-signal
with the function idinput. Every input will be excited at the same time, but not every input has the
same amplitude. In the following table the amplitudes are shown for each input.

Table 7.3: Amplitudes ofthe different input signals.

Input Max Min
Density reactor -20 20

LNMI reactor -0-4 0·4

Coolwater flow -70 7 0

Product flow -15 15

Level -0·4 0·4

Temperature -1.5 1.5

Pressure -1.5 1.5

C4C2 ratio -0.0001 0.0001

H 2C2 ratio -0.00007 0.00007

After implementing all characteristics the input signal is a matrix with 9 columns and 1000 rows. This
matrix will be used as input signal for the identification of the first stage.

III-Collect data, stage 1

All the data is collected with the Matlab client as described in chapter 7.1.
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IV-Examine data, stage 1

As mentioned in chapter 6.1, it is not requisite to examine the data on sensor faults. However, it is
useful to check if all steady states are reached and to inspect wether the noise is realistic.
After examining all the data, there can be no errors reported.

V-Detrend and scaling, stage 1

All signals are detrended and scaled.

VI-Compute model, stage 1

From all the test data, ~ is used for identification, the other part of the output data will be used for
verification purposes.
The model for the first stage is computed by 114sid. There are different options than can be used when
applying this function. It is very important to set the order of the model that will be predicted. This
is not hard science but comes down to 'feeling for the process'. The first stage has 9 inputs and 4
outputs. The original model had order 50, but can be reduced to 10 without great loss of dynamics.
It is the objective to make the order as low as possible because it is numerically more stable and less
calculation time is needed.
an other option in 114Sid is to set the window which is used for the prediction. In this thesis, a large
window is chosen (Le. 40), however the function sets the window automatically to a lower value.

VII-Rescale, stage 1

The Band C-matrix are rescaled, so the models for the first stage is completed.

VIII-Validate model, stage 1

With the second (~) part of the data, the verification is carried out. In figure 7.56 the verification can
be seen of the first stage of both cases.
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Figure 7.56: Verification ofone output for both the cases.

The identification of both cases is done with different input signals with the same properties. It can be
clearly seen that the identification ofthe 'good' case M 4 is better than the identification of the 'bad' case
Gl. This can be explained by the fact that the plant in whole is less stable and has more different poles
which have to be identified. However, after close examination both the models pass the verification
test so the next step can be implemented.
This means that formula 6,4 can be used in order to generate uncorrelated inputs.

II-Design experiment, stage 2

There is no need for a design experiment because the input for the second stage is a direct result of the
output from the first identified model. It the design experiment was done properly in the first stage,
the signal for the second stage is still enough persistent exciting.

III-Collect data, stage 2

No collection have to be done because all data is available from the previous data collection.

IV-Examine data, stage 2

It is advisable to examine the input signal, if there are not enough excitations the second identification
can go wrong.
In both cases (M4 and GIl the input and output signals have probably sufficient information for a
proper identification.
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V-Detrend and scaling, stage 2

It is not necessary to detrend the input signals for the second stage. Because the input data is generated
with the model identified in stage I, there exist no offset. The output must be detrended because this
signal is collected from the simulation which was performed in stage I.

Scaling is for both signals required because their exists different units in input and output.

VI-Compute model, stage 2

Their are 4 inputs and 9 outputs and approximately 50 states. Former test shows that the model of
the process can be reduced to 10 states. Setting the identified model to 10 states is therefore a good
starting point. Again the horizion is set to 40 but will be corrected by the function n4sid. After the
identification the function reports no errors, this means that both identified models a at least stable.
The quality of the identification will have a closer look in step VIII.

VII-Rescale, stage 2

The Band C-matrix are rescaled, so the models for the second stage is completed.

VIII-Validate model, stage 2

The last, important, step in the identification procedure is to check wether both models meet to its
requirements. The best way to test this is to examine the output response of the both models. In the
following figures the both models can be seen together with the real output of the process. In figure
7.57 the best result is displayed and in figure 7.58 the worst result is displayed.
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Figure 7.57: Best identified transfer function.
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Figure 7.58: Worst identified transfer function.

It becomes clear that both the models pass this last test and become usable to be implemented in the
engine. There are three remarkable properties that can be distracted from this verification.

1. The performance of model Gl is better than M 4. The explanation if this could be that:

(a) The testdesign in step II was for Gl ofa higher calibre than M 4.

(b) The model Gl is more robust in comparison with model M 4. When the inputs are exci
tated, the process becomes a little unstable. When a model only is good in a small working
area, the instability becomes larger.

(c) The disturbance is for both identifications different, this could lead to different results.

2. The pressure is the best transfer function for both the models.

3. The worst transfer functions are different and are both quality parameters. This could be ex
pected at the beginning of the experiment because the quality parameters are, in a real plant, not
directly measurable (chapter 4.3).

7.4.1 Conclusion for closed-loop identification

The previous tests show that it is possible to perform a closed-loop identification. It is however impor
tant to follow the conditions as they were given in chapter 6. For a proper identification, it is required
to make detailed preparations. All physical dynamics must be known, only then it is possible to design
the testsignals that will give satisfactory results. For this process all dynamics and important features
were discussed in chapter 4.
In the following section, the identification method with prior knowledge will be tested on the HDPE
process.



7.5 Identification on the HOPE simulator with prior knowledge

In this test the identification steps are implemented but now also the method described in chapter 6.6
is used. Most steps are identical to the former chapter, therefore only the interesting differences will
be showed.

II-Design experiment, stage 1

The same design experiment is used as in chapter 7-4, but now a smaller part of the data is used for
computing the model. The same amount of verification data will be used (500 samples) but now 200

instead of 500 samples are used for identification purposes. At the end of these 200 samples, 100

samples are put which were designed accordingly to figure 6.5. In figure 7.59 this can be seen in real
data.
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Figure 7.59: Worst identified transfer function.

The data used for identification resembles the first 200 samples of the green line and the last 100

samples of the blue line. It is clear that there exists a difference between the real data and the generated
data but this is expected. It would be rather strange if the lines overlap, this means that there is
no performance decrement. Therefor it is good that there is a difference, however within certain
boundaries so the generated signal is not completely different.
In the figure 7.60 the CV with the best result is plotted for identification using model M 4. The
response with prior knowledge turned out to be as nearly as good as without prior knowledge.
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Figure 7.60: Best identified transfer function with Model M 4.

In plot 7.61 the outcome can be seen of the CV with the best results for model Gl. It can be seen that
the resemblance between real data and simulated data is very good.
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Figure 7.61: Best identified transfer function with Model Gl.

In figure 7.62 the worst result for this identification can be seen. It can be stated that an identification
is as good as its worst transfer function. In this figure the response shows some dissimilarities, but
the overall behaviour is probably good enough for implementing.
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Figure 7.62: Worst identified transfer function with Model M 4.

The differences between the real data and the model data in figure 7.63 are almost the same in com
parison with the above plot. Therefor the conclusion is that the identification is possible with prior
knowledge and there are piratically no differences between the good model M 4 and the bad model Cl.

-0.03

Figure 7.6} Worst identified transfer function with Model Cl.

7.5.1 Conclusion for identification with prior knowledge

With the previous tests, using prior knowledge, the developed method was proven. It shows that
it is possible to make an identification, when implementing this method, without creating a wrong
model. This technique must be investigated more extensively because the side-effects are not fully
understand in this stage of the research. The addition of fake data will probably lead the a non-linear
averaging of the both data sets. To investigate the influence of this generated data, one much inspect
the identification method (N4SID) more closely.
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Chapter 8

Conclusions and recommencdations

8.1 Conclusions

In this thesis several methods were introduced for monitoring the performance of a Model Predictive
Controller with respect to the used model.
The Power Spectral Density was declined for monitoring purposes due to its unstable character and
because it is not possible to give a measure. Even when the PSD was stable, then it is still impracticable
to give a standard if the model is good, bad or somewhere in between. Three techniques were approved
for performing some tests on a special designed environment, these techniques are: Principal Com
ponents Analysis, Latent variables and Predicting outputs. These methods all investigate the relation
between the mutual outputs. When one or more relations changes, this will indicate a change in dy
namics. Because the dynamics are changed, the difference between the used model and the process
will become larger which will lead to a loss in performance.
Because it was not possible to test these methods on a real plant, a simulator was used. All testing was
done on a High Density Polyethylene simulator with making use of the Inca environment developed
by Ipcos Technology.
Before testing was done, the whole chemical reactions of this plant was explained.
From the tests it became clear that it is possible to detect a decrease in performance, but the detected
differences between the good and bad process were small.
All three described techniques are usable for monitoring the performance but better results were
achieved by PCA.
To decide when the performance decreases, it is advisable to use all three techniques. Every method
predicts the performance in an other way so when combining these methods, a good indication can be
made about the quality of the process.

When its certain that the performance is decreased, steps will be necessarily for correcting the perfor
mance of the process. To accomplish this, the old model have to be replaced with a new model. This
new model will have the same new dynamics in comparison with the process, therefore the perfor
mance will be higher than the former situation.
Nowadays, a plant has to be shut down to perform open-loop identification tests on it. In this thesis a
closed-loop technique was stated to prevent a shutting down.
Some extra steps are needed for implementing this method in comparison with the open-loop identi
fication, all steps were described in this thesis.
After testing this on the HDPE simulator the conclusion was that is is possible to perform a closed-loop
identification.
One disadvantage was that the number of samples necessary for the test was too high. Therefor a
new controversial method was used to overcome this problem. The method is controversial because



it makes use of the data belonging to the old model. Knowing this, the amount of this data was min·
imised to minimise the influence on the identification. This method will only be useable under the
assumption that the old model must reflect a great, but insufficient for continuing with this model,
part of the important dynamics of the process.
After testing this method, the results were nearly as good as the technique where no extra data was
used. Therefor, this method can be used but the operator must know exactly what impact the extra
data will have.

Many research is still needed for testing the performance of the process with respect of the quality of
the model. In this thesis several techniques were developed and tested which can be seen as a starting
point for more research. Also the closed-loop identification for MPC needs more research. Many reo
search is carried out on other control algorithms but just a few on MPC.

8.2 Recommendations

In this section recommendations will be stated for future work.

1. Testing on other simulation processes
To test the different techniques, only the HDPE.process was used. It can be possible that better
or worse results can be derived depending on the process. It is therefore important to perform
tests on several process with complete different dynamics.

2. Testing on real industrial data
The intention for monitoring the performance is to implement, eventually, the developed tech·
niques in practice. It can be profitable to perform first some tests on real industrial data.
For closed-loop identification this is more difficult because an operator will never allow to disturb
a plant which is in production.

3. Practical considerations
The proposed techniques for monitoring the performance cannot be implemented without some
prudence. In practice there the data is not nearly as perfect as in the simulation case, data can be
missing or wrong due to, for instance, sensor faults. In this thesis the used techniques are not
suitable for for this kind oferrors, therefore some data preprocessing is necessary.

4. Implementing prior knowledge
In this thesis prior knowledge is implemented with making use of data generated by the old
model. There are other techniques available which can implement prior knowledge but introduce
new problems. It is important to observe these other techniques because research is done in
increasing degree. An example ofa promising technique may be Principal components.
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Appendix A

Properties of the testing path

In this appendix the three grades (i.e. GI. Ro and R7) which are included in the testing path will be
examined. To perform a profound test, it is important that the grades have different dynamics so a
greater test area will be covered. First explanation is done on how the different dynamics of the grades
can be made visible. Secondly the selected MV's and CV's are proposed for making the comparison.
Thirdly the selected transfer functions will investigated by its step and impulse responses.

A.1 Grade characteristics

In this section the method on how the grades can be examined will be clarified. In chapter 4.4. the
programm Gproms is mentioned. With this programm it is possible to simulate a non-linear process.
This process has the same behaviour as a real reactor and communicates with the dataserver of the
Inca environment.
It is also possible to communicate within Matlab with the Gproms interface. In Matlab a programm
is written to extract a Jacobian of the grade the process is in. A Jacobian matrix is the representation
of a linear transformation with respect to the standard basis in the Euclidean spaces (both source and
target space).
When a Jacobian matrix is known, it is possible to construct a state space description of the process in
that particular grade.
Grades have been constructed for all 15 grades that are visible in figure 4.1. In figure A.I the structure
can be seen on how a grade was made in Matlab.

UntrMke

Figure A.I: Outline ofthe hierarchy ofMatlab files for constructing state spaces models.
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All modules will be shortly explained in the following sections.

StartScript

This function is the main function which operates all other functions. It is possible to define the
filename and to declare ofwhich grades linear models are desired.

LoadlnitialState

This function is called to ensure that all variables have an initial value.

Configurator

Several variables will be initialised by means of predetermined values belonging to a particular grade.
All these values are stored in a structure which will be used by several sub-functions. Not all values
will be over written, some variables keep their value initialised by LoadInitialState.

GetABCDModel_Gproms

To perform the different steps needed to get to a state space description, this function is used. In this
function three sub-modules will be called to make the different calculations, these function will be
explained in the following sections. This function will give back the ABeD-matrices of the process in
one grade.

This function performs a simulation on the HOPE model. The simulated data is used to initialise,
eventually, the state space model.

gjac

To construct a Jacobian, this function will be used.

UnMake

A linearisation of the Gproms model based on the Jacobian of the differential algebraic equations and
vector of input and output indices will be determined by this function.

After comparing all grades some grades were chosen to generate the testing environment. The em
phasise the differences and the similarities, step and impulse responses are executed. Not all transfer
functions will be showed, only a few interesting transitions are chosen and will be explained in the
following section.
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A.2 Selected signals

Not all the transitions will be inspected, only the responses that are interesting will be displayed. In
the following table, the used outputs are made visible.

Table AI: Interesting transfer functions.

MY CV
C4 C2 flow Density reactor
C4 C2 flow C4 C2 ratio
H2C2 flow LNMI reactor
H2C2 flow H2C2 ratio
Cat flow Product flow
PCsp Pressure

These transfer functions are chosen because the MY's and the CY's are strongly related.

C4 C2 flow to Density reactor

In both the step response as the impulse response can be concluded that model Ro has a very different
behaviour in comparison with the other two models.
It also shows that model R7 has a faster response and is therefore quicker at its steady state value.
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Figure A2: Step response ofC4 C2 Bow to Density Figure A3: Impulse response ofC4 C2 Bow to
reactor. Density reactor.
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Model R7 reaches a lower steady state value in figure A+ The impulse responses are for all grades
approximately the same, R7 is slightly different.
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Figure A.4: Step response 0[C4 C2 flow to C4 C2 Figure A.S: Impulse response 0[C4 C2 flow to
R~ ~~R~

It can be clearly seen that Model GI has a total different response. The steady state value is much
higher in figure A.6 and it has slower dynamics. The slower dynamics are plain noticeable in the
impulse response in figure A.7.
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Figure A.6: Step response o[ H2C2 flow to LNMI Figure A.7: Impulse response o[H2C2 flow to
reacror. LNMIreacror.



Just like the C4 C2 flow to C4C2 ratio transition, there are few remarkable differences perceptible except
the steady state value in the step response of model R7.
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Figure A8: Step response ofH2C2 Bow to H2C2 Figure A.9: Impulse response ofH2C2 Bow to
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Catalyst flow to Product flow

In both figures AIO and A.II model R7 has a different response that the other two grades. Also the
delays are different: model Ro reaches quick steady state with no overshoot (figure A.IO) whereas
models GI and R7 are experiencing overshoot and a little delay.
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pC_sp to Pressure

No differences can be seen in the both figures and the conclusion can be made that all three transfer
functions are identical to each other.
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Figure A.I2: Step response ofPC_sp flow to Pres- Figure A.I3: Impulse response ofPC_sp flow to
sure. Pressure.

A.3 Conclusion

In this appendix the construction of linear models from differential algebraic equations is given. Sec
ondly the investigated signals are summed up. Thirdly, all selected transfer functions were examined
by its step and impulse responses.
The overall conclusion of this appendix is that there are clear differences between the grades but also
resemblances. This property makes a trajectory between these grades suitable to form a part of the
testing environment.



Appendix B

Comparing models

In this appendix, the difference between the 'good' model M 4 and the 'bad' model Gl is discussed.
First the selected outputs are discussed and secondly the different step and impulse responses will be
shown.

B.1 Selected signals

Not all the transitions will be inspected, only the responses that are interesting will be displayed. In
the following table, the used outputs are made visible.

Table H.I: Interesting transfer functions.

MY CV
C4 C2 flow Density reactor
C4C2 flow C4C2 ratio
H 2 C2 flow LNMI reactor
H 2 C2 flow H 2C2 ratio

Cat flow Product flow
PCsp Pressure

These transfer functions are chosen because the MY's and the CV's are strongly related.

B.2 Comparison of variables

To underline the difference between 'good' model M4 and 'bad' model GI, step and impulse responses
will be investigated.

C4 C2 flow to Density reactor

In figure H.I the step response is made visible. The dynamics of this response are good but there is a
little offset of the both signals and the gains are clearly different.
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Figure B.x: Step response 0[C4C2 flow to Density Figure B.2: Impulse response 0[C4 C2 flow to
reactor. Density reactor.

In figure B.2 the impulse response can be seen. In comparison with the step response, the impulse
response is worse. The dynamics are strongly different from each other and model Gx has an offset
in the first samples of the signal. It can be concluded that the transfer function of model GI captures
most off the greater dynamics but is worse than the original model M4.

The dynamics of the step response in figure B.3 are approximately the same, the only difference is that
the gain of model M4 is smaller.
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Figure B.J: Step response 0[C4 C2 flow to C4 C2 Figure B.4: Impulse response 0[C4C2 flow to
n~ ~~n~

In the impulse response of figure B-4 there are almost no variations noticeable. Therefore it can be
concluded that the response of model Gxis almost identical to the response of model M4.

H 2C2 flow to LNMI reactor

The step response has almost the same dynamics but there is a difference in gain as can be seen in
figure B.7. A difference in this transfer function and the transfer function between C4 C2 flow and the
Density is unfavourable because the quality of the total product will be related to these particular CV's.
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Figure B.5: Step response of H2C2 flow to LNMI Figure B.6: Impulse response ofH2 C2 flow to
reactor. LNMI reactor.

The impulse response in figure B.8 of model Gr is very restless, nevertheless are the dynamics about
the same to model M4. Again, a difference in gain is conspicuous.

In the step response in figure B.7 it becomes clear that the gain is different from each other but that
the dynamics are the same.
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Figure B.7: Step response of H2 C2 flow to H2 C2 Figure B.8: Impulse response ofH2 C2 flow to
m~ ~~m~

The impulse response (figure B.8) is, despite of its restless character, almost identical. The conclusion
of this transfer function is that the differences between model M4 and model Gr are small.

Catalyst flow to Product flow

The response of the both step responses (figure B.9) correspond to the results of other transfer func
tions. The dynamics are the same but the gain is slightly different.



Input: Cal #Jow, OUfpul: PrvdtIc, ..... 1Ilp411: Cal .... 0utIwI: #'rotIIIcf no..
5000 '00-_1M -_1M

-1iIodIl401 -IlIodiIIQl
'00

,..
120

'00

00

..

..
,.

'''0TO 00 .. '00 10 ,. :lO .. 50 .. 70 00 .. '00

Figure B.9: Step response of Cat flow to Product Figure B.lo: Impulse response of Cat flow to
flow. Product flow.

The impulse responses in figure B.lo are the same but model GI has an offset in the first samples so
the response is rather different in comparison with model M4.

PC_sp to Pressure

The only remarkable difference between the two step responses is the offset that model G1 has in
comparison with model M4. There is no other difference noticeable between the two responses in
figure B.Il.
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Figure B.n: Step response ofPC_sp to Pressure. Figure B.12: Impulse response of PC-sp to
Pressure.

Just like the step responses there are no differences perceptible except the offset in figure B.12.
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B.3 Conclusion

In this appendix it becomes clear that the used models have different dynamics and different gains.
The model M4 is normally used by the Engine, to accomplish a decrease of performance model GI is
developed. The performance of both models is investigated in this thesis. Not all the transfer functions
differs. there are responses that are almost alike (e.g. Pcsp to Pressure). Both models are constructed
with the Modeler, shortly described in chapter l



Appendix C

Discrete-time systems

General notation

For specifying discrete-time systems relations between input and output signals two shift operators
will be used: the forward shift operator q:

and the backward shift operator q-l:

Using these operators it follows that

00

Yd(k) = L g(l)(q-Iud(k)) = G(q)ud(k)
1=0

with

00

G(q) = L g(l)q-I
1=0

(C.I)

(C.2)

(C.3)

In the notation g(k) the subscript d is discarded for simplicity ofnotation. The sequence g(kh=o.l .... is
the pulse response of the system. With slight abuse of notation, we will also refer to G(q) as the transfer
function ofthe system. Strictly speaking, however, the transfer function is defined by the function G(z):

00

G(z) = L g(k)z-k
k=O

(C.s)



where z is a complex indeterminate.
If an input signal with bounded amplitude is chosen, then an output with bounded amplitude results,
provided that the system is (bounded input, bounded output) BIBO-stable.
This property is reflected by the condition that

00

L Ig(k)1 < 00

k=O

(e.6)

This condition means that the series expansion (e.5) is convergent for Izi ~ 1, which implies that G(z)
is analytic (i.e. has no poles) in the region given by Izi ~ 1 i.e. on and outside the unit circle in the
complex plain.
Additionally a discrete-time system will be called monic if g(O) = 1.
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