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Abstract

In this report the operating regime based process modeling is explained. The operating re
gime based process modeling gives us a fast way to model a nonlinear system. This is done
by examining the systems operating point which indicates the nonlinearities of the system.
An example of an operating point in practice could be the temperature. We decompose the
complete range of operations into severa.l regimes. In each regime the system is assumed to
behave Iinear, sa for each regime we can estimate alocal linear model of the system. Alocal
model has a Iimited range of validity and can be described with a local model validation func
tion. This is a function between 0 and 1 which indicates how valid the model is. With these
local model validation functions we can calculate so-called interpalation functions. With an
interpalation function we can give each local model a certain weight in the global model. The
value of the validation functions and interpalation fllnctions are determined by the systems
operating point. This methad can use the models we a.lready have of the system from the past
but we can also add new models to the global. In this report the practical aspects of operating
regime based process modeling will be ShOWll. We have extended the idea of global modeling
to design a global controller. A global controller contains local PID controllers which all have
a Iimited range of operation. The controllers have a local controller validation function.
The operating regime based process modeling is applied to model a 2x2 Continuous Stirred
Tank Reactor (CSTR). The global 2x2 model of the CSTR is used in afeedforward MPC to
test the quality of the models constructed with the operating regime based process modeling
framework. It seems that the globa.l model Call11Ot handle the global dynamics very weil and
can only be used with slow varying input signais.
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Chapter 1

Introduction

For some applications we want to have a model of a process. \Ve can use this model to predict
the behaviour of the process or to simulate the process to do some experiments that are in
practice not allowed or dangerous. A model enables the design of a complex MIMO controller
and results in a better Ullderstanding of the process. To obtain a model of a system we can
use different mcthods. \Ve can try to describe the process by means of differential equations
based on physical knowledge of the system. This is called mechanistic process modeling.
Mechanistic modeling is not always possible because sometimes we do not understand the
system weil enough to derive a good model. In other situations mechanistic modeling takes
a lot of time and therefore is too expensive. A solution for this problem is to describe the
system by means of a blackbox model. The system is seen as a blackbox with input signals
and output signa.ls. If data sets of the system with input and output signals are available, we
can model the bla.ckbox with aspecific linear model structure (ARX,ARMAX,FIR,BJ,·· .).
The parameters of this model structure can be estimated with a least-squares algorithm. We
split the dataset in two parts, one for estil11ation of the model parameters and one to validate
the model with these parameters to see how weil the model fits the data. If the model fits
the data weil enough we are ready to use it in our applications. The blackbox models are
only useful to model lincar or linearized systems. The linear blackbox model of a nonlinear
system is only valid in a lil11ited operating range at aspecific operating point. Under the
assumption that a nonlinear system behaves linear for small changes in the operating point.
A model with a lil11ited range of operation is called a local model. If we want to describe the
complete operating range of the nonlinear system, we possibly have to derive local models
valid in different operating points. This way the operating range of interest is maybe covered.
When the local models are available, we want to combine them to get a global model of
the system. This is described in [Joha9.5b] and [Joha93]. All the knowledge we have of
the nonlinear system must be used in the globa.l model. The theory of combining all this
knowledge to obtain a global model is explained in the next chapter. The idea of modeling
a nonlinear system with local linear models is quite a natural way of thinking. A common
approach in nonlinear modeling is to linearize the system in an operating point. The operating
regime based process modeling is illustrated in figure 1.1. The system 's full operating range
is assumed to be covered by a number of possibly overlapping operating regimes. In each
operating regime the system is modeled by a local model. The dotted line is the area of
validity of the global model. Operating regime based process modeling has the following
attractive features:

1



2 Introduction

z2(t)

z1(t)

Figure 1.1: The set of 2 dimensional operating points is decomposed into regimes

• It is simplel' to derive local modeIs than to derive a global model.

• The concept of operating regimes is easy to understand.

• We can get a better interpretation of the global model and thus a better understanding
of the system.

• It is a fast way to model a iJ.onlinear system.

• The framework is independent of the underlying process modeis. "'Ie can use different
structures for the loca.l modeis.

The theory of operating regime based process modeling is attractive for systems that have a
wide operating range. For example a batch reactor, where we can distinguish different phases
in the reaction with specific behaviour and thus which can be described with local modeis.
The method of combining local models to get a global model is based on fuzzy set theory. The
idea is that an operating point belongs not, as compared with classical set theory complete
to a set, but belongs partially to a fuzzy set. The degree of belonging to a fuzzy set can be
decribed with a membership function. An operating point is in operating regime based pro
cess modeling a (crisp) set of variables which together describe the nonlinearity of the system.
The regimes can be seen as membership functions. This will be explained in the next chapter.

The main subject of this thesis is to perform an exploring examination of this theory to
examine the possibilities of this theory in practice. The whole trajectory from modeling a
process to controlling a process with this modeling technique will be shown. The outline of
the thesis is as follows: First the theory of operating regime based process modeling will be
explained and demonstrated on a small example. Then an extension of the theory to oper
ating regime based controllers is explained. Aftel' that, a nonlinear system (a Continuous
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Stirred Tank Reactor) wil! he modeled with the operating regime hased process modeling
framework. A SISO and a MIMO model wil! he constructed. Finally the glohal MIMO model
wil! he used in a feedforward Model Predictive Controller (MPC).



Chapter 2

Operating Regime based
Input/Output Modeling

In this chapter we describe the method of operating regime bascd process modeling. We will
therefore introduce the NARMAX model representation, which forms the basis for the theory.
Then we discuss a mcthod of constructing the NARMAX model by using as much knowledge
as possible. The knowledge can be the loca.l linear models of the system that we already
have and knowledge of the system's nonlinearities. First a few frequently used terms will be
introduced.

A local model is a model that has limited range of validity. A global model is a model
which is valid in the full range of operation. The set Z contains all possible operating points
of the system. An operating point is vector z E Z that characterizes the system 's different
modes of behaviour. This vector capture the system's nonlinearity and is mostly of a dimen
sion less than the dimension of the information space. An operating regime Zi is a region
where local model i is valid. With

N

Z = UZi.
i=1

and N the number of operating regimes.

2.1 The NARMAX Model Representation

An important model structure is the NARMAX model representation. It is introduced
in [Chen89]. It is the nonlinear variant of the ARMAX model structure. Our goal is to
construct NARMAX models from local ARMAX model structures. First we give a definition
of the NARMAX structure

y(t) = f(y(t - 1),···, y(t - ny), u(t - 1),···, u(t - nu), e(t - 1),·", e(t - ne )) + e(t) (2.1)

Here y(t) E Y C Rnl is thc output vector, u(t) E U c Rr is the input vector, and e(t) E E c
Rm is noise. 111 this chapter we will construct and represent the nonlinear function f : \l1 -+
Rm • We can write equation (2.1) in a compact form, when we introduce a (m(ny+ne ) +rnu)-

5
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dimensional information vector

Optimal combination of Local Models

y(t - 1)

y(t - ny)
u(t - 1)

(2.2)

u(t - nu)
e(t - 1)

belonging to the set W = yny X [Tn u X Ene. With this vector we can write equation (2.1) in
the form

y(t) = f(1/J(t - 1)) +e(t) (2.3)

If we expand equation (2.3) in a first order Taylor-series expanded about an equilibrium point
we get an ARMAX model.

(2.4)

We can also derive Second- and third order Taylor-series but this will lead to a rapid increase
of the number of model parameters. In the next section we will use the local ARMAX model
structures to construct a NARMAX model.

2.2 Optimal combination of Local Models

Suppose we have N local models of the form (2.3)

y(t) = jj(1/J(t - 1)) +e(t) (2.5)

we assume that these local models are accurate under different operating conditions. We can
define for each model a region where the model gives a good description of the system locally.
The validity of the model in this region can be described by a model validation function. For
each model there is a model validation function PI, P2,' . " PN : W --+ [0,1]. The position of the
local model validity function is at the operating point whel'e we derived the local modeIs. We
choose the shape of the model validity function such that if the model is accurate, the value
of it's validity function is close to one. If the model is inaccurate the value of the validity
function is close to zero. Our goal was to construct a global model with these local modeIs.

y(t) = j(1/J(t - 1)) +e(t).

From the definition of Pi (1/J), it is natu ral to require that j (1/J) should be close to ji (1/J) at
those 1/J E W where Pi(1/J) is large. The subset of W where "Pi(1/J) is large" is denoted Wi. We
can choose a criterion that we have to minimize in order to get an optimal global model. We
can define the criterion as fol1ows

N

M(j) = (; ~'EI1I I/}(1/J) - ji(1/J)II~Pi(1/J)d1/J (2.6)
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The error of a local model outside its region of validity is not important due to the validity
function Pi. From [Joha95b] we have the following result for the optimal combination of the
local models

Theorem 1 Suppose

1. the functions Ît, Î2' .. " ÎN belong to cm (lIJ), the set of all continuous m-dimensional
functions def ined on lIJ,

2. Ef::1 Pi(1/J) > 0, for all1/J E lIJ

Then the function Î def ined by

N

Î = L Îi(1/J)Wi(1/J)
i=1

minimizes M on Cm(IIJ).

Proof:The variation of Af with respect to any perturbation !:J.f E Cm(lIJ) is

A necessary and sufficient condition for global optimality of Î is now

(2.7)

(2.8)

(2.9)

N

L(Î(1/J) - Îï(1/J))Pi = 0
i=1

f or all 1/J E lIJ (2.10)

o
The first assumption is quite reasonable, since we are allowed to choose the local models
ourselves in most applications. The secOild assumption simply means at least one local model
should be relevant under every possible operating condition encountered. This is also reas
onable, since we do not need an accurate loca.\ model, just a relevant one.

The functions in the set {W;}f::l are called interpolation functions because they interpol
ate between loca.\ models fi, which are supposed to be accurate descriptions of "the true J"
locally. The relative weight of a. local model in the interpolation is determined by the relative
validity of the local model. By the definition of Wi we can see that

N

LWi(1/J) = 1
i=1

f Ol' all 1/J E lIJ
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2.3 Takagi-Sugeno fuzzy models

As mentioned in the introduction the method of operating regime based process modeling is
based on fuzzy set theory and the fllZZY inference mechanism introduced by Takagi,Sugeno
and Kang in [Taka85]. Consider the problem of finding a suitable fuzzy model for the non
linear function y = i(x), with x E X C Rn and y E R. A popular approach for this problem
is to divide X in subsets Xl, X 2,"', XN C X, with for every subset a membership func
tion /-lXI' /-lxz"", /-lXN" The membership function maps each element of Xi to a continuous
membership value between 0 and 1. Then the function i is approximated with its local mod
els i1' 12, .. " iN that are assumed to be valid in each subset. These local models can be
combined by the following fuzzy rules

I F a; IS X i T 1IE N y = ii (x) (2.11)

for each i E {1, 2"", N}. One possible solution to (2.11) is the Takagi,Sugeno and Kang
inference mechanism

N

Y L ii(X)Wi(X) (2.12)
i=1

w;(x)
Jlx;(a:)

(2.13)N
2::j=l JlXj(x)

The model validation functions in the previous sections are the membership fllnctions in
the fuzzy set theory. They are called validation functions because each local model has a
certain region where it is a good approximation of the system. The functions Wi(X) are called
interpolation functions. The su bsets Xi are called the operating regimes. An operating regime
is a subset of the set of all operating points of a system for which the local model is valid. An
operating point z(t-1) is a vector that characterizes the systems different modes of operation.
We have to choose the operating point such that it captures the system 's nonlinearities. We
are now able to speak fuzzy abollt the regions. If we choose the operating point z(t - 1) we
can set up the rules for the inference mechanism

I F z(t - 1) IS Zj TIJEN y(t) = ii(Z(t - 1)) + e(t)

Where Zi is the operating regime for model i.

2.4 An example

(2.14)

The theory in the previous sections will be demonstrated on a very simple nonlinear system

i (1/J) = 1/J2 + 1.

A first order Taylor-expansion is used to derive some local models

This is done at 1/J1 = 0.5 and 1/J2 = 1.5 which result in

id 1/J)

h(1/J)

3
1/J+4

531/J - 
4

(2.15)



An example 9

5r-----r-----,----,--------,------.----.----r-----r-----,--------"

4.5

4

3.5

3
.l!!
~

>-
2.5

2

1.5

'/ .. '

'/ .'
/ .. '

/ .'
/ ....

/.'
/.,' ,.,./............

,. ,. -::.-;
,. ,'/

:;;.00' ••••• /

/
/

/
/

/
/

21.8
0.5 L-_---L__--'---__.L.-_---'-__---'--__...L-_----JL-_----'-__--'---_---l

o 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6
X-axis

Figure 2.1: The process (solid) with the two local models (dashed) and global model (dotted)

In fig 2.1 the process and the two local models are shown. From this figure we can see that
each model is a good description of the process in a small region. We can also see that the
local models have a limited range of validity. First we have to choose an operating point, 'Ij; is
a suitable choice. Then the model validity functions have to be chosen. A function which has
a value of 1 at the point where the local Taylor models are derived. In our case at 'Ij; = 0.5 and
'Ij; = 1.5. A possible validity fllnction is the Gallssian fllnction which is drawn in figllre 2.2.
We aSSllme that the validity of models is described by

To interpolate between two local models to get the global model we have to calclliate the
interpolation fllnctions according to formula (2.8) . The reslliting global model is

The global model is drawn (dotted) in figllre 2.1. Global means here global on the interval
[0,2]. We can see from figllre 2.1 that the accllracy of the local models is decreasing when
we move away from the operating points where we derived the models fol'. This can be taken
into account in the shape of the validity fllnction. The validity functions used in this example
have 0'1.2 = 0..5. In figllre 2.2 a relative big overlap between the validation functions is shown.
The interpolation functions at 'Ij; = 0.5 gives model 1 a weight of a.pproximately 0.9 and model
2 a weight of 0.1 in the global model. At 'Ij; = 0.5 we may aSSllme that model 1 gives the best
description for f( 'Ij;) and that model 2 is completely wrong, so model 1 must have a weight
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Model validation functions and interpolation functions

of 1 in the interpolation and model 2 a weight of O. We see that a model validation functions
which overlap too much can inflllcncc the accllracy of the globa.I model. This effect can be
seen in figure 2.1. The problem of the interference of the neighbouring models is caused
by the width of the model validation fllnctions, one possibility is to choose more narrow
validation functions for the local modeIs. A consequence of choosing narrower validation
functions is that we get steeper interpolation functions. If we make them to narrow we get
piecewise linear modeling instead of interpolation between the local models (only if not both
validation functions vanish). Another disadvantage of choosing too narrow validity functions
is, if our process is operated at an operating point exactly between two local modeIs. At an
operating point where both models are va.Iid for .50%, we get continuous switching between
the two local models which causes a noisy behaviour of our global model. In figure 2.1 the
two local models at 1/J = 1 have both the same value. At this operating point we cannot get
a better approximation of f('Ij;) than this value. This is independent of how we choose the
model validity function because WI + W2 = 1. One way to improve the global model at this
operating point is by introducing another local model. This can he repeated until the global
model is exact f( 'Ij;), if we llse an infinite amollnt of local models and infinite small model
validity functions (of course).
In this example we used some overlapping Gaussian validation functions, but what is the
effect of chosing for instance trapezoid shaped validation fllnctions? To show this we used
2 trapezoids (see figure 2.3) and the same local modeIs. In the same figure we can see the
interpolation functions. The interpolation functions have become Iinear functions instead
of the smooth curves when we use Gaussian va.Iidation fllnctions. An advantage of using
trapezoid validation is that the functions demand less computational power than the Gaussian
validation functions. In figllre 2.4 the resulting global model is shown. What we can see is
that the local models are not influenced by their neighbour local model, because the validation
function is zero at places where we do not assume any validity of the model. The Gaussian
validation function is never zero. In both examples piecewise Iinear modeling gives us the
best global model of the system. The interpolation gives a smooth transition between the two
modeIs. A possihle solution is the include the model validation or interpolation function in
the estimation routine, such that the obtail1ed models take into account the shape Ol' position
of these functions. We can do this by means of local criteria or agIobal criterion. When we
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have a global data set (over the com plete operating range) only the relevant data is used in the
model parameters estimation. This is a more natural approach of modeling. We try to model
a nonlinear system with locallinear modeis. The system is of course not completely linear in
aspecific operating point. By using identification with local or global criteria the data that
is further away from the operating point has less weight in the parameter estimation. We
can expeet that our local model is less accurate at the fuzzy border (away from the opel'ating
point where we linearized the system) than in the operating point and thus the errors in that
regions are less important. This method will be explained in the next section.

2.5 Identification using Local Criteria

With local model ij we can define the prediction error on time t

fi(t) = y(t) - ij(y(t - 1),···, y(t - ny), u(t - 1)"", u(t - nu), fj(t - 1)"", fj(t - ne )) (2.16)

A loca.\ criterion Jj for each local model can be written as

(2.17)

In this criterion I is the number of datapoints, Aj(t) is a weight matrix that is related to the
validity of local model i. Only the datapoints that are relevant for model i are taken into
account. 'vVe can choose

Ai(t) = Apj(z(t - 1)) (2.18)

First we assume that the information vector 1/J(t - 1) does not contain any noise terms e(t 
1),···, e(t - ne ). The preelictor can be written in a linear regression form

(2.19)

Where Bi is the parameter vector anel 9;( t - 1) is a regression matrix. The parameters can
be estimated using the least squares (LS) method:

(2.20)

If we have the noise terms e(t - 1)"", e(t - ne ) in the information vectOl', the prediction
error (2.16) is no longel' a linear function in the parameters. In this case it is not possible
to find an explicit solution like (2.20). We must solve equation (2.17 ) numerical e.g. with a
Newton-Raphson a.\gorithm

(2.21)

We applied this to our example in section 2.4. We useel the same system and the same
Gaussian model validation functions. The local model parameters are estimated using equa
tion (2.20). We created a data set with an input and an output signa\. This data set is used
to estimate the parameters of the local moelels. The regression matrix is

<l>T = (11/J) (2.22)
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This is done for both 10ca.I modeIs. The resulting models are shown in figure 2.5. We can see
that the algorithm tries to minilnize the 10ca.I errors. The position of the validity functions
determines were the 10ca.I model is estimated and the width determines the region where the
local error is minimized. Notice that the global model gives a bettel' description of the system
between 'ljJ = 0.5 and '1/.' = 1.5 than in figure 2.1. A secOild observation is that the local
models are meaningful at '1/.' = 0.5 and '1/.' = 1..5. A third observation is that the derivative of
the global model is in almost any operating point wrong.

2.6 Identification using a Global Criterion

In the previous section we used alocal criterion to estimate the local model parameters. In
this section we use agIobal criterion to estimate the local model parameters or in fact the
parameters of the globa.I model. We define the global prediction error:

f(t) = y(t) - Î(y(t - 1)"", y(t - ny), 'll(t - 1)"", u(t - nu), f(t - 1),···, f(t - nel) (2.23)

And the global identification criterion as

1 I
J = I L fT (t)Af(t)

t=l

We used also the system in section 2.4 to identify the model parameters with agIobal criterion.
The regression matrix contains the interpolation functions

(2.25)
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Figure 2.6: The process (solid) with the two local models (dashed) and global model (dotted)

The result is shown in figure 2.6. \Ve can use the LS solution in the case that there are
no noise terms in (2.23) otherwise we have to use equation (2.21) to obtain a solution. In
figure 2.6 we see that the globaJ error is minimized by the algorithm. The global model is
valid over the complete range '1jJ E [0,2] because we use the global model in the identification.
Notice that the local models give locally no good description of the system. The derivative
of the global model is for more operating points valid compared with the real system.

2.7 Modeling procedure

The operating regime based process modeling can be applied in the following manner. First
of all we must have some prior knowledge of the system that we are going to model. \Ve
must knowat least which parameters describe the system 's nonlinearities, operating point
and region must be knowIl. This knowledge can be obtained from process operators or by
carefully examine the available data sets of the process. Possibilities to examine data sets
are the nonlinearity tests from [Habe85]. If we are allowed to apply a stair case signal to the
system we can see the nonlinearities. The modeling steps can be as follows:

1. Determine the operating point of the system z(t - 1) E Z

2. Divide operating space Z into operating regimes Zi

3. Collect data for local modeling

4. Determine the validity of the local modeis, i.e. choose local model validation functions
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5. Calculate the interpolation functions

6. Construct theglobal model

7. Validate the global model
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If there are already some local models available which together cover the whole operating
range of the system, we only have to follow steps 4-7. If afterwards the global models does
not satisfy our needs, we can introduce a few extra local models and tie them together with
the other local modeis. In this case we have to adjust the validation functions of the models
to prevent interference between the modeis.
In the case when we have a very rich data set of the system which covers the operating range
of interest we can use the identification method based on local or global criteria (sections 2.5
and 2.6). The modeling steps are in this case

1. Determine the operating point of the system z(t - 1)

2. Divide the operating space Z into operating regimes Zi

3. Choose local model structures

4. Choose local model validation functions

5. Identify the local model parameters

6. Validate the model with a validation data set

7. Construct the global model

8. Validate the global model

The most important step in the operating regime based process modeling is the determination
of the operating point z(t - 1). If we have no operating point we cannot use this theory.

2.8 Conclusions

We can construct the nonlinear function f in the NARMAX model representation by using
local models and local model validation functions. The global model is formed by interpolation
between the local modeis. This is done with interpolation functions. \Ve saw that if we use
no criteria (just interpolate) the local models can influence each other if we choose to much
overlapping validation functions. This problem occurs in practice when a few local model are
available which are derived or identified in the past and are used to construct a global model.
The choice of the validation function can strongly influence the accuracy of the resulting
global model. If we use the identification method based on local criteria we obtain a better
global model and the local models have local meaning. The derivative of this global model is
wrong compared with the derivative of the real system. This method can only be used if we
have datasets for the system 's com plete operating range. This can be a problem in practice
because these data sets are often una.vailable or not rich enough. The same holds for the
identificatiolI with agiobal criterion. The global model is valid for the complete range of
operation and the sensitivity to changes in validation function have less effect than using no
criteria. The derivative of the real system is modeled better with this method. An important



16 Conclusions

aspect of modeling the derivative of the system is that controllers are aften designed on the
gain of the system. If the derivative (gain) is not modeled weIl enough the controller can be
wrong.



Chapter 3

Operating Regime Based
Controllers

In this chapter we discuss the operating regime based process control by combining local PID
contral1ers to control a nonIinear pracess. The local control1ers are only valid for a smal1
operating range at an operating point of the pracess. This is an extension of the idea of
operating regime based process modeling. It can be seen as fuzzy contro\. We have tried
applying this technology to control a liquid level in a tank with a nonlinear valve. Ideas
in fuzzy control are presented in [Qin94], [Zhoa94] and [Kuip94]. In [Qin94] a multiregion
Fuzzy Logic Contral1er is introduced, and in [Zhoa94] a method of Fuzzy Gain Scheduling is
introduced. In [Zhoa94] the authors use fuzzy mIes anel reasoning to determine the parameters
of the PID controller. Our idea differs from the ideas in the literature in such a manner that
we com bine local control1ers to agIobal control1er. Alocal control1er is only valid in a specific
operating point of the system. In the next section we will discuss the ideas in fuzzy contral
described in the above mentioned literature.

3.1 Fuzzy control

The basic idea of fuzzy control is to use fuzzy logic to define the contral action as a function
of measured signaIs. The measured signals are first subjected to "fuzzification", which is
simply an application of a number of membership functions with linguistic labels (such as
BIG, HIGH, LOW ...) to each measured signa\. Aftel' that, fuzzy logic "inference rules" are
applied to determine the control action. Now there is only one more step required to find the
contral output: the "defuzzification step". The defuzzification involves a map fram a space of
functions to a c1'Ïsp value. The most commonly appIied defuzzification method is the Center
of Area (COA) method. With fuzzy logic we can control a process by means of fuzzy rules.
For exam ple:

IF temperature is high THEN power is low
IF temperature is low THEN power is high

In literature we can find a few ideas in fuzzy contro\. In this section we will discuss some
ideas in nonlinear contral withfuzzy logic and the way they differ from our approach.

17
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~e(k)

NB NM NS ZO PS PM PB
NB B B B B B B B
NM S B B B B B S
NS S S B B B S S

e(k) ZO S S S B S S S
PS S S B B B S S
PM S B B B B B S
PB B B B B B B B

Tabte 3.1: Fuzzy tuning rules for [{p, S=SMALL, B=BIG

Fuzzy contro1

One approach is presented in [Zhoa94]. The authors explain how they use fuzzy logic to
schedule the parameters of a PID controller to control a process. The parameters of the
PID controller depend on the error signal and its first difference. Fuzzy rules and reasoning
determine the controller parameters. The au thors introd uce for the error signal and its first
difference fuzzy sets with membership functions. The fuzzy sets with linguistic labels are:
approximate zero (ZO), negative small (NS),negative big (NB), positive medium (PM) and
so on. For the PID pa.rameters Kp, [{i and [{d they introd uce membership functions with
labels BIG and SMALL. Each pa.rameter can be fuzzy BIG or fuzzy SMALL. The fuzzy PID
controller can be described with fuzzy rules. An example of one rule is

IF e(k) IS PB AND ~e(k) IS NS TI-JEN Kp IS I3IG,Kd IS SMALL, Ki IS SMALL

For all the combinations of the lingllistic variabie we have such a rule. The number of fuzzy
rules inCl'eases if the number of fuzzy sets increase. A suitable method of representing a large
number of rules is with a matrix (see table 3.1). This can also be done for [{i and [(d. To
obtain crisp values for the PID parameters we have to do defuzzification of the inference
result. The functional relationship represented by such a fuzzy controller can be described as
follows:

~'ll,(k) = FLC(~e(k), e(k)) (3.1)

where FLC(.) stands for the nonlinear relationship of the Fuzzy Logic Controller.
Asomewhat different approach in fuzzy control is presented in [Qin94]. In this paper a
Multil'egion Fuzzy Logic Controller is pl'esented. The idea is close to operating regime based
process modeling because the authors also divide the operating range of interest into regimes.
The authors use an auxiliary variabIe (AV) to indicate the different regions of operation. This
is equivalent with the operating point z(t - 1) in the previous chapter. The AV is used in the
fuzzy rules together with e(k) and ~e(k) to determine the values of the parameters of an PI
controller.

IF AV is in region i AND e(k) is ZO AND Àe(k) is PB THEN Àu(k) is NB

In this case we can represent the fllnctional relationship as follows

~/I(A;) = FLC(Àe(k), e(k), AF) (3.2)

In this approach the region of operation is taken into account which is not done in [Zhoa94].
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Our approach in fuzzy control is based on operatingregime based process modeling. We
assume that we have different local PID controllers for different operating points of a nonlinear
process. The controllers are designed for local linear models of the process. To cover the
complete operating range of the nonlinear process we must have enough local controllers. We
use the same approach as in [Qin94] by choosing an auxiliary variabie to indicate the validity
regions for the controllers. The validity regions can be decribed with membership functions.
Instead of using the Mamdani fuzzy inference mechanism we use the Takagi-Sugeno fuzzy
inference mechanism. A fuzzy rule looks like

If z(t - 1) is in region Zj THEN u = Kp,je + Ki,j Je + Kd,j ~~

For each local controller we have such a mie. The Takagi-Sugeno inference mechanism per
forms interpolation between the control signais. We use the auxiliary variables in the interpol
ation functions to interpolate between the con trol signais. The design of the 10ca.I controllers
is quite straight forward, we linearize in an operating point of the process and design the
controllers with the linear con trol theory. Aftel' this we have to define the local controller
va.\idity functions. A ,oegion where we assume the local controller to be valid.

3.3 G lobal controller

The structure of the global controller is like the structure of the global model in the previous
chapter. Suppose we have N local PID controllers

() } " () ~ 1" J () }" de (t)Uj t = \p,je t + \i,j e t + \d,j----;jt (3.3)

(3.4)

(3.5)

with j the index of controller j. For every controller we must have alocal controller validation
function Pj(z(t - 1)). Where z(t - 1) represents the operating point of the systcm. We
interpolate the Ncontrol signals by using equation (2.8). The interpolated control signal is

N

u(t) = L Uj(t)Wj(z(t))
j=l

The method looks similar to gain scheduling. The difference with this method and gain
scheduling is that we use some soft boundary between two controllers here. In the next
section we try to control the liquid level in a tank with a nonlinear va.\ve by using this theory.

3.4 The system

In this section we choose a nonlinear system to apply the operating regime based controller
theory t~. The control objective is to keep the liquid level in a tank at aspecific value. We
have an inflow and an outflow. By opening the valve the inflow will be greater than the
outflow which results in an increase of the liquid level in the tank. We can derive a model for
this tank. The net volumetrie inflow rate is (qi - qo)' This volume is entering per unit time,
so must equa.\ the change per unit time of the volume Ah in the tank:

dh
A dt = qi - qo
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Where A is the area of tank and h the liquid level in the tank. The outflow go depends on
the pressure drop a.cross the olltflow restriction, so on the Iiquid level h in the tank. The
actual relation between hand go is nonlinear, but it is approximated by the linearized model,

(3.6)

with R the outflow resistance. Transforming these equations and substituting the second in
the first yields

(ARs + 1)H(s) = RQj(s) (3.7)

and the transfer function
lI(s)
Q;(s)

R
ARs+ 1

(3.8)

In table 3.2 the values of the variables used fOl' the simll!ation are shown. To control the
Iiquid level we use a highly nonlinea.r valve, described by

L
Q(L) =

V(O' + (1 - 0')L2)
(3.9)

In equation (3.9) L represents the percent of stem travel and Q represents the percent of
maximum flow. \Ve choose 0' = 0.01 for the valve in our process to get a very nonlinear valve.
In figure 3.1 the valve characteristic described by (3.9) is shown.

3.5 Designing the Iocal controllers

For the design of the local controllers we llse a linear approximation of the valve equation (3.9)
at a certain operating point. We do this by differentiating equation (3.9) and use this de
rivative to caklilate the slope of the valve characteristic in this operating point. We have
chosen 3 controllers, one at a valve opening of .5 percent, one at a valve opening of 20 per
cent and one at a valve opening of .50 percent corresponding with respectively 44.8,89.8 and
98 ..5 percent of the maximum flow. \Ve have chosen these points to derive our local modeIs,
becanse they cover almost the complete operating range of the controller. The local models
are substituted in the system and the local controllers are dcsigned with the NCD tooi of
the nonlinear control design tooI box in i\IATLAB. Each local PID controller has to satisfy
the constraints in figllre 3.2. Such that the global controller gives the same response. The
parameters of each local controller are shown in table 3.3. Notice that the proportional gain
depends on the slope of the valve characteristic, a high gain where the slope is small and a
low gain where the slope is steep.

From the valve characteristic we can choose which parameter (L or Q) we are going to

Symbol Value Unit Description
R 1 Ultnnl Ou tflow resistance-I-

A 0.3 m2 Area of the tank

Table 3.2: Values llsed in the simlllation
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Figure 3.1: The valve chara.cteristic

Region Controller ['i."p ['i."i J(d Li (Ti

1 PID 2.2.591 0.2434 0.740.5 .5 0.0.5
2 PI .5.33.58 0.2432 0 20 0.10
3 PI 32.3.596 1.6912 0 50 0.10

Table 3.3: Results of the NCD tooI and parameter of the validation functions
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use to indicate our nonlinearities. In our implementation we use L as an indication of the
nonlinearities, but we could also use Q for indication. Aftel' this we have to specify local
controller valida.tion fu nctions. The Gaussian validation function is used as a controller valid
ation function. The choice of the width of each validation function depends on the accuracy
of the local model used to derive alocal PID controller. Therefore we have to look at the
operating points where the local models are derived. This can teil us something about the
validation of the model. In this situation it is possible to examine this nonlinearity and the
local modeIs, in practice this is not always possible. We have to specify the place and the
width of the Gaussian 's. The center of the Gaussian function is at the operating point were
we obtained the local model. The width depends on the width of the region, or the validity
of the local model. The parameters of the Gaussian controller validation functions are shown
in table 3.3. There has to be same overlap between the validity functions to achieve interpal
ation between the local controllers. In other words it is important that not all the validation
functions vanish, otherwise the system is not controlled.
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Figure 3.2: Constra.ints for a. single local controller

3.6 Simulation

The global controller and the nonlinear process are implemented in MATLAB using SIM
ULINK. In figure 3.3 the SIMULINK implementation of the globa.! controller is shown. In
this figure Gauss1,2,3 are the controller validation functions. In the controller a low pass filter
is implemented for breaking algebra.ic loops and to slow down the operating point (z(t - 1)).
The output of this controller is the control signa.! L for the valve. We applied same small
setpoint changes to the system. In figure 3.4 the response of the system is shown. The solid
line is the response of the system and the dotted line is the setpoint change. With these steps
we went through most of the operating range. \Vhat we can see in figure 3.4 is tha.t there is
a little change in the response characteristic of the system. The control signal shows peaks
at time instances where we ma.ke a little step. The peaks increase in amplitude when we get
close to region 3. This can be explained by the large proportional gain of the controller for
region 3. If a large setpoint change occurs when we are in region 3 the valve opens completely.
The reason why we can only apply small setpoint changes in this region is that all the local
controllers get the same error signal (see figure 3.3). A step on the input causes a step on
the error signa!. The problem is that the controllers which have a big proportional gain cause
the valve to satura.te. This might be a problem in same situations. It is for the controller
the fastest way to fill up the tank to reach the setpoint. There is another problem with this
implementation. Suppose we are in a specific region (for example region 1), when we make
a change in a setpoint we travel from region 1 to region 2. Bath controllers use the same
error signa!. This controller for region 2 has build up a wrong history, and can give a wrong
response to the error signa!. Another problem with this implementation is that the integral
action can cause integral-windup. This can happen when we go from one region to the next
region where the integrator is wilHled up and th us gives a wrong response. A solution for
this problem might be the use of anti-wind lip PID controllers. If we want to use this theory
to combine loca.1 controllers to get a globa.! controller, further research is required to find a
solution for these problems. In figure 3.4 we see that the behaviour is quite acceptable. The
response of the process to a slow ramp signal is shown in figure 3.6. We can see that the
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level in the tank is fol1owing the input signa!. The global controller tries to open the valve
more and more (see :3.7). The valve cannot be more open than 100%. The controller tries
to compensate for this by increasing the control signal because the controller does not notice
any change to the error signal cl ue to its contral action.

3.7 Conclusions

From these results we may conclude that we can use the global controIIer only when we apply
a slowly varying input signa!. The stability of this global controller has to be examined if
we want to use this type of controller on a different process. One application for this type
of controllers could be for starting up or shutting down a. pracess. When we want to fill the
tank completely we have to open the valve for 100% and this happens when we apply a big
setpoint change to the system. A solution to the problem of the valid error signals for the
valid controller is ma.ybe just a prablem of choosing a different imp!ementation to prevent the
invalid controller from getting the wrong error signa!. Maybe we can intraduce input signal
(or error signal) va.lidity functions to solve this problem. The response on a. ramp function is
quite good.
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Chapter 4

Modeling a Continuous Stirred
Tank Reactor

In this chapter the operating regime based process modeling method is applied to a simulation
process to examine what problems occur. \Ve therefore choose a known nonlinear process to
apply the theory t~. The process is a weil known nonlinear industrial process: The Continuous
Stirred Tank Reactor (CSTR). This process can be described with a few equations. We use
this process to generate datasets to do some local model identification. Because we know the
real process we can compare the obtained global model with the real process. This mostly
does not hold in practice. Processes in general are so complex that an exact process model
is not available. In the next sections we are modeling thc CSTR. First a SISO global model
will be derived and aftel' that we try to derive a 2 input 2 output global model of the CSTR.
The Continllous Stirred Tank Reactor is described in [.Joha93].

4.1 Reference model of the CSTR

In this section the reference model of an exothermic continllOlIS stirred tank reactor is presen
ted. In this CSTR a first order chemical reaction A ---+ B takes place. The system is described
by the mass- and energy-balances

d
l/-CA

dt
d

pcvV-lT
ct

(4.1)

where the symbols are presented in table 4.1. In addition, the model contains dead-time
caused by transportation delay and stirring dynamics. We assume a constant volume in the
tank so qi = qo. The last equation in (4.1) is the so-called Arrhenius equation. It represents
the reaction rate. An increase in temperature of about 10 K willlead a.pproximate to a doubled
rea.ction rate. The process is openloop unstable because this process is exothermic. If we do
not remove the heat gcnerated by the reaction, it will callse an increase of the temperature
in the reactor because of the Arrhenills equation. An increase of the temperature will cause
a decrease of the concentration of A in the reactor. The reaction stops if all of the rea.ctant

27
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Symbol Value Unit Description
T K Reactor temperature

Ti 310 K Feed temperature
Tn 3.50 K Reference
CA mol/I Concentration of A in reactor

CA, 10.0 mol/l Concentration of A in feed

EA 70000 J/mol Activation energy
R 8.314 J /(I{mol) Gas constant
ko 0.042 I/min Frequency factor
p 1.0 kg/l Ave. density in reactor
Cv 4000 J/(Kkg) Ave. heat capacity in reactor
V 10000 I Reactor Volume
~H,. -90000 .]/mol Reaction energy
qj I/min Feed f1ow-rate
qo I/min Outlet f1ow-rate

Q Af,]/s Heat f1ow-rate (heat exchanger)
T 1.0 nun Dead-time
T" 360 - 385 J{ Temperature set-point
c" 1.0 mol/l Concentration set-pointA
Ti 8 nlin Integration time

KQ 15 AfJ/J{s Proportional Gain T controller
K q 600 12 /(mol min) Proportional Gain CA controller

Table 4.1: Symbols

has reacted. To use this process we have to use a stabilizing controller. \Ve can control the
temperature by removing the energy ~H,.F7·A generated in the reactor with the cooler Q.
The concentration of A in the tank can be controlled by the inflow qi and the temperature.
The reactor can be controlled with the following PI controllers

Q(t) KQ 1 + TiS (T"(t) _ T(t))
Ti S

. 1 + TiS
J\q (cÁ(t) - CA(t))

Ti S
(4.2)

The parameters of the controllers are also in table 4.1. The CSTR is implemented in SIM
ULINK. To make the process more nonlinear we only use the controller for the temperature.
To get an indieation of the nonlinearities of the CSTR we applied astaircase signaIon the
temperature input (see figure 4.1 top figures) with a fixed value for qi and astaircase signal
on the inflow qi with a fixed value for T" (figure 4.1 bottom figures). The nonlinear behaviour
of the temperature is linearized by the PI controller applied for control of the temperature.
The temperature is static Iinear. The nonlinearity that remains is a dynamic nonlinearity. We
observe this in a decrease in the percentage overshoot for high temperatures. The nonlinearity
in the response of the concentration is sta.tie and dyna.mic. As a consequence an overshoot
in the response remains whieh means that there are complex poles in the system for high
temperatures. For high temperatUl"eS we a.Iso see a decrease in the statie gain of the process.
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Figure 4.1: Response on astaircase temperature signal

For low temperatures the system has real poles because there is no overshoot and the statie
gain is greater than for higher reactor temperatures. \Vhen we apply a staÏl-case signal to the
inflow gi, we see that the temperature stays at 360 K. The concentration increases with the
inflow. The nonlinearity in the concentration is dynamic. From these observations it is deal'
that the reactor temperature captures most of the nonlinear behaviour and that gi can also
be used in the operating point to indieate the nonlinearities of the CSTR.
We generated some datasets to get the local models by identification. The identification is
done with routines from the System Identification Tooibox in MATLAB.

4.2 SISO Identification

We want a model that describes the input output behaviour between the temperature setpoint
and the reactor temperature. From figure 4.1 we see that the temperature behaves almost
linear to setpoint changes, only the overshoot decrease with a.n increase of the temperature
setpoint. From this point of view we could expect different local models for each operating
point. For the identification 3 datasets are extracted from the simulation results. The datasets
are generated at different operating point.s. A PRnS input test signal with an amplitude of
2 K is applied in each operating point. This has been done at the following setpoints: 360K,
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Region 'l/Ji (Ti

1 360 3
2 370 3
3 380 3

SISO Iden tir ication

Table 4.2: Local model validation function parameters

3701( ànd 380K. The inflow is kept at a constant value of qi = 125 i/min. The models give
a good local desCl'iption of the system. The resulting plant transfer functions are:

0.19331J-l - 0.0642q-2 - 0.1805q-3 - 0.0773q-4

1 - 2.2567q-1 + 1.78001J-2 - 0..5499q-3 + 0.0.532q-4

0.19:33q-l - 0.00111J-2 - 0.1639q-3 + 0.0306q-4

1 - 1.9297q-l + 1.2393q-2 - 0.2754q-3 + 0.0249q-4

0.1933q-l + 0.0.5711]-2 - 0.1319q-3 + 0.0043q-4

1 - 1.62731]-1 + 0.8:3021]-2 - 0.10021]-3 + 0.0164q-4
(4.3)

Where q is the shift operator. \Vith these transfer functions we can write the models as
follows

Yi(k) = Gi(q)u(k) + e(k)

The local models describe avara.ge process bchaviour in a region of about 2 I( around the
point where the identification data is extracted. We assume that the validity of the local
model decrcases when we move away from thc operating point where the model is estimated.
This can be taken into account in the model vaIidation functions. For this application we
choose the Gaussian validation function. The parameters of the Gaussians are in table 4.2.

-0 5( %(t-1)-1/'i)2

Pi(z(t - 1)) =e' Ui

For each local model we have an intcrpolation fu netion

.(~( )) _ Pi(Z(t - 1))
W, .<. t - 1 - -Ni-;--..:........:-..:........:....:...--

Lj=1 Pj(z(t - 1))

The vaIidation and interpolation functions are shown in fig 4.2. The global SISO model of
the CSTR is

In the previous section we saw that we can describe the regions of Iinear behaviour with the
temperature. The temperature is chosen as the operating point z(t - 1). In this case we used
the real system reactor temperature as the operating point. In the implementation of the
global model each loca.l model gets the same input signal. We interpolate between the local
model outputs to get the global model. The output of the local models is fed back in the
local modeis, the local models are simulation modeis. A possible improvement could be the
feedback of the global model output in the local modeis. This is not tested yet.
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4.3 Comparing SISO global model and real system

Now that we have a globa.l model we want to compare the reslllt with the "real" system. To
do this we did some experiments that cover the whole opemting range of the global model.
The first experiment is a filtered white noise sequence on the input of the model and the
system. The noise had a nominal value of 370 K. The response of the system and the model
are shown in figure 4.3. The model for region 2 (370 K) gives a description of the system
with relative small errors. If we look at figure 4.3 we can see that errors are introduced if
we suddenly step from one region to another region. We see that the global model cannot
correctly handle the peaks. A possible explanatioll of a w!"Ong response of the global model at
t = 450 is that at temperatures of 38.5 the local model 380 K is not accurate enough. Another
explanation can be that the response of model 380 K is w!"Ong because the model has build
up a wrong history because we give al! the local modcls the same input signal. This effect can
be shown if we perform a step response to the system and the global model. We first keep the
temperature on a setpoint of 372 K and then step to 378 K. We stay between model 2 and
model 3. In figure 4.4 the response of the system and the model is shown. In this figure the
response of each local model is also shown. From this figure we can see that the global model
is wrong due to the percentage of overshoot in the system. During the setpoint of 372 K all
models build up a history. When we make the step to 378 K suddenly model 3 gets valid and
gives a w!"Ong response due to his wrong history it bllild up dllring his period of invalidity.
F!"Om figure 4.4 we can see that staticly the global model has a bias. In the previous section
we assumed the local models to be valid in a region of about 2 K aroUlld the place where the
models where derived fol'. At a level of 372 K, local model 2 has a smal! offset f!"om 372 K,
this also hold for model 3 which has also a smal! offset from 378 K, but we can see that the
global model has more offset than model 3. The a.ccuracy of the global model at 378 K is
influenced by the other two modeIs, because the validity functions are chosen to wide. This
effect is already mentioned in section 2.4. A solution is to narrow the validity function of
model 2 or 3. But this can influence the accmacy of the globa.l model at different operating
points. A sollltion that fits in the operating regime based modeling framework is to extend
the operating point with the dcrivative of the ternperature. If the derivative is big we switch
to a model that can handle these globa.l effects. We get more models and a mOl'e complex



32 Comparing SISO global model alld real system

Filtered white noise: real system (solid), global model (dashed)
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operating point. This is not tested but this could be a solution.

4.4 MIMO model

33

In the previous chapter we derived a global SISO model for the CSTR. In this section we
are going to derive agIobal MIMO model for the CSTR. A first approach to derive a MIMO
model is to use only the temperature as the operating point and to excite the system only at
different operating points and derive a local ~l/nMO model for that specific operating point.
This is done for the same operating points as in section 4.2. For the local models we choose
the following model structure

with </>T (t - 1) the regression matrix

y(t) = </>T(t - 1)0 (4.4)

</>(t - 1) =

and OT the parameter vector

1
o

Yi (t - 1) - yj
Y2(t - 1) - Yi

o
o

Ui(t - 1) - uj
1/.2(t - 1) - ui

o
o

o
1
o
o

Yl (t - 1) - yj
Y2 (t - 1) - yi

o
o

ut{t - 1) - ui
U2(t - 1) - ui

(4.5)

(4.6)

The points [yj yif and [ui uif are the operating points where the system is linearized. We
used for the system inflow Ui (t) = qi and temperature setpoint U2(t) = T* as inputs. The
outputs of the system, concentration of A, Yl (t) = CA and reactor temperature Y2(t) = T.
For each local model we generated data sets of the CSTR at temperature setpoints 360K,
370K and 380K, at an inflow of 125 I/min. To both input signals we added noise, for the
temperature ± IK and for the inflow ± 5 I/min. The parameters are estimated with a least
squares algorithm and are shown in table 4.3. For the local model validity functions, Gaussian
functions are chosen. At the same positions anel with the same width as in the SISO case
(see table 4.2).

With the global model we performed a test with input signals for the complete operating
range to compare the result with the real system and the model. The temperature input is
subjected to a filtereel white noise source with a nominal level of 370 K. The inflow is also
subjected to a white noise source anel a nominal level of 125 I/min. For local modeling we
applied for the inflow a. level of 125 I/min. This means that we can use the global model only
around qi = 125 I/min. In figure 4..5 the response of the real system and the local and global
models are shown. The same problems occur as discussed in the previous section. If we look
at the upper figure in figlll'e 4.5 we see at time instant t = 420 minutes a switch between two
modeIs. This can be explained with the figure of the temperature (bottom figure). At this
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Concentration: Real (solid) global model (dashed) local models (dotted)
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MIMO model idelltification witll a globaJ criterioll

Model 360 370 380
fit 1.3277 0.7526 0.4281
(h 360.0018 370.0021 380.0023
03 0.9122 0.8454 0.7309

°4 -0.0076 -0.0076 -0.0073
05 2.2346 4.1672 8.0248
06 0.8398 0.8645 0.8951
07 0.0008 0.0009 0.0009
Os 0.0009 0.0009 0.0008
09 -0.0114 -0.0149 -0.0191
Ow 0.3137 0.3115 0.3021

Table 4.:3: Loca.\ MHvIÜ model parameters
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time instant the temperature falls back to approximately 360 K. This results in an increase
of the concentration. The three different models for the concentration show a wide variety
of responses. With this sudden change of temperatlll"e the model switches to the model that
is valid for this new operating point. In this case the model switches to the model for region
360 K. The model [or the concentration at T=360 K is not yet valid but the interpolating
mechanism changes the global model to model 360. \Vhat we see is a glitch in the response
of the concentration. This problem can possibly be reduced by extending the operating point
with another parameter to indicate the Ilonlinearities. This means that we get 2 dimensional
validation functions and an increase in the number of local modeis. Another solution might
be the introdllction of new local modeIs.
In the response of the temperature we see that if we ju mp from 360 K to 380 K we get a
wrong response from the three local modeIs, and we cannot expect that our global model can
handle this. An explanation for this is that this global dynamic behaviour cannot be modeled
because we use local models which did not learn this global dynamical effect. A solution for
this could be to use the identification methocl basecl on agIobal criterion (This will be shown
in the next section). This method expects a global data. set with this kind of effects in it and
these might not be availa.ble in practice.

4.5 MIMO model identification with agiobal criterion

In this section a global model of the CSTR is estimated with the theory from section 2.6. We
generated a data set with the reference system for both inputs (q; and T*). We used the same
local model structures as in the previous section. To create data sets for the temperature
we used a signal with a nominal value of 370K and a filtered white noise sequence of ± 10K
with a slow sam pling rate (to get weil c1efined static levels). For the inflow we used a signal
with a nominal value of 125 I/min and a filtered white noise sequence of ± 10 I/min. The
data set used for the identification had a length of 2000 samples. The same model validation
functions are used and are locat.ed at the same positions as in the previous section. For the
total global model a total of 30 parameters has to be estimated. This is done with a least
squares algorithm. The parameters are presented in table 4.4. To show the difference in
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Model 360 370 380
(h 0.8389 0.7835 0.6859
O2 358.8097 370.1375 383.0316
03 0.9034 0.8578 0.7267
04 -0.0059 -0.0072 -0.0109
85 2.8567 5.4385 8.8443
86 0.8130 0.8611 0.9314
87 0.0008 0.0009 0.0010
8s 0.0004 0.0009 0.0010
8g -0.0118 -0.0207 -0.0225
810 0.2638 0.3564 0.2766

Table 4.4: Loeal MIMO model parameters using agiobal criterion

Conclusions

response of both models we used the same validation data as in the previous section (see
figure 4.6). First we compare the response of the coneentration. When we estimate the
parameters of the global model we see that the effect of model switching is strongly reduced.
The glitch at t = 420 is smaller than when we llse the model from the previous section. The
global model estimated with agIobal eriterioll performs better tha.n the global model from the
previous seetion. All explanation for this better result is that the identification data contains
these global dynamics and thus ean be modeled. For the response in the temperature the
problem of model switching is not visible. The global model estimated with a global criteria
shows a better response for the temperature. The model can handle the jumps from one
region to the other better than the global model from the previous sectioll. This is beeause
these effects are in the modcling data. From figure 4.6 we ean see for temperatures above 380
K that the peaks are not weil hand led by the global model. The data set contains also data
for regions above 380 K. An improvement for the model for the high (>380) temperatUI"eS
is to introduce a new model for that region. Simply make the validation function for model
380 wider is no solution because of the nonlillearity of the CSTR the loca.! model for region
380 call1lOt fit this wider range of operation because it is still a linear local model. We lose
performance in this region .

4.6 Conclusions

In this chapter a nonlinear process is chosen to apply the operating regime based proeess
modeling to. The Continuous Stirred Tank R.eactor is described and analysed to explore the
nonlinearities. The nonlinearities of the CSTR are best described with the reactor temper
ature. Data sets of the CSTR are created to estimate local SISO modeIs. With these local
SISO models a global SISO model of the reactor temperature is constructed and analyzed.
From this section we see that the aecllracy of the global model depends strongly on the choice
of the local model validation functions. Another problem with this approach is that global
nonlinear dynamics are not captllred. For the identification of 3 loeal MIMO modeIs we used
the reactor temperature as the operating point. We saw in the response for the concentration
that we get glitches in the response when we suddenly change to another region. Also the
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response of the temperature shows the same effccts as with the global SISO model. This was
expected. When we uscd a least squares algorithm to cstimate the globa.\ model parameters
with agiobal criterion we saw that thc glitches are redllced and the global model gives better
description of the system. It is possible to improvc the model by introducing more local
MIMO modeis. The problem of a wrong response to step signals is also reduced with this
method. To use this mcthod in practice we must have global data sets of the system with
this kind of global dynamics in it. This can be a problem in real life because these data
sets are often unavailable. In that case we have to use the method of combining just aH the
knowledge that we already have from the past. There appears to be a trade of between the
accuracy of the global model and the amount of knowledge of the system in the data sets
available. Better global model when rich globa.\ data sets are available or otherwise problems
with unmodcled global dynamics.



Chapter 5

Model Predictive Control using
MIMO model

The purpose of modeling a system is often to use the model to control a system. Some
controllers need a model of the system. One of such a controller is the Model Predictive
Controller (MPC). In this chapter the global MIMO model of the CSTR will be used in a
model predictive controller. In the first section the basic principles of model predictive control
will be explained.

5.1 Model Predictive Control

The basic principle of model predictive control is show in figure 5.1. The MPC contains a
model of the process. The control objective is to let the system follow a reference trajectory.
The present and future control moves ,6.u(k), ,6.u(k+ 1)"", ,6.u(k+ m -1) can be calculated
from the reference trajectory and the predicted output. Such that acost function is minimized.

Past Future

Target
- - - - - -c:.-=----

Manipulated u(k)

Variablea

I Control horizon

I Prediction horizon

Figure 5.1: Model Predictive Control

p m

min~u(k) ...~u(k+m-1) L Ilfny(k +11k) - r(k + 1)]11 2 +L IIrï[~u(k + I - 1)]11 2 (5.1)
1=1 1=1
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40 lvIPC with global lvIIlvIO model

Model 360 370 380
Ol 0.7341 0.6880 0.6040
O2 359.6070 370.2190 382.3682
03 0.9109 0.8589 0.7353

0" -0.0047 -0.0060 -0.0080
05 0.9765 2.7970 6.7408
06 0.8664 0.7701 0.8886
(h 0.0009 0.0008 0.0009
Os 0.0002 0.0006 0.0009
Og -0.0062 -0.0123 -0.0201
OIO 0.2046 0.3485 0.2536

Table 5.1: MIMO model parameters used in the MPC

The r(k) is the reference trajectory the output has to follow, p is the predietion horizon. The
m present and future control moves (nI, ::; p) are computed to minimize this cast function.
The matrices rr and rt are weight matrices to penalize the error in the output and cantrol
signaIs. They can be time variant but in our case they are time invariant. The m control
moves are calculated, only the first one (.6.u(k)) is applied. At a new sampling interval the
whole sequence is repeated. The operating regime based process models used in this chapter
introduce a complicated optimization procedure because the model is changing during the
required reference trajectory.

5.2 MPC with global MIMO model

In this section we are going to use the global model structure discussed in the previous sec
tions to see how this model behaves Ol' can be used in a MPC. For this purpose we derive a
model with special qualities. We want to operate our CSTR at steady levels, sa the model
must describe these statie levels weil enough. We have the simlI1ation model of the CSTR and
we can generate datasets to model this behaviouI'. A consequence of estimating this model
is that the dynamies are not modelecl weil enough. We choose a slow multilevel PRNS with
constant levels for a few minutes, to get a weil defined static behaviour of the model. The
identification data set is generated with SIMULINK with for the input qi a multilevel PRNS
of qi = 100 ± 50 Ijmin and for the temperature input also a PRNS with T = 370 ± lOf(. The
noise sequences are uncorrelated. The model has the same structure as in section 4.4. The
global model contains 3 local MIMO models with Gaussian validation functions. The global
model can be used if the input signals are in the range qi E (50,150) and T E (360,380).
The parameters of the model are in table 5.1. The operating point is again the temperature,
but we use here the global model temperature output, otherwise we cannot do predietions
because future outputs of the system are not available. We are going to use the global model
in the MPC and calculate control signals over a prediction horizon of a length p. We let
bath outputs of the system (model) follow a rcference trajectory. We calculate the control
signals necessary to let the outputs of the CSTR follow the same reference trajectories, then
we apply these input sequences to the CSTR. There is no feedback from the real system to
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the controller and we assume that there are no output disturbances. This assumes a perfect
model in the MPC.

During the p step ahead prediction in the minimization of (5.1) the model changes with
the operating point. The global model is nonlinear, this makes the minimization more com
plex than in the linear case. If we stay in one l'egion the optimization reduces to a linear
optimization problem. We used fmins from the Optimization tooibox in MATLAB to min
imize (5.1). To speedup the optimization the calculated shifted control signals are used as
initial values for the next optimization for the next time instant. Another possibility to spee
dup the optimization is to use triangle or trapezoid shaped model validation functions. An
advantage of these type of model validation functions is that the optimization result in a less
nonlinear problem than when we use Gaussian validation functions. For the controller we
use a prediction horizon of 5 samples and the control horizon of 5 samples. Increasing the
prediction horizon results is a much more complieated optimization problem but can give us
bettel' control signals if the pre(liction horizon is longel' than the dynamies of our system.
Increasing the amount of local models does not signifieantly increase the number of optim
ization variables but makes the optimization more nonlinear. The calculated control signals
are applied to the real system. We assume in this case that model and process are equal.
A ramp function from 360 K to 380 K with a slope of 0.25 K/min is given as a reference
trajeetory for the temperature. For the concentration there is also a ramp function from 1
mol/l to 004 mol/l with a slope of -0.01 mol/lmin. The temperature and the concentration are
changed simultaneously. The response of the real system with the calculated control signals
for the temperatllre is shown in figllre 5.2. The system follows the reference trajectory quite
good but there is a little difference between the system and the reference trajectory. For
the statie levels in the temperatllre the real system shows a bias. This is due to an error in
our global MIMO model. The statie levels are modeled not weil enough. The real system
seems to behave somewhat different to the control signals than the global model. The global
dynamics of the system are lIot completely captured in our global model. In figure 5.3 the
response of the system to the reference trajeetory for the concentration is shown. A difficulty
in controlling the concentration is that it depends heavily on the temperature. An increase
in the temperature gives a decrease in the concentration. \Ve can see that at t=20 minutes.
The model Call110t compellsate for the sudden increase in the temperature. This is also due
to errors in the global model. The statie levels in the concentration are better defined than
in the response of the temperature. A method to correct for modeling errors is to use output
feedback. \Ve introduce with this method a disturbance on the output because there is a
mismatch between the model and the system.
We used in this experiment a real slow change in the setpoint, The same experiment is
repeated but now with a faster change in the setpoint of both outputs. We used for the
temperature a ramp signal with a slope of 0.6 K/min and for the concentration a ramp with
a slope of -0.03 mol/lmin. The simulations are shown in figure 5.4 and 5.5. We can now
compare the dynamic behaviour of the globa.l model. There appears some overshoot in both
responses. The static behaviour is accurate but that was expected because we modeled for
a good statie behaviour of the model. The dynamic behaviour can be improved by changing
the local model structure or model with a richel' dataset. If a richel' data set is used there are
always phenomena that are not in the data set alld can thereforc not be modeled.
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feedforward MPC: Temperature (solid) reference trajectrory (dotted)
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feedforward MPC: Temperature (solid) reference trajeetory (dotted)
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5.3 Conclusions

The use of the global model in combination with a MPC gives us some satisfying results.
The optimization problem to calculate the control signals has become nonlinear instead of
linear. The MPC is used in feedforward. The global model of the CSTR is assumed to be
perfect, whieh in our case was not true. For this control action of the CSTR we where in
the position to derive a global model with special qualities, a model with weil defined statie
levels. As a consequence the global model cannot completely handle the dynamies of the
system weil enough. As long as we change the setpoint slowly the global model is accurate. If
we speedup the setpoint change there appears to be unmodeled dynamies in the global model.
This could be improved by modeling with data sets with input signals of persistance exciting
or by changing the model structures. Another possibility is to use a wider prediction horizon.
A solution to speed up the optimization routines could be to use triangle or trapezoid model
validation fu nctions.



Chapter 6

Conclusions

In this thesis the whole traject from modeling to controller design is explained using the
operating regime based process modeling framework. This IlIodeling framework enables us
to model a nonlinear system by means of local modeIs. The basic idea is to decompose
the operating region into smaller regions, so-called operating regimes. For these regimes the
nonlinear process is assumed to behave linear. For each operating regime we can obtain a
local linear model. In chapter 2 we discussed how we can tie all the local models together
to get a global model of the nonlinear system. An important aspect is that we must know
which parameters describe the nonlincarities of the system. These parameters together form
the operating point of the system. For each operating regime we have a local model, because
we assumed that the system beha,ves liIlCar in a specific region the validity of this local model
is limited. This region of validity is decribed with a model validation function. The validity
of the model depends on the operating point. With these validation functions we can create
interpolation functions which are used to interpolate between the outputs of the local models.
There are 3 ways of applying this theory

1. We have local lllodels available from the past and tie these local models together to
obtain a globa.l model. In this situation the choice of the validation functions has a
big influence on the accuracy of the global model. Ir the local models represent all the
available knowledge of the system this is the best we can do. The global dynamics are
not weil modeled with this approach. \Ve can use this model for slowly varying input
signa.ls.

2. We can estimate the parameters of the local models with a least squares algorithm by
using local criteria. This assumes that data sets with data points over the complete
range of operation are available. This is astrong assumption because we are in practice
not allowed to excite the system over the complete operating range. The choice of the
local model validation functions has Jess influence on the accuracy of the global model.
The global dynamics are better modeled than in the previous approach.

3. The same can be done but now estimating the model parameters with agIobal criterion.
This also assumes an available data set over the complete range of operation. The choice
of the local model validation functions has less influence on the accuracy of the global
model. This is because we take the interpolation functions into account in the parameter
estimation. The global dynamics are better modeled than when we use loca.l criteria to
estimate the model parameters.

4.5
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A problem occurs when we step from one region to the other. The response of the initially
wrong model is not correct because the model builds up a wrong history.

The extention of the idea to combine local controllers to obtain a global controller is discussed
in chapter 3. This is another approach in fuzzy con trol. We used the theory of operating
regime based process modeling to combine local PID controllers, which are designed at an
operating point. The controller is used to control a liquid level in a tank with a very nonlinear
valve. The response of the global controller is in case of a slow varying signal no problem.
When we apply a large setpoint change to the system the valve saturates because it tries
to fill the tank as fast as possible. A problem with this implementation is the wind up of
controllers which are not valid in an operating point. To work with this kind of controllers in
practice a lot of research has to be done in the future.

The operating regime based process modeling is applied to model a simlilation process (The
Continuous Stirred Tank Reactor). A known process is chosen to compare the results. First
a SISO model is derived. This model contains 3 local SISO models at 360 1(,370 I( en 380
K. The response of the global model and the system on a filtered white noise sequence is
compared. From this comparison we can conc1ude that when we are at a constant level in
aspecific region for a few minutes the response on a step input signal is wrong. This effect
is caused by the wrong history of models that are at some time not valid and get suddenly
valid when we jump to that region. This means that global dynamics are not modeled with
this approach. A possible solution is extending the operating point with the derivative of the
temperature. If the derivative is big we can switch to a special model that can handle this
global effect. A consequence is that we get more complicated valiclation functions and more
local modeis.
The choice of the model valiclation functions can influence the accuracy of the global model.
To get the best result we have to choose model validation functions with not too much overlap
but we have to take care that for the operating range of interest not all validation functions
vanish. The global MIMO model is a 2 input 2 output model of the CSTR. We have as inputs
qi and T* and as outputs CA and T. The nonlinearitics are analysed with staircase signais.
We choose Tas the operating point. The first global model contains 3 local MIMO models of
the CSTR. These modeIs are estimated with a local criteria using a least-squares algorithm.
With this approach the global model shows glitches as a result of model change due to a step
response. We also saw the same problems as with the SISO global model. An improvement is
to estimate thc model parameters with agiobal criterion and a least-squares algorithm. This
assumes that we have agiobal modeling data set. The glitches are suppressed and also the
global dynamics are better modeled with this method.

The use of a MIMO global model in a MPC is also discussed. The specific structure of
the global model can introduce some problems in the optimization algorithm. The global
model is a nonlinear model which changes with the opera.ting point of the system. This is no
problem when we control the outputs on steady state va.lues but if we want to let the output
of the system to follow a ramp signal the model changes also d uring the prediction. The
optimization routines seems to work on this kind of optimization. The MPC is operated in
feed forward. This assumes a perfect global model of the CSTR and no disturbances. What
we can see from the simlilation result is that the model can handle the static nonlinearities
but the dynamics are not weil modeled bccause of a different response of the real system to
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the reference trajectories. A solution to simplify the optimization is using trapezoid or tri
angle shaped valiclation functions. These Iinea.r validation functions give linear interpolation
functions.

The operating regime based process modeling framework seems to give us a fast and deal'
way to model a nonlinear process. There are some limitations when we use it, one of them is
the modeling of global dynamics. The modeling framework is useful if we do not change the
systems operating point too fast.



Chapter 7

Future work

To use the operating regime based process modeling in practicc the identified problems in this
thesis have to be solved. The choke of the operating point was in the CSTR case simple be
cause the real system was knowIL In reallife this is often not possible and a different method
must be used to get any information about the system 's nonlinearities. Possibly the nonlin
earity tests fram [Habe8.5] can give any solutions for this problem. Another useful source of
information are the process operators. The next prablem to be solved is the decomposition
of the operating set Z into regimes. In [Joha9.5a] an algorithm is presented that solves this
problem. This aIgorithm assumes availability of a global data set. Maybe the understanding
of this algorithm can give us some insight about it.
A solution for better modeled global dynamics could be the introduction of a special model
for the global dynamics. We have to add an extra variabIe to the operating point which
indicate how fast we want to step to another region. This can in the situation of the CSTR
be done by using the derivative of the temperature. If this derivative is big we switch to a
model that can handle the global dynamics better. Ir the derivative is small we use the local
models that describe the local dynamics of the system. Of course we must be able to obtain
this kind of extra modeIs. This is not tested yet, but it could be an impravement to handle
the global dynamics of the nonlinear system. Maybe the introdllction of extra models gives
more prablems with modeIs which have a wrong history. Research that have to be done in
the flIture is to examine the possibility of the method to handle more complex systems with
more inputs (> 2) and outputs (> 2). To keep the insight on the system we have to take care
that our operating point is as simple as possible because this simplifies the decomposition in
regimes. This cannot always be possible because some systems are that complex. A multi
dimensional operating vector can cause an explosion in the number of local modeIs.

To use the modeIs in a MPC some work has to be done to speed up the optimization method.
The use of trapezoid or triangle model validation functions can possibly simplify the optimiz
ation prablem. Possibly we have to transform the global model to state space representation
to see if it is possible to find the contral signaIs by means of Quadratic Pragramming QP.
The MPC controller must be implemented in SIMULINK to do some testing with output
disturbances and feedback. If all this knowledge is available it gets time to take a real life
nonlinear pracess to see if we can use this type of models in the future.
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