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Abstract

In this thesis first a literature study has been reported, which led to a choice for a structure
identification algorithm for non-linear dynamic systems that are linear in the parameters (Billings
and Chen (1989». This algorithm was used for the identification of the glucose flow - respiratory
quotient transfer of a fed-batch fermentation process. A four-level pseudo-random sequence has
been used for identification, while two different datasets were used: one in case ethanol was
produced and one in case no ethanol was produced. Model-to-model identification led to selection
of terms that were different for each dataset, therefore a slightly adapted method was proposed
which led to six terms that were selected in every dataset (four linear and two non-linear terms).
The identification method led to a good model fit although the parameters were different and time
variant for each dataset. Real process data was also used for identification. but the dataset that
could be used was too small to obtain good results.

Samenvatting

In dit verslag wordt eerst gerapporteerd over een literatuurstudie. die leidt tot de keuze voor een
structuur-identificatie algoritme voor niet-lineaire dynamische systemen die lineair in de parameters
zijn (Billings en Chen (1989». Oit algoritrne is gebruikt voor de identificatie van een fed-batch
fermentatie process. Een pseudo random sequence met vier niveau's wordt gebruikt voor identifica
tie, terwijl twee verschillende datasets zijn gebruikt: een m~t ethanol productie en een z6nder
ethanol productie. Model-to-model identificatie leidt tot selectie van termen die verschillend zijn
voor iedere geidentificeerde dataset; daarom wordt een aangepaste methode voorgesteld die zes
termen geeft die in iedere geidentificeerde dataset worden geselecteerd. De identificatie methode is
ook gebruikt voor structuur identificatie van echte procesdata. maar de dataset die gebruikt kon
worden voor identificatie was te klein om betrouwbare resultaten te verkrijgen.
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1. Introduction

At Unilever Research Laboratories the fed-batch fermentation of bakers' yeast is studied. For this
purpose a laboratory scale process is used for experiments and a simulation model of this process
has been developed. The goal of this study is to be able to get a better control of the bakers yeast
growth. This report is a contribution to this research and deals with the structure identification of
the non-linear time-variant fed-batch fermentation process.

This report consists of two parts that can be read completely independent from each other. Pan one
contains a literature study of the structure identification of non-linear dynamic processes and pan
two contains the structure identification of the fermentation process under study using a method
that has been selected in pan one (Billings).
Chapter two reports on the literature study in which structure identification of block-oriented
models, the Group Method of Data Handling (GMDH), linear dynamic models with signal
dependent parameters, and non-linear models that are linear in the parameters are discussed and
evaluated.
In chapter three first the experimental plant is introduced. Then an introduction in the theory of
fed-batch fermentation is presented and the model proposed by Sonnleitner (Keulers 1988), that has
been used in the available simulation model is discussed. Also the model output RQ (respiratory
quotient) that can be used as control input is reviewed.
Chapter four gives a short resume of the principles on which the method proposed by Billings is
based.
In the fifth chapter proper operation setpoints will be chosen, test signals that will have to be used
for identification are proposed and some a-priori knowledge is presented that helps to arrive at the
fmal test signals that will be used for identification.
Then a model to model structure identification is carried out in chapter six. Two separate models
are used: One if there is ethanol production and if there is no-ethanol production. As the Billings
method does not works as well as expected, a slightly modified identification procedure has been
used that leads to more reproducible results.
In chapter seven the identification methods are also used on available process data, but as the data
set of interest is too small to draw reliable conclusions more tests are needed.
Finally chapter eight contains some conclusions concerning this report and recommendations are
given for further research.



PART I

structure identification of non-linear dynamic systems;
a literature study



2.Structure identification of non-linear dynamic systems

2.1 Introduction

Most processes encountered in practice are non-linear and it may be possible to describe them by a
model that is only mildly non-linear or by a linear model that operates over a restricted range. In
general, however, non-linear systems can only be adequately characterized over the whole
operating range by a non-linear model.

Since non-linear systems have a huge variety in their behaviour one of the major difficulties in
dealing with identification of non-linear processes is the choice of the model structure. Most of the
identification methodes developed assume that the structure of the system is given a-priori.
Therefore in reality they are parameter estimation algorithms. If the structure is not known a-priori
structure identification is usually performed by repeated parameter estimation for different
structures. In non-linear system theory, however, several methods are known to determine the
structure of a system. In the case where little or no a-priori information is available about the
process to be identified, the system has to be treated as a "black-box" where nothing about the
system itself is known or as a "grey-box" where also available knowledge of the system is
considered. The selection of the model is dictated by its flexibility, identifiability, the ease with
which the parameters can be estimated and the model can be validated and most important of all,
its suitability for control purposes.

The successful development of identification procedures for non-linear systems depends critically
on the model which is used to represent the system under investigation. Therefore several structure
identification techniques will be reviewed and evaluated in this chapter. Each structure identifica
tion technique will be evaluated with respect to its advantages and disadvantages. The structure
identification algorithms are organized according to the classes of non-linear dynamical models,
and to the kind of experiment performed on the unknown process (Haber and Unbehauen 1990).

2.2 Block-oriented models

2.2.1 Introduction

In this paragraph the structure identification of block-oriented models is discussed. The basic idea
of these block-oriented models is that the system can be divided into several blocks: blocks with
static non-linear and blocks with dynamic linear terms. For sake of simplicity only quadratic
systems will be discussed in this paragraph.

The block-oriented non-linear dynamic models having quadratic steady-state characteristics are
summarized in Table 2.1. These models can be divided into three groups (Haber 1989):

1. Hammerstein models in which the multiplier is not preceeded but followed by a
linear dynamic term (No. 1,2).

2. Wiener models in which the input signals of the multiplier are filtered values but
the output signal of the multiplier is not filtered (No. 3,4,5).

3. Wiener-Hammerstein cascade models which contain dynamic terms both at the
inputs and output of the multiplier (No. 6,7,8).
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Table 2.1

"

Block oriented models and the relation kernel/ftlter
(Haber 1985, Table 1)

In the simple models (No. 1,3,6), the dynamic parts are the same in the linear and the quadratic
channels, but in the generalized (No. 2,4,7) and extended models (No. 5,8) they differ form each
other. In the generalized models, the filters are the same before the multiplier, but in extended
models they are different.

The structure identification methods for block-oriented models that will be evaluated in this chapter
are the method using estimated Volterra-kernels, the frequency method, the correlation analysis
method, the identification method from impulse and step responses, and structure identification
based upon the estimated extended Wiener-Hammerstein model.

3



2.2.2 Structure identification of Block-oriented models using
estimated Volterra kernels

The (second degree) non-linear dynamic systems having polynomial static characteristics can
generally be described by a Volterra series:

Y(k) =ho+ t h l (1Cl ) U (k-1Cl ) + t t h2 (1Cli 1C2 ) U (k-1Cl ) u (k-1C2 )
G~ G~~~

(2.1)

These kernels can be used for identification methods for Block-oriented models (Eykhoff 1974,
Haber 1985, 1989). This is done by first estimating the Volterra kernels with a least squares
method. Then the block structure is detennined from the characteristic features of the kernels.
These characteristics can be derived from the graphical plots of the kernels and/or by means of
analytical indices (Haber 1989). Finally the weighting filters can be calculated either from the
kernels (table 2.1) or by means of direct estimation of the parameters of the parametric model of
known structure. The problem is, however, that the weighting fIlters cannot be reconstructed
directly from the identified Volterra-kernels.

From the grapho-analytical/analytical analysis (Haber 1985, 1989) the following can be concluded:

Criteria based on the linear kernel and different sections of the quadratic kernel:
1. The quadratic kernels of the Hammerstein models differ from zero only at the main diagonal.
2. In the simple Hammerstein model, the linear and quadratic kernels at the main diagonal are

proportional to each other.
3. In the simple Wiener model, the quadratic Volterra-kernels along the main diagonal are

proportional to the linear kernels.
4. In Wiener models, where the multiplier is preceded by two first-order lag tenns, the sections of

the quadratic kernels parallel to the main diagonal are proportional.

Furthennore Haber (1986, 1989) and Haber and Unbehauen (1990) present some conclusions that
can be drawn from the control levels of the two dimensional plots of the quadratic kernels and
some conclusions based on the rank of a matrix fonned from the quadratic kernel H2(1CI'~ =
[~(1CI'~]'

The advantages and disadvantages of the stucture identification of block oriented models using
estimated Volterra kernels are:

Advantages:
It is possible to use this method to do a structure identification.

Disadvantages:
I. If the kernels and type of the model are identified the weighting filters are still unknown,

only the type of model is known. According to Haber(1989) reconstructing these filters
from the kernels is not an easy task.

2. Volterra series map past system inputs into the present output This provides a redundant
system description since the dynamic infonnation in the lagged outputs is ignored (Billings
and Voon 1986).

3. Volterra series models require an excessive parameter set to describe even simple non-

4



linear systems.
4. Until now only SISO cases are considered and even this method gives already many

parameters. 1bis number will extend if MIMO will be considered.
5. As this structure identification method uses graphical plots for drawing conclusions, the

interpretaton of these plots will become very difficult if the model degree exceeds two.

2.2.3. Structure identification using the frequency method

If the extended (second order) Wiener-Hammerstein is excited by a sinusoidal input signal u(t) =
UCOS(Cllt) the output will show (amongst others) a second harmonic response and the equivalent
transfer function of the quadratic term will be W(jCll)= W2(jCll)W3(jCll)Wi2jCll). (Where W2(jCll),
W3(jCll) and Wi2jCll) are the linear frequency functions of the linear dynamic terms of the
quadratic part of the extended Wiener-Hammerstein.)

Using the foregoing, relations between pole/zero configurations can be derived (Haber and
Unbehauen 90):
Simple Hammerstein model: The poles and zeros of the quadratic harmonics are half of those of
the linear channel.
Simple Wiener model: The poles and zeros of the linear channel occur in the quadratic harmonics
with multiplicity two.
Generalized Wiener model: The poles and zeros occur with multiplicity two in the quadratic
harmonics.
Simple Wiener-Hammerstein model: The poles and zeros of the first linear dynamic term occur
both in the linear and quadratic harmonics, but in the latter with multiplicity two. The poles and
zeros of the second linear dynamic term occur only in the linear transfer function, but its values
divided by two occur in the second harmonics.
Generalized Wiener-Hammerstein cascade model: The poles and zeros of the linear dynamic
term before the multiplier occur in the second harmonics with multiplicity two.

In the Simple Wiener-Hammerstein cascade case the degree of the non-linear static polynomial is
equal to the degree of the highest harmonic of the system. In the parallel case the frequency
responses of the highest harmonic of each channel behave in a linear manner with frequency
(Gardener 1973a,b). Furthermore it can be concluded that the poles and zeros of the transfer
function of the linear dynamic terms occur in the transfer function of the linear equivalent
frequency function of the highest harmonic in the following forms:

1. The zeros and poles of the linear dynamic term succeeding the static nonlinearity occur
with their values divided by the degree of the polynomial.

2. The zeros and poles of the linear dynamic term preceding the static non-linearity occur
with multiplicity of the degree of the polynomial.

Note: Gardiner(1973) remarks: "The cascade representation is a neat analytical description but, it
is the parallel form that, to date, has been the more useful in analysis and identifica
tion."

5



Example (from Haber and Unbehauen 1990):

A sinsiodal test-signal with unit amplitude was applied to the following two simulated processes:
I. A simple Hammerstein model with static nonlinear part:

v(k)=5 + u(k) + 2u2(k) and linear dynamic part:
5y(t)+Y(t)=v(t).

2. A simple Wiener model with linear dynamic term:
5v(t) + v(t) = u(t) and static non-linear part:
y(k) = 5 + v(k) + 2v2(k).

The results can be seen in fig.2.1
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fig.2.1 Amplitude plots vs frequency of:
a. simple Hammerstein first-degree harmonics
b. simple Hammerstein second-degree harmonics
c. simple Wiener first-degree harmonics
d. simple Wiener second-degree harmonics

Note: look at pole/zero relations and relate these to remarks on the previous page
==================================;======================================
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The most important disadvantages concerning the identification using frequencies methods are:

Disadvantages:
1. Although the hannonic responses can be determined from frequency response measure

ments, this is a cumbersome procedure and there are problems in extracting the hannonics.
The amplitudes of the hannonics are attenuated with frequency much faster than the
fundamental frequency.

2. The last papers concerning this method were published in 1973 (Gardiner) and 1986b(Ha
ber in Hungarian). Gardiner(1973a,b) mentiones the fact that digital signal processing may
be better than the hybrid techniques used so far in his tests, and work is continuing to find
an easier measurement procedure to match the easy analysis technique. A more recent
comparable structure identification method is the method using impulse and step responses.

3. The disadvantages 1 and 4 mentioned by the block-oriented models using Volterra-kernels
also hold for this method.

2.2.4. Structure identification from impulse and step responses

The step and pulse responses are just like the frequency responses influenced by the pole/zero
locations of both the linear and the quadratic channels (Haber and Unbehauen 1990). The whole
step or pulse response of the system can be considered as the response of a linear system of the
same excitation and an equivalent transfer function can be determined as the ratio of the Laplace
transform of the output and input signals.

The equivalent transfer functions derived from the pulse or step responses contain the following
poles:
- The poles of the linear channels.
- The poles of the transfer functions of the terms after the multipliers in the quadratic channels.
- The sum of the poles of the transfer functions of the terms occuring before the multipliers in the

quadratic channels.

On top of these features the step response also contains the poles of the transfer functions of the
terms before the multipliers in the quadratic channels (Table 2.1).

In the special case of determining the structure of simple Wiener and Hammerstein models the
non-linearity can be determined in both cases from several step responses, where the static non
linear curve is driven by the relation between the steady-state values of the input and output of the
process.

Disadvantages:
1. It is only possible to determine the structure using the distribution of the poles of the

system, nothing is known about the contents of the blocks.
2. It is difficult to extend this version to MIMO.
3. The only literature about this subject is Haber and Unbehauen (1990), Eykhoff(l974) and

Haber (1986a in Hongarian).

7



2.2.5 Structure identification based. on the estimated extended Wiener-Hammerstein model.

If the process is identified in the form of the extended Wiener-Hammersrein model, then the
concrete stlUcture can be determined from the relations between the pulse-transfer functions of the
linear terms in the extended Wiener-Hammemein model (Haber 1990).
The following relations can be used for stlUcture detection:
Simple Hammerstein model: The two terms before the multiplier are static ones and the
remaining blocks of the linear and quadratic channels have the same poles and zeros.
Generalized Hammerstein model: The two terms before the multiplier are static ones.
Simple Wiener model: The term after the multiplier is a static one and all remaining blocks have
the same poles and zeros.
Generalized Wiener model: The term after the multiplier is a static one and the remaining blocks
of the quadratic channel have the same poles and zeros.
Extended Wiener model: The term after the mutiplier is a static one.
Simple Wiener-Harnmerstein model: The two blocks before the multiplier have the same poles
and zeros. The block in the linear channel has these common poles and zeros and those of the
block after the multiplier.
Generalized Wiener·Hammerstein model: The two blocks before the multiplier have the same
poles and zeros.

Besides the general disadvantages of the block-oriented models this system has the disadvantage
that it needs the knowledge of the transfer functions of the separate blocks. If these transfer functi
ons were known there should be no desire for making a structure identification, because in this
case all desired infonnation should be available. Therefore this method is useless.

2.2.6 Structure identification or cascade models by using correlation analysis

X~__g(_t)_1 q(t) 1F[. 1 l 1k(t)

fig. 2.1 Wiener-Hammerstein cascade model

~t)

For special test signals (signals that belong to the class of separable signals) (Korenberg 1985,
Billings and Fakhouri 1982) it can be shown that the linear cross-eorrelation function is:

~

l1lz,y(k)=A1L g(k)k(k-K1)
t,.o

if x1(k) =u(k) - E{u(k)}
and the non-linear cross-eorrelation function is:

if ~(k) =[u(k) - E{u(k)}]2
where Al and ~ are constants.

8
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The identification is divided in two pans. First the dynamic linear terms are determined and if
these terms are known the static non-linear part is identified. A method for detennining these
blocks is the method proposed by Fakhouri (1980). In this method Fakhouri uses a Volterra series
and first calculates the dynamic linear terms g(t) and k(t) using a least-squares decomposition
algorithm. Then the non-linear term is calculated by minimizing a sums of squares of error.

Il

J-E (y(i)-9(i)~
j.l

p

9(i)'"'AJ: k(j)F[(l(i -j»)
j.l

I

(l(i)=A1E qU)u(i-j)
j.l

(2.4)

(2.5)

(2.6)

Korenberg (1985) extends the correlation technique to MIMO by defining the terms as being:

~YJ(k)=yj(n)x;(n-m)=E\jE kj(r)g\j(k-r)
r.o

~SNJ(kl.Is)=(Yj(k) -Y;5x1(n-kl)x\(n-Is) = EIiJ: kj(r)gjj(k\-r)g\j<ts-r)
r.o

(2.1)

(2.8)

Advantage: This is the only system amongst the block-oriented models that can be used di
rectly for estimating the parameters.

Disadvantages:
1. The constants still must be determined after identification
2. Using the Volterra-method introduces the problem of the lagged outputs (see disadvantage

2 of 2.2.2).

9



2.2.7 Conclusions

The conclusions concerning block-oriented models can be divided into the advantages and
disadvantages of these models.

The advantages of block-oriented models are:
1. A structure identification technique is presented which can overcome some identification

problems.
2. The correlation technique is an approach which, in principle, can solve many non-linear

problems.

The main disadvantages of this method are:
1. The methods (except the correlation technique) only give the structure of the block

oriented models not the contents of the blocks. Therefore this is reallocating a problem not
solving a problem.

2. Even SISO solutions are already very complex.
3. The methods discussed in general only gives the structure of the blocks not the contents.

Besides these general disadvantages most methods discussed have their own specific disadvantages.
For the block-oriented models using Volterra-kernels are a problem: the excessive parameter set,
the high order grafical analysis and the lagged outputs. The frequency method has the problem of
extracting the harmonics from the measurements and the dated research in this field. 1be
estimated extended Wiener-Hammerstein cascade method requires knowledge of this model. model.

2.2.8 Block-oriented models and the Bakers Yeast Process.

The Bakers yeast process can be considered as being an extended Wiener-Hammerstein cascade
process (Sepp 1991). The use of the structure identification of block oriented models in case of the
fermentation is limited, because the block-oriented model structure identification does not provide a
mean for identifying the separate blocks. Furthermore it can not be assumed that the lagged outputs
are not imponant and, because of this, it is necessary to use these outputs in the identification. 1be
outputs of the Bakers Yeast process that are considered are probably dependent on several inputs
which makes many of these identification methods very complex.

10



2.3 Group Method of Data Handling

The Group Method of Data Handling (GMDH) is a heuristic selforganizing scheme for developing
a polynomial approximation of a relationship between a dependent output scalar Y and an
independent inputvector X:

X(k) = ( u1(k).··· .•u1(k-n1); uz(k).....uz(k·nJ ;... ; u.(k)•...• u.(kr\);
yl(k-1).···.yl(k-m1);· ..;y,(k-1); ....y.(k· mJ}. (2.9)

In early days the versions of GMDH. originally fonnulated by Ivakhnenko (1971. 1972). selected
those intennediate variables which gave. e.g.. the smallest AIC or prediction sum of squares
(PRESS). where the number of intennediate variables was preferred to be as large as possible
within the limit of the memory capacity of the computer. More recently the revised GMDH
became more popular. A schematic diagram of the revised GMDH algoritrn (Korttnann and
Unbehauen 1988. Yoshimura et al. 1985) is shown in fig. 2.3.1. Each layer consists of a block of
partial polynomials P with inputs from the previous layer. having been passed a selection stage (P
is for example Yl = 30 + a1x j + ~Xj + a3xj

Z + a4xJ
z + aSxi'S). The inputs of the next layers are

denoted as intennediate variables chosen from the computed outputs of all partial models of a
layer.

'·1' lD,.' FIl'WI1 lD,.'

" "

., 1 !c "· :] ... I,:" v " ' , .· ., •• ....,
j·L 'l. 0;:

" 'l
'l

fig 2.3.1 Block diagram of the revised GMDH algorithm

The number of partial polynomials grows rapidly as the number of input variables is increased.
Therefore the limit of the storage capacity of the computer can be exceeded. and in each layer a
selection of the partial polynomials has to be carried out to reduce the number of input variables of
the next layer. Korttnann and Unbehauen (1988) present a selection method that uses the direct
structure selection scheme. Yoshimura et al. (1985) use Akaike's Infonnation Criterion.

The advantages of the GMDH are (Haber 1990):
1. The submodels have less parameters than a complex model would need. The estimation of

a small number of parameters can be perfonned more easily since the parameter estimation
of too many unknown parameters cause numerical problems.

2. Generally more input/output data pairs are needed for the identification than the number of
unknown parameters. Since only submodels with only a few unknown parameters are
estimated. fewer measurements of the data are needed.

3. GMDH is able to handle more different kinds of non-linear processes than Wiener
Hammerstein models can.

11



The disadvantages of the GMDH are:
1. A heuristic selection can result in a good prediction model, but the disadvantages are that a

model will be obtained with too many parameters, where the statistical significance of each
term is very doubtful and the problem of multicolinearity becomes serious at higher layers
The reason is that, e.g., two intermediate variables can be chosen which actually fulfill the
criterion but comprise statistically the same information. In the revised version (Kortmann
and Unbehauen 1989) an attempt has been made to prevent this from happening, but this
was only partly successful.

2. The computational procedure of the GMDH must be repeated many times, but the final
model is rarely the "optimal" one, if the number of selected terms is studied.

3. Except that the GMDH method selects itself the degree of non-linearity there is no other
reason to use it (Kortmann and Unbehauen 1988a). The method proposed by Yoshimura
(1985) uses the AIC(2)· which has been critisized by Leontaris and Billings (1987a).

4. GMDH can be used for MIMO, but it will only increase the problems mentioned before.
All papers discussed dealt with SISO cases.

• AIC($)= Nln(NRSS)~.no $>0

12



2.4 Structure identification of "linear" dynamic models with signal-dependent parameters
(Haber and Unbehauen 1990, Haber and Keviczky 1985, 1986a)

A non-linear process can be described by a semi-linear system with signal-dependent parameters in
a domain of the input signal:

- If the system can be linearized for small excitations around working points.
- If the parameters are functions of any measurable or computable signal.

The basic idea is that the strncture can be identified by first taking a linear differential or
difference equation and then considering the parameters as being dependant on a measurable signal
or state variable (gain factor, time constant, damping factor, zero/pole). For example the parameters
can have a non-linear static gain (K) or time dependence (T) (or their reciprocal values):

(2.10 )

(2.11)

Haber and Keviczky (1985) determine the structure of the model by investigating all possibilities
of K and T of a known linear model and selecting the one which gives the best mode fit For
example:
Ty + Y=Ku(t) where K =Ko+K1x(t) and T =To+T1x(t)
give only gives nine possible combinations (inverted terms included) and the best structure can be
derived from repeated parameter estimation and model validation tests.

Using this method for strncture identification is very time-consuming if there is no indication
which signals are important or how many inputs influence the output under consideration.

The idea of making the parameters depending on the measured signal can be very useful in
modelling the dYnamics of a system once the important signals are known from a strncture
identification. Haber and Keviczky (1986a) do this by using a staircase signal for determining the
relation between parameter and signal. It is important to note that the significance of a signal can
decrease and the significance of the lagged signal can increase due to time-shifts in the dynamics.

The use of this method can be considered for identification of the dynamics once the strncture is
known. If this method will be carried out one should be sure that the signals found in the structure
identification are the right ones. Probably this method only works for slowly changing dynamics.

Summarizing one can say that the idea behind this method can be very useful for the identification
of dynamics that can not be caught in the structure identification, but its application for structure
identification itself is limited to simple structures.
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2.5 Structure identification of non-linear dynamic models that are linear in the parame
ters

2.5.1 Introduction

The non-linear model is assumed to be a differentiaVdifference equation that is linear in the
parameters. The structure identification is perfonned by selecting all significant components
amongst all possible ones. This can be done by using regression methods. These methods can be
divided in three groups. The first group "all possible regressions" is not very efficient for structure
detection, therefore it was followed by the regression analysis and orthogonal regression methods.
Nowadays most research is carried out in the field of orthogonal regression.

2.5.2 All possible regressions

The simplest way of searching for the best structure is to perfonn a parameter estimation for all
possible structures and to decide on the basis of comparing certain perfonnance indices (Haber and
Unbehauen 1990). These indices can for example be the residual sum of squares(RSS), the
multiple correlation coefficient(R2), the adjusted multiple correlation coefficient(R.2), Malow's Cp

statistic, the overall F-test(OVF), the final prediction error technique(FPE), Akaike's infonnation
criterion(AIC(~), Khinchin's law of iterated logarithm criterion(Lll..C) and Bayesian infonnation
criterion(BIC).

There are however some disadvantages that set limitations to these methods. The RSS and R2

method point out the best model with often too many model components. The F-test can only be
applied to single output systems (Leontaris and Billings 1987). The hypothesis testing method is
traditionally based on the F-test with the same significance level for all the pairwise comparisons
between models. Such a method creates inconsistencies which triggered Akaike to create his
objective AlC and FPE and Kashyap to investigate the Bayesian approach (Leontaris and Billings
1987a). The AIC(2) criterium has been criticized (Leontaris and Billings 1987a) because it has
been shown that it may overestimate the true parameter vector. The AIC(4) is proposed as having a
better value significance level. Perfonning all possible structures is a very inefficient, time
consuming procedure.

2.5.3 Regression analysis

A more economic way to build a model in a successive way is to apply forward, backward or
stepwise regression.

Stepwise regression

Select the most significant model component for possible entry into the model. For
example by adding the coefficient that contributes the greatest increase in "goodness of fit"
to the model.
Include the selected component in the model if it passes a selection stage, the so-called

The stepwise regression algorithm consists of the following basic steps (Haber and Unbehauen
1990):
1.

2.

14



inclusion threshold.
3. Eliminate those components from the model which do not pass the inclusion threshold.

There exist some methods for selecting the most important model component for entry into the
model, the most of them use the criteria discussed in the previous paragraph.

Kortmann and Unbehauen(l988b) introduce a method that uses different information criteria and
conclude that the best method is to add the new component if all performance criteria support it,
and to remove an already existing component if any criterium indicates it. Another method is the
stepwise-regression prediction-error estimation for non-linear systems proposed by Billings and
Voon(l986) which uses a NARMAX (non-linear ARMAX) model, the F-test, the t-test and
stepwise regression. Billings and Voon state that usually less than ten of the terms are significant
and the remainder can be removed with little deterioration in the prediction accuracy of the model.
This method also provides a model validation method.

The most important disadvantage of the models discussed above is that it needs an initial Least
Squares estimation which can lead to time consuming computations and numerical problems. It is
therefore advantageous to use orthogonal model components.

Two special cases of stepwise regression are forward and backward regression.

Forward regression: Only new model components can be checked for partial F-tests but no earlier
accepted components can be removed. TIle algorithm starts with a model having no components.
Thus if a new components covers the information given by the earlier accepted component the old
component can not be removed anymore.

Backward regression: Only existing model components can be checked for panial F-tests and no
new model component can be inserted. The algorithm starts with the most complex model. This
method has the disadvantage that the starting model has too many parameters and the solution of
the least squares estimation may cause numerical problems.

2.5.4 Regression analysis using orthogonal model components

If the advantages and disadvantages of the forward, backward and stepwise regression procedures
are evaluated one can draw the conclusion that the number of regressions and the parameter
estimation algoritm itself could be reduced if orthogonal model components were applied.

The advantages of this procedure are:
1. The estimation of the parameters of the orthogonalized model is easy and independent from each
other. Entering a new model component does not alter the values of the previously estimated
parameters. The sum of squares due to regression of a model having more components is the sum
of squares due to regression if only the individual components were included in the model. As a
consequence of these things the best model components to be considered for possible entry into the
model can be deduced by simple calculation of the sum of squares due to regression for all model
components not being in the model, and choosing that one which results in the largest sum of
squares due to regression value.
2. The different tests based on the residual sum of squares can be calculated without knowing the
estimated parameters.
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Concerning regression analysis using orthogonal model components there are three main directions
of research which will now be discussed. Each method is named after the most important authors
in this field of research.

2.5.4.1 Kortmann and Unbehauen (1988a)

They present a method that uses a Kolmogorov polynomial expansion of outputs and inputs and a
bilinear expansion of the system inputs and outputs. The structure is detennined by a Structure
Selection Scheme which is based on orthogonalization of the signals. A sum of squared regressors
detennines whether or not a variable should be included in the model A variable that has been
entered in the model may have to be removed from the model at a later stage because of the relati
ons with other variables incorporated to the model. This is tested by application of FPE, AlC,
LILC and BIC tests a each stage. Finally the parameters from the selected signals can be
detennined from a Least Squares estimation since the model is linear in its parameters. Although
this is a nice procedure there are some disadvantages. The model uses the criticized F-test, FPE
and AlC(2) methods and it has no dynamic extension.

2.5.4.2 Desrochers

(Desrochers 1981, Desrochers and Mohseni 1984, Desrochers and Sadiris 1980)

Desrochers presents a GMDH-like method. A layered approach is also taken but it is shown that
after n stages of the process the optimal n-tenn model is obtained in a least squares sense. The net
result is an algoritm that pennits the modelling and/or simplification of systems that, until now,
have been too complex for modelling in some optimal way.

STAGI 0

STAGll

STAGI2

STAGI]

fig. 2.5.1. The tree-structure used for selection

The basic idea is to let the admissible set of models be those which are fonned from linear
combinations of any and all of the signal elements in a set G. The procedure selects the model
structure from a tree structure as shown in fig. 2.5.1 This method is introduced to avoid designing
and testing all possible models. The algoriun is based on conjungate direction ideas which gives
the optimal n-tenn model structure in n-stages. The essential feature of the technique is that it
generates a sequence of projection matrices such that the original vectorvalued functions become
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conjugate directions. This leaves the original non-linear terms intact and allows the structure for
the optimal n-term model to be assembled in n selections from the library. An extra topic presented
by Desrochers is the solution that uses differential equations for dealing with the dynamics of a
system.

The most important advantages of this method are according to Desrochers and Mohseni:
1. The complete polynomial model is rarely needed to accurately model the system. This is

true for the dynamic counterpart also.
2. Selection of the optimal model is done by comparing structural properties of the models.

which eliminates the need to explicitly find the parameters for every possible model.
3. The error of the approximant can be calculated at each level of the tree. Calculating this

error does not require any parameter identification.
4. Computational time is greatly conserved(compared to non-orthogonal regression algo

rithms) thus allowing the consideration of very complex systems.

Thus the method is optimal. efficient,"fast" and extendable to dynamic configurations.

This algorithm has been implemented in Matlab by Hoeksel (1991). Appendix AI. Hoeksel(1991)
and Chen and Billings (1989) both conclude that this algorithm is time consuming because it
computes projection matrices. This makes geometrical insight more apparent. but it is computati
onally unnecessary.

2.5.4.3 Billings, Chen and Korenberg

Korenberg, Billings et al. (1988), Billings, Chen and Korenberg (1988), Chen and Billings (1989),
Billings and Chen (1989)

The best way to get an impression of the work done by Billings, Chen and Korenberg is to give
abstracts of their four most important papers in this field. This because the papers give a good
evaluation of their research. In the first paper an orthogonal parameter estimation algorithm for
non-linear stochastic SISO systems is presented and the second paper extends this for MIMO
cases. The third paper discusses orthogonal identification algoritms and the fourth paper gives
methods for identification of severly non-linear systems. There are also some other papers that
support this papers, but these will not be discussed here. These are Leontaris and Billings (1987),
Leontaris and Billings (1985) and Billings and Fadzil(1985).

Korenberg, Billings et al.(1988)

First a NARMAX model is introduced:

y(t)=F 1 [y(t-1) ... y(t-Ny);u(t) ••. u(t-Nu );

£ (t-1) ... £ (t-N
t

) ] +£ (t)

where u(t), y(t) and £(t) are the measured input, output and prediction error.
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(2.13)

This model can be expressed as a polynomial expansion of inputs, outputs and noise terms:

y (t)=aJ il +talll x (t)+t ta?lx (t)x (t)+
1 1

1
-1 1 11 1

1
-11

1
-1

1
1 I 11 1,

+ t ... t al;! .. i,X i (t) ... X i (t) +
1

1
-1 1

1
-1

1
_
1

1 1

+ ei(t),i =1, .... ,In

Then the parameters a can be calculated from yet) = p(t)a + E(t) using a orthogonal estimation
algoritm described in the paper. The error reduction ratio(ERR) provides an indication of which
terms to include in the model. Insignificant terms can then be discarded by defining a value of
ERR below which terms are considered to contribute a negligible reduction in the mean-squared
error. This SISO-method provides the possibility to make a distinction between thresholds for
terms with and without prediction error terms. After structure identification a validity test using
linear and non-linear correlations is applied to check if the fit is adequate.

Billings, Chen and Korenberg (1988)

The paper discusses the extension of the algorithm used in the previous paper to MIMO-cases.
After having extended the NARMAX-model to MIMO-cases a forward-regression orthogonal
estimator is introduced which determines the structure of the model. With this method it is possible
to first make a linear identification and then extending it with non-linear terms. Again modelvalida
tion tests are proposed, the Chi2 and the correlation test, and some present disadvantages of these
methods are mentioned.

Chen and Billings(1989)

There are several orthogonal linear least-squares methods which can be used for structure
identification in non-linear system identification. There are three approaches which may be
considered competitive for computing theta:
1. Solve the normal equation by Gaussian elimination or by using Cholesky's decomposition

of pTp.
2. Orthogonal decomposition (Classical Gram-Schmidt(CGS), Modified Gram Schmidt(MGS),

Householder and Givens).
3. Singular value decomposition.

If pTp can be formed accurately approach 1 offers the most economical method for computing. TIle
second approach is the most accurate. It avoids possible ill conditioning from the formation of pTp.
The third approach is particulary useful if the rank of P is unknown or is ill-conditioned in a
unpredictable way but it is computationally more expensive.

Concerning orthogonal decompositions: The CGS-procedure is very sensitive to round off errors. If
p is ill-conditioned the computed colums of a submatrix W will soon loose their orthogonality and
reorthogonalizing will be needed. MGS is numerically superior, while MGS and Householder are
highly competitive. TIle combined problem of structure selection and parameter estimation is
discussed and it is pointed out that the algoritm proposed by Desrochers and Mohseni (1984) and
also the Billings et al.(1989) algorithm is the CGS method.

18



As mentioned before, the CGS orthogonalization is sensitive to computer round off errors. Notice,
however, that the model selection algorinn is not designed to orthogonize the whole P, which is
often ill-conditioned. It selects a submatrix p. and since p. contains only significant terms of the
system it is usually wellconditioned and the problem of colums of submatrix W loosing their
orthogonalty rarely occurs. Sometimes it still may be desirable to employ MGS orthogonization
procedures in a model selection algorithm because of its numerical superiority.

Advantages CGS: The hughe matrix P is not stored in the computer, but only a submatrix W.
which is often of modest dimension needs to be kept. It is easy to extent to polynomial NARMAX
where noise modelling is a part of the identification procedure. Also iterative schemes for
polynomial NARMAX-models are presented.

Billings and Chen (1990)

In this paper extension of the polynomial NARMAX-model with severe non-linear terms such as
absolute values, sinusoidal, exponential and logarithmical terms are introduced. A new intelligent
structure detection strategy is introduced that learns the threshold for term selection, which
provides a fully automatic term selection algorithm. Global data fitting is investigated as a means
of estimating the parameters in a single global model using several data sets, each of which covers
a local region of plant operation. This type of analysis is appropriate for systems of which it is not
possible to excite the system over the total operating range in one experiment but where several
small perturbation experiments about different operating points are permitted. If a system is
severely non-linear, it may not be possible to fmd one model that provides an adequate representa
tion, therefore the estimation of threshold models is investigated as a solution to this problem.

2.5.4.4 Final remarks on literature presented by Billings et ale

The algorithm of Billings et al. has been applied for indentification of two processes (Billings,
Chen and Backhouse (1990) and Billings and Fadzil (1988).

The algorithm of Billings, Chen and Korenberg(1988) has been implemented in Matlab by Hoeksel
(1991, Appendix B).

Finally it is interesting to point at two papers which are closely related to the papers which are
discussed before. The first paper introduces a new theory for spectral analysis for non-linear
systems (Billings and Tsang (1989, 1990», by rewriting the identified non-linear difference
equation to non-linear frequency response functions. The second paper(Chen and Billings (1990»
develops a practical algorithm for indentifying NARMAX models based on radial basis functions.
These radial basis functions have strong connections with neural networks. The identification
method discussed in this paper is also strongly related to the four papers discussed in this
paragraph.
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2.6 Conclusions

In this chapter structure identification of non-linear dynamic systems has been discussed.

The structure identification using block-oriented models has limitations in its usage, mainly
because this method does not use lagged outputs which can give a redundant system description.
The block- oriented models are already very complicated in SISO solutions and become only more
difficult in MIMO-cases. The method in general only gives the structure of the blocks not the
contents.

The structure identification using GMDH is a system that is not optimal and although some
optimizations have been implemented it still has many disadvantages and the only reason to use it
is that it selects itself the degree of non-linearity.

The structure identification of linear dynamic models with signal-dependent parameters is not very
efficient for determining the structure of the system. It can however be used for identification of
the dynamics of the system once the structure is known.

The structure identification of non-linear dynamic systems that are linear in parameters using
orthogonal regression is mostly used these days. Orthogonal regression methods are proposed by
several authors, but the methods proposed by Billings et al. is superior to the other methods. This
mainly because the amount of different kinds of terms that may be included in the model and the
flexibility of his method.

The algorithms of Desrochers and Billings have been implemented in Matlab by Hoeksel (1991).
As the algorithm of Billings is superior to the one of Desrochers this algorithm will be used in the
second part of this report for identification.
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PART II

Structure identification of a fed-batch
fermentation process



3. Bakers' yeast fermentation

3.1 Introduction

The fennentation process this report deals with is an exponential fed-batch process. This means
that the input substrate is added exponentially to the process while it is operating and no product is
removed until the end of the batch. This type of growth is very suitable to optimize the productivi
ty and to avoid over- and underfeeding of the nutrients (Keulers 1988). In this chapter first the
laboratory scale process is described, then the process model upon which the available simulation
model is based is given and finally the output RQ that can be used for control is discussed.

3.2 Fermentation process

The Bakers' yeast is cultivated in a fennentation vessel (fig 3.1). The cultivation of yeast takes
place in the broth (grey area), which contains yeast, vitamins, dissolved oxygen, water and other
things necessary for yeast cultivation. In order to keep the broth homogeneous it is mixed by a
stirrer, which dissolves the inlet air. To provide an optimal environment for growth the temperatu
re(30·C) and pH (5) are kept under local control using PID-controllers. Furthennore foam
production is avoided by adding anti-foam.

8~-n GG
l~1 pH-n

off·pa JDeUIIR:IIIaIt

sample outlet
--1.'1,,1-........,

product outlet

fig.3.1 Schematic diagram of a fennentation vessel
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As already mentioned before, the process is operated in fed-batch mode, therefore the inputs are
added exponentionaIly. These inputs are the glucose flow (GF), air flow (AF) and stirrer speed
(55). The outputs that can be measured on-line by analyzing the off-gas with a mass-spectrometer
are the ethanol concentration (E), the oxygen uptake rate (OUR) and the carbon dioxide production
rate (CPR). Besides these a probe in the broth measures the dissolved oxygen tension(p or DOT)

OF(t) 1

SSet) 2 '---+1

AF(t) 3

fermeD tI tion

process

t------+ 1 CPR(t)

!----+ 2 OUR(t)

!----+ 3 B( t)

~----+ 4 P (t)

Inputs:

Outputs:

GF, glucose flow
55, stirrer speed
AF, airflow

DOT or P, concentration of dissolved oxygen
E, ethanol concentration
OUR, oxygen uptake rate
CPR, carbon dioxide production rate

liter!hour
revolution per second
liter per minute

mole per liter
mole per liter
mole per hour
mole per hour

fig. 3.2 In- and outputs of the fennentation process

3.3 Process model

The process model on which the available simulation is based uses the hypothesis of 50nnleitner
(Keulers 1988, Mols 1990). This hypotheses divides the growth conditions in 3 pathways:

pathway 1: Under optimal conditions yeast perfonns an oxidative reaction with the carbon
source.

pathway 2: If the substrate consumption rate is in excess to the oxidative capacity of the
reaction, the reductive reaction occurs.

pathway 3: Ethanol is metabolized according to an aerobic reaction.

The ethanol does not metabolize reductively because this reaction cannot occur according to
biochemical laws. The biomass metabolizes according to one or a combination of the three above
mentioned pathways. This under the restriction of the available oxygen and glucose. TIle concen
tration of oxygen imposes a boltleneck on the metabolism of glucose. This bottleneck is the
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maximal amount of glucose that can be metabolized oxidatively (pathway!). If the concentration of
glucose exceeds this amount the exceeding part is metabolize reductively (pathway 2) and ethanol
is produced. On the other hand, if the concentration of glucose is less than this amount a part of
the ethanol is metabolized oxidatively (pathway 3). For more information on this see Keulers
(1988).

The unstructured model that is used in the simulation and will be used in this report can be found
in Mols (1990).

3.4 The Respiratory Quotient (RQ)

The RQ is the most important output that can be measured on-line, because it is this output that
will have to be used as an input for the controller after the process has been identified. The RQ is
the quotient of the carbon-dioxide production rate (CPR) and the oxygen uptake rate (OUR):

RQ- CPR-"7:Jrm (3.1)

If the process under study has no oxygen limitation (all the glucose is metabolized oxidatively) and
there is no ethanol present in the broth the RQ will be equal to 1.05 (or 1.0836 dependant on kind
of yeast that has been used), not correlated to the amount of glucose used.

1.05

_/[02] [G) ••>

fig. 3.3 RQ as function of glucose concentration [G] in the broth

If oxygen limitation occurs (from a/[O;) some glucose is metabolized reductively) the RQ will
grow (even up to 5) and ethanol is produced. When there is ethanol production the RQ can
decrease below 1.0836 (even down to 0.45, the value of pure ethanol metabolism), this because
besides glucose some ethanol is metabolized.
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1.05
0.45

a/[02] [E]+[G] ••>

fig.3.4 RQ as function of the glucose concentation [G] and ethanol concentration [E] in
the broth.

for control purposes it is important that the process is operated a little above the optimal growth
value. This because otherwise the RQ does not contain enough information as the RQ value is a
constant if there is no ethanol in the broth.

3.5 Problem statement

The aim of this study is to make a non-linear structure identification of this non-linear time-variant
fermentation process. This in order to make it possible to compare this (in a later stage and
therefore not in this report) to another identification method (Schrasser 1991) and to see which
method gives the best model and can be used best for control purposes. Therefore a literature study
has been carried out (Chapter 2). The Billings algorithm which was considered as being the best
method will have to be used for identification of the fermentation process. This identification will
be carried out on the available simulation model and also on the available measurements from the
real process.
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4. Billings algorithm

4.1 Introduction

In this chapter the algorithm of Billings et al. (1989) will be described. It has been implemented by
Hoeksel (1991) and will be used for structure identification of the fermentation process. For
convenience of the reader the algorithm is presented for a single input-single output case.

4.2 The algorithm

The algorithm consists of a number of steps which will be presented here.

step 1: The maximum number of delay terms of the NARMAX model (2.12) is selected that will
be taken into account (Ny' Nu and Nt) and the model order (1) is selected. Also the process
terms inclusion threshold Cd and the noise terms inclusion threshold Cde are selected.
Furthermore set e(t)=O for t=l. .. ,N. The inclusion threshold is the threshold above which a
term will be included in the model.

Define:

M

yet) = E BmPm(t)+e(t)
m.o

(4.1)

where PI...,M are all possible combinations of the terms defmed before and Bi (i=O,.. ,M) are
the unknown parameters to be estimated.

Before Bj can be estimated first an auxiliary model has to be defmed:

M

Yet) = E gmwmet) + e(t)
m=O

where w;(n), i=O,oo,M is orthogonal such that:

(4.2)

N

E wj(t)wkjt) = ° for j=O,I,oo,k (4.3)
t.1

step 2: Estimate all terms, which do not contain e(.) terms. This can be done by defining:
wo(t) = Po = 1 (4.4)

m-I
wm(t) = Pm(t)-E armwr(t) m=l,oo,M

r=O
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N

E Pm(t)wr(t)
t.1

arm = -'7.
N
,----

E w;(t)
t.1

and setting:

1 N

~ = -Ey(t)
N t.1

O~r~m-l
(4.6)

(4.7)

With (4.2) and using the orthogonality of wm(t) the parameter gm can be estimated:

N

E y(t)wm(t)
~ t=1
6 m = -":;'N---

E w;(t)
t.1

for m=l,.. ,M (4.8)

The selection is terminated if:

q,
1 - E [err]j < Cd

m.1

where qp is the number of significant process terms and [err]:

(4.9)

for i = 1,.. ,M (4.10)

This error reduction ratio (*100%) is the percentage of the error reduction in the total
mean squared error.

step 3: Calculate the initial residuals:

N

~(t) = y(t)-E gmwm(t)
m.Q

(4.11)

step 4: Now select the noise terms in the same way as the process terms were selected in step 2.
The selection is terminated when:

26



Cl,+'l.

1 - E [errlm <Cde
m.1

step 5: Now calculate the parameters 9 j using:

M

Am=Egjvj
i.m

where vm= 1

(4.12)

(4.13)

(4.14)

i-I

V.= -~a.v
1 L.J ft r

f=m

for m<i~ (4.15)

and compute the prediction error:

M

£(t) = yet) -E gmwmet)
m:O

(4.16)

step 6: Test for convergence. If the defined convergence criterium is satisfied stop. Otherwise go to
step 4.
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5. Operating setpoints, test signals and a-priori knowledge

5.1 Introduction

In this chapter first proper input operation setpoints will be chosen. Then test signals are designed
which can be used for structure identification and the influence of the test signals on the relevant
states is considered. The a-priori information obtained is used to reduce the number of possible
states in the model and to design good experiments. Fmally the data-set that will be used for
identification is presented. All the experiments described in this chapter have been done on the
available simulation model of the process.

5.2 Input operation setpoints

The inputs must be chosen such that they "optimally" meet the biomass' exponentially growing
demand for nutrients. Therefore it must be avoided that over- or underfeeding occurs if possible at
low energy costs. Inputs that satisfy these demands must cause a dissolved oxygen tension that is
10% < DOT < 20% of the air saturation of the broth.

The actuators cause a limitation to the inputs. These limitations are:

3
o
8.4

< Air flow
< Glucose flow
< Stirrer Speed

<8
<4
< 16.6

liter/h
liter/h
revolutionsls

A set of possible operation setpoints that were found with a trial and error method, and will be
used in this report, using the simulation are shown in Appendix Cl. These input exponents (y =
a*exp(bt)) increase from t=0.5 h to t=7 h. In this time span the glucose increases from 0.08 to 0.21
liter/minute with a constant a=O.I, the airflow increases from 3 to 8 liter/h with a=l, and the stirrer
speed increases from 8.4 to 16.6 rev/s with a=1. The results of the simulation show that the
dissolved oxygen tension remains between 10% and 20% for t > Ih. Furthermore there is a
damped oscillation in the RQ value as well as in the oxygen enzyme, ethanol, DOT and OUR.
This oscillation occurs for a certain ethanol production/glucose consumption ratio and is not
characteristic for the process. This oscillation can occur if the dissolved oxygen tension is low.

5.3 Test signals

5.3.1 Introduction

As in this report only SISO cases will be considered the test signals will be applied to one input
and the other inputs will be operated over their operation setpoint values. As the output noise will
increase exponentially if the inputs increase, the test signals are chosen to increase exponentially as
well in order to maintain a constant signal to noise ratio over the whole range of operation. This
exponentially increasing test signal will be added to the normal operating point of the input.
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fig. 5.1 Example of an input with test-signals

A good test-signal chosen for an identification experiment should be persistently exciting. This
means that the input should excite all the frequencies of interest and should also excite the process
over the whole amplitude range of interest in the system. For a linear process a PRBNS-signal
meets this demand, but for a non-linear process like the fermentation process under study the
PRBNS is maybe not sufficiently exciting. 1be PRBNS makes sure that all the frequencies of
interest up to half the sample frequency are excited, but it is possible that not all amplitudes are
excited as only two amplitude levels are used. Therefore some simulations have been nmned with
multilevel test-signals.

5.3.2 Four-level PRBNS

The first simulations (Appendices C2, C3) use a four-level pseudo random noise sequence. 1be
noise sequence is obtained by first generating a PRBNS sequence using a shift register of length
10. This leads to a sequence with 1023 mutual independem binary levels. 1ben the sequence is cut
in two which leads to two mutual independent binary sequences with length 512. 1bese sequences
are scaled, multiplied and added to the operating setpoint dataset such that the amplitude levels are:
-8%, -4%, 4% and 8% for the stirrer speed experiment and -6%, -3%, 3% and 6% for the glucose
flow experiment All these amplitudes have the same probability. TIle advantage of using this
method is that all the advantages of the PRBNS test-signal are also valid for this multilevel test
signal (white input spectrom). Using two data-sets of 512 bits is sufficient because the clock
frequency (Tprta=lmin) leads in a 7.5 hour simulation to 451 level changes.

If a more detailed pan of the simulation (test signal is applied to glucose flow) is studied (fig. 5.2)
it can be concluded that a negative step on the input gives a positive step on the OOT signal. A
positive step on the glucose flow results in a "saturated" minumum OOT-Ievel. If an input signal
causes a "saturated" OOT the inputsignal appears in the output RQ, if not the input cannot be seen
in the output RQ.

The "saturation" level in the OOT is caused by the extra glucose that is added to the substrate: this
leads to an oxygen limitation. 1be bakers' yeast will then metabolize reductively according to
pathway 2 (chapter 3), which results in the production of ethanol.
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fig. 5.2 Detail GF, DOT and RQ of a four level simulation

These results indicate that two identifications have to be made. One if oxygen limitation occurs
and one if the output is above this level. TIlis can be done by making separate identifications of
the positive and negative steps. As it is a very complicated task. to divide the dataset in positive
and negative steps an alternative for this method has to be found. As it is not sure whether four
levels contain enough infonnation for identification another input signal was studied.

5.3.3 Multilevel test-signal with 9 levels

TIlis signal was constructed by first making two four-level sequences like the one discussed in the
previous paragraph (only with another amplitude). 1bese two levels were then added which
resulted in a 9 level sequence with the stirrer speed test levels -8%, -6%, -4%, -2%, 0%, 2%, 4%,
6% and 8%. The probability of these amplitudes is not equal but 1/16 for -8%, -4%, 4%, and 8%,
1/8 for -6%, -2%, 2% and 6% and 1/4 for 0%.

The results of these simulations can be found in Appendix C4. A detailed view of the GF, DOT
and RQ show that using such an test signal gives an indication which positive glucose steps are
not yet in the oxygen limitation area. In the four-level case only a difference between positive and
negative steps could be seen.
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5.3.4 Comparing the multilevel signals

The infonnation obtained from these multilevel test-signals is comparable. The nine-level test
signal contains more infonnation, because the small positive steps on the glucose flow can be seen
in the DOT. The four-level signal, however, will be used because the difference in obtained
infonnation is not relevant in the final experiments (see 5.6).

5.4 A-priori knowledge

There are a number of states which may be considered to be important for inclusion in the model
or that can contribute in the design of good test signals. These states are discussed in this
paragraph.

If high frequency PRBNS (f=Imin) test signals are applied to the stirrer speed and air flow it can
be seen that the responses of the disturbances on the states are comparable. Only the gain of the
stirrer speed is larger (Appendix C5, C6). If the test signals are applied to the stirrer speed input
the DOT and RQ will not show large non-linearities, except for a slow oscillation (see 5.2).

If the OUR and erR are excited by a test-signal on the input, the infonnation that is included in
these states is not very infonnative. The quotient RQ contains more infonnation and is therefore
preferable as a control input.

If no ethanol is produced the RQ has a different response on the test signals, this leads to the non
linearities in the RQ. It can be useful to use two models one in case ethanol is produced and one
in case no ethanol is produced.

The glucose enzyme activity function is hardly disturbed by any high or low freqency (f=2Omin)
test signal as long as 10% < DOT < 20%. Thus it is useless to use the glucose enzyme activity
function as a state.

The ethanol enzyme activity function will not be considered for inclusion in the model, because it
is doubtful if this function really exists.

The oxygen enzyme activity function is the most important of the three enzyme activity functions
within the operating range. This enzyme has a oscillation which influences the DOT and RQ
values. It is assumed that DOT and the enzyme activity function influence each other.

5.5 Results from real glucose flow PRBNS data

The tests carried out by J. Schrasser (exp. 910340) show that for positive steps between 5.6h. and
7h. the DOT reaches this oxygen limitation level. This results in the steps on the output RQ.
(Appendix C7)
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5.6 Final test-signals used for identification

The previous paragraphs showed that the most important non-linear behaviour occurs in the GF
RQ-transfer. This is also the transfer which is mostly studied until know. Therefore the rest of this
report deals with the non-linear GF-RQ-transfer.

The simulations carried out so far suggest that it is advantageous to use two models: one if ethanol
is produced and one if no-ethanol is produced. A good data-set which meets these demands for
identification can be obtained if the multilevel signal discussed in the previous paragraph is
operated above the nonnal operation setpoint. With some trial and error the results of Appendix C8
have been found. This simulation has two parts in which ethanol is produced. two parts in which
no ethanol is produced and an ethanol production/consumption part. With this data-set the ethanol
production and no-ethanol production can be identified separately. This is the final simulated data
set which will be used for identification. Another data-set (Appendix C9) is also generated for
identification/validation. The only difference with the first data-set is that another four-level
sequence has been used.

Note: The experiments done so far indicate that for identification the division in two models is
more important than the usage of a multilevel signal. The reason for chosing a multilevel signal is
mainly motivated by the fact that it can give more infonnation and insight. A reason to be careful
with the multilevel signal is that it may be possible that the power spectrum of the input signal is
not white.
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6. Model to model identification

6.1 Introduction

In this chapter a non-linear model to model structure-identification of the glucose flow-respiratory
quotient transfer will be carned out using the identification method proposed by Billings (1989).
Most attention will be paid to the case in which ethanol is produced. If no ethanol is produced the
RQ(k) value will be equal to RQ(k-l). As the Billings method results in finding different structure
terms for each identification an alternative related procedure is proposed and used. The criterium
that will be used for the quality of the model is the output error between process and model. In
one case a correlation validation technique will be used for model validation. At the selected
structure terms can be found in Appendix O.

6.2 Identification using the Billings method

After some trials it became clear that it was sufficient to use only three RQ and three GF time
delays for identification of the process, because larger times delays gave an insignificant contributi
on. The DOT-state was not needed to obtain acceptable results. Using the Billings structure
identification with order two on the data of the first ethanol production part of GFGRW2 led to the
results shown in fig. 6.1 and Appendix 01. It shows that a good model fit has been found.
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fig.6.l Billings identification on GFGRW2 (first ethanol production part) showing Z, Zmodd
and model-error E+0.05.

The results that have been found show that the algorithm not always selects the term that has the
greatest contribution first. This can be seen from the eighth term that should have been selected as
the second term. The results sometimes also show large parameter values for terms of a high order.
This can partly be explained from the following example: Suppose y(t) = Au(t) with y(t) = u(t) =
0.1 then A=l and y(t) = Bu(t)u(t) with y(t) = u(t) = 0.1 then B=lO. This example shows that with
the same input and output the parameter values can increase rapidly if the order become higher.

The model that was found was validated on a second ethanol production part of the GFGRW2
simulation. The results are shown in fig. 6.2 and Appendix 02. It can be seen that due to the time
variance of the process the model deviates from the process data if a level change occurs. Also an
off-set appears in the model-error.
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Also a reversed identification was carried out: 1be identification was done on the second ethanol
production part of GFGRW2 and was validated on the first ethanol production part. 1be results can
be found in Appendix D3. 1be results show that the structure terms from Appendix Dl are
completely different from those of Appendix 03. Validation of the model again shows the same
time-variance effects as in the previous case. Although the results for itself are acceptable they
have one major disadvantage: 1bere are models with different structure terms for each part of the
simulation. For control purposes it should be nice, however, if the same terms were selected in
each part of the simulation. 1berefore another method was designed using the Billings algorithm,
but with another interpretation.

6.3 A recursive Billings identification method

6.3.1 Identification procedure

In this paragraph an alternative identification method is presented which leads to more uniform
structure terms as will be shown later. 1be procedure is as follows:

1. Use the Billings identification method with only the auw.regressive terms and tty to find a
maximum model fit (fig. 6.3a).

2. Make the output-error model output and the moving-average terms the terms that can be
selected in the sttuetwe selection algorithm (fig. 6.3b).

3. Make the new output-error model output and allow combined auw.regressive-moving
average terms to be introduced in the model (fig 6.3c, minimum order =2).

4. Finally add the three separate models in order to obtain a new model (fig 6.3d).

The stopcriteria that have been chosen can be different for each step of the identification. A higher
order has to be chosen only if it gives a significant increase in model fit compared to the lower
order.
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The terms belonging to this example can be found in Appendix 04.

6.3.2 Results

This type of identification has been carried out on the GFGRW2 (Appendix OS, 06) and
GFGRW3 simulation (Appendix 07, 08). These identifications all show models that differ only a
little from the real process. The results also show that the first two terms that have been selected in
step 1, 2 and 3 are the same for each of the four identified datasets. The parameters, however, are
different and can become very large especially in step 3. It is important to know that this large
increase in parameter values also occurs in the "general" Billings method. The time variance of the
process can clearly be seen in the GF term in Appendix 05 and 06, in the first part of GFGRW2
the GF(k) is the most important term and in the second part of GFGRW2 GF(k-l) has the largest
contribution. The order of the model has been determined by studying the increase of fit if a
higher order identification was used. The results also show that fewer non-linear terms are needed
to obtain an acceptable result.
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6.3.3 Simplification of the structure

The results obtained in the previous paragraph show that the first two terms of each identification
step resulted in selecting the most imponant structure terms. Therefore an identification has been
made using only these terms. The results can be found in (Appendix 09, 010, OIl and 012). The
results show that the identifications give very good results except for cases were the RQ-output
increases instead of decreases (For example: In 09 the first samples and 010 the last samples).
Then peaks occur, this happens in places where there is no oxygen limitation.

It is also important to note that all parameter values for this identification all are smaller than 2S
which was not the case in the previous identifications. Even in the previous identification method
were these structure terms were selected gave parameters that were much larger.

A possible explanation for the fact that often related terms with opposite signs are found is that the
algorithm of Billings always selects the term with the greatest contribution first. Using PRBNS
signals on the simulation gives steep steps on the output RQ. This leads fU'St to selection of the
RQ(k-I) value, then the new error between model and process is calculated and a peak will remain
unmodelled. Modelling this peak will give opposite signs.

6.4 The combined ethanol production/consumption identification

Although the cases considered before are theoretically interesting, a situation that is more realistic
is the last part of GFGRW2 (Appendix C), this because the real process is mostly operated in a
region where no ethanol or just a little ethanol is present in the broth. Therefore also this part has
been identified. First with the identification method proposed in the previous paragraph. The results
can be seen in Appendix 013. Also an identification has been made using only the simplification
terms (Appendix 014) from the previous paragraph. The pictures show an "acceptable" result if
there are steps on the outputs. There are however also peaks in parts were there is no step on the
output As figure 6.5 shows these peaks are strongly related to steps on the input which do not
appear in the output. The places where the steps on the input cannot be seen in the output are the
places where no-ethanol is produced.
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To obtain a good model it is therefore recommended to make a model that can make the
distinction between no-ethanol and ethanol production. This means that if there is ethanol
production the model from Appendix 014 has to be used and if there is no ethanol production the
model from Appendix 015 (RQ(k.)=RQ(k.-l) has to be used.

The fact that the process is time variant has already been noted in previous paragraphs. The delay
time between an input and output increases in time. Another time-variance is the drift of the
parameters with time. This can clearly be seen from the three different simplified identified parts
of GFGRW2 (Appendix 9, 10, 14). For example the RQ(k.-l)-parameter decreases in time.

Another time variance occurs in the combined ethanol production/consumption where the model
sometimes has a good fit and sometimes deviates from the proces (fig.6.6).
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6.S Model validation

Although until now only the output-error has been used as criterium for the quality of the
determined structure identification, it is also possible to use correlation techniques to determine
whether a adequate model has been found. For linear processes it is sufficient to determine the
autocorrelation of the noise and the crosscorrelation between input and noise. For non-linear
systems, however, the output-error must be uncorrelated with all linear and non-linear combina
tions of past inputs and outputs (Billings and Chen, 1989). This can be tested by means of the
following correlation functions:

<I>£E(k.)=O
<I>1I£(k.)=O
<I>E(£U)(k.)=O
e1>•• [k)=O

<!>.'Ak)=O

bO
'v'k
leO
'v'k
'v'k

(6.1)
(6.2)
(6.3)
(6.4)
(6.5)

where: u is the test-signal input without exponent, u2 is the quadratic test-signal input
without exponent and EU is the product of u and E.
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If these correlation functions fall within the :t:95% confidence interval :t: 1.961sqrt(N) the model is
regarded as adequate. In the case of the fennentation process this only means that all the
significant tenns has been found only for the dataset that has been identified.

This correlation analysis has been carried out on the results of Appendix DIO and are shown in fig.
6.4. The results show that the correlations stay within the confidence bounds except for the
correlation. This means that not all significant non-linear tenns have been found. As this correlati
on analysis has been done on the simplified model, one can suspect that a significant tenn has
been removed from the original model.
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6.6 Conclusions

Concerning the identifications carried out in this chapter the following conclusions can be drawn:
1. The delay-time of the process is time-variant and increases with time.
2. The amplitude in the ethanol production part is also time-variant and decreases with time.
3. The Billings identification method leads to selection of different terms on every identified

dataset, while the alternative method gives four linear and two non-linear tenos that appear
in every structure identification with different parameters.
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7. Identification of the real-process

7.1 Introduction

In this chapter the available data will first be decimized, as the input and output data-set are not of
equal length. Then the process data where ethanol is produced is identified and will be validated
on the remaining part of the dataset.

7.2 Data reduction

The experiments carried out by Schrasser (1991) have an input data-set (GF) and an output data
set(RQ) of different lengths. RQ has 191 samples and GF has 1113 samples in the same time span.
Both these datasets must have equal lengths in order to be able to use them. This can be accom
plished either by reducing the GF dataset or by expanding the RQ dataset The first option has
been chosen in this report The GF/RQ-ratio is 5.8272 for (e340_eq), this means that is not
possible to reduce the GF-dataset simply by taking each 5th or 6th sample. Therefore an algorithm
has been used that selects the five times the sixth sample and the sixth time the fifth sample. This
method reduces the GF data-set to the same length of the RQ dataset (Appendix El).

7.3 Process identification

Unfortunately there is only a very small part in which the desired ethanol production occurs
(e340_eq). This pan has been identified according to the conventional Billings way and according
to the proposed alternative way. The results are shown in Appendices E2, E3 and E4. They show
an "acceptable" model fit The problem is, however, that because a very small dataset (only 18
samples) has been used it is impossible to see whether a good model has been found. The
algorithm has selected (too) many teImS. Most of the tenns are probably caused by noise and
therefore they are no relevant process tenns. In the model-to-model identifcation it was possible to
remove non-significant teImS, with this real process dataset this is not possible.

7.4 Model validation

The tenns that were found in Appendix E4 were also used in a larger data-set which contained
besides the already identified ethanol data-set, also an combined ethanol production/consumption
dataset. The results show that the model completely deviated from the original process data, except
for the first part of the data-set which was used for identification. This is caused by the irrelevant
terms that were selected in the model (Appendix E5).

7.S Conclusions

It is possible to make an identification of the ethanol production pan of the data-set, but too many
terms are selected.

The data-set is too small to draw reliable conclusions: more experiments are needed to see whether
good results can be obtained in practice.

40



8. Conclusions and Recommendations

Finally the main conclusions of the second part of this report are given and some recommendations
for further research are given.

8.1 Conclusions

The most important conclusion is that the Billings algorithm works, although some adaptions had
to be made in order to obtain the same structure terms for different datasets.

Only six process terms (no noise terms), four linear and two non-linear, were needed to obtain a
good model of the simulation model, but the amplitude and delay time of the process are very
time-variant

The success of identification of the fermentation process is largely determined by a good choice of
test-signals. Dividing the dataset in a part with ethanol production and a part without ethanol
production can be very efficient for this purpose.

The experiments carried out on the real process so far are not sufficient to see whether a successful
structure identification can be made of the real process.

8.2 Recommendations for further research

Another method closely related to the method of Billings is the method using radial basis
functions. It can be interesting to compare this method with the Billings method as the research of
Billings headed in the direction of the radial basis functions. So this may lead to better results or
the radial basis functions may not have the disadvantages the Billings method has.

As it is very difficult finding a good inclusion threshold in the Billings algorithm, it can be
recommendable to use correlation tests as inclusion criteria.

As the algorithm has problems with steep level changes it may be considered to use other test
signals (for example sinusoidal test signals).

Further research is also necessary for fmding a relation between the variation of the parameters
with time.

A good method for making a distinction between ethanol production and ethanol consumption has
to be found in order to make the model suitable for control.

Very important is also that the results found so far are checked on the real process with good
experiments. Note: The experiments carried out on the simulation model were all carried out in the
absence of noise.

If a good model can be found it may be considered to design a controller for non-linear processes.
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10. List of symbols

PART I

y =
u =
h =
c =

MIMO=
SISO =

'I' =
g(t) =
k(t) =
x(t) =
y(t) =
q(t) =
F[.] =
A =
E =

K(t) =
T(t) =

e(t) =
e(t) =
e =

PART II

RQ(t)
GF(t)
AF(t)
SS(t)
OUR(t)
CPR(t)
DOT(t)
P(t)
E(t)

Cd
Cde
Ny
Nu

N£
I

Pm
[err]
qp

'In

output
input
Volterra-kernel.
constant.

Multiple input multiple output.
Single input single output.

correlation.
transfer function (fig. 2.1).
transfer function (fig. 2.1).
system input (fig. 2.1).
system output (fig.2.1).
system input/output (fig. 2.1).
static polynomial.
constant.
constant.

static gain function.
time dependance function.

noise term.
model error.
parameters to be estimated.

= Respiratory quotient.
= Glucose flow.
= Air flow.
= Stirrer speed.
= Oxygen uptake rate.
= Carbon dioxide production rate.
= Dissolved oxygen tensioIt
= Dissolved oxygen tensioIt
= Ethanol concentration.

= process term inclusion threshold.
= noise term inclusion threshold.
= maximum delay output.
= maximum delay input.
= maximum delay noise terms.
= model degree
= term that can be included in the model.
= error reduction ratio.
= number of significant process terms.
= number of significant noise terms.
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PRBNS
Z
Zmodcl
E

=
=
=
=

Pseudo Random Binary Noise sequence.
process tenn RQ.
estimated RQ.
model error Z-Zmodcl'
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