
 Eindhoven University of Technology

MASTER

Observation of states and parameters in a fed-batch baker's yeast fermentation process

Franken, P.W.

Award date:
1993

Link to publication

Disclaimer
This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain

https://research.tue.nl/en/studentTheses/ee86efc9-679f-4f5c-8b90-1b62f52e4c59


EINDHOVEN UNIVERSITY OF TECHNOLOGY
DEPARTMENT OF ELECTRICAL ENGINEERING
Measurement and Control Section

OBSERVATION OF STATES AND PARAME
TERS IN A FED-BATCH BAKER'S YEAST

FERMENTATION PROCESS

by P.W. Franken

M.Sc. Thesis on a project
carried out from March 1992 to February 1993
commissioned by prof.dr.ir. P. Eykhoff
under supervision of ir. M. Keulers
date: February 11, 1993

The Department of Electrical Engineering of the Eindhoven University of Technology
accepts no responsibility for the contents of M.Sc. Theses or reports on practical training
periods.



Summary

Important measures for controlling the fed-batch baker's yeast process are, amongst others, the
amount of yeast, glucose and ethanol and the specific growth rate of the yeast. These culture
parameters can not be measured reliably, and therefore they have to be reconstructed from, more
reliable, indirect measurements of the OUR (02-uptake rate) and the CPR (C02-production rate).
Established observation methods, pursuing noise reduction of the observations, as the extended
Kalman filtering (EKF) technique and the recursive prediction error (RPE-) method are two of the
techniques of observing both states (product amounts) and parameters (specific growth rate) of a
process.

First the RPE-observer has been implemented and tested on simulation level, using a model for the
yeast proposed in literature. This method did not give any reliable results concerning both the state
and parameter estimates due to lack of infonnation of the input signal and the measurements. Due
to this lack of infonnation no recursive observation method will give good results. Therefore the
EKF-observer won't function either.

An alternative observation method (analytical observer) also has been researched. This method only
uses infonnation of the relations between the amounts of the products, involved in the process, and
the mass-balances of these products, but does not make any specific noise-reduction of the
estimates into account. Some improvements have been proposed (a.o. using additional
measurements) for this method. The observer has been investigated on its reliability and noise
behaviour of the estimates, and problems concerning initial parameters and uncertainties of the
process model. The alternative method led to a reliable observation of the states and parameters,
dependent on the model of the yeast used (therefore its convergence can not be guaranteed) but a
noisy observation of the specific growth rate. An alternative method for the estimation of the
specific growth rate, using predictions of the measurements has been proposed. The alternative way
of estimating the specific growth rate seems to function well.
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Observation of the baker's yeast process

1. Introduction

1.1. General introduction

7

In the area of the bioindustry the process of baker's yeast fennentation is widely known. A lot of
research has already been done on the control of this process. Fennentation processes can be
divided into three groups distinguished by the way the process is nourished: a batch, a fed-batch
and a continuous mode. In batch fennentation no extra nutrients are added during the fennentation
process, nor products are removed. In fed-batch mode growth is controlled by continuously adding
certain amounts of nutrients, and as in batch mode no products are removed. In continuous fennen
tation growth is controlled. both by the addition of nutrients and by distracting elements from the
process.
One way to control the process is to observe states and parameters in order to give feed-back from
the process. One of the several ways of controlling a process via observation of states and
parameters is shown in figure 1.1.

Process inputs Measurements

Process Observer

figure 1.1 Principle of a process controlled by observed states and
parameters

The most important states and parameters of the baker's yeast process are the amount of yeast
(biomass), the amount of glucose, the amount of ethanol in the broth, and the specific growth rate
IL of the yeast. The problem exists that we do not know these states and parameters directly
because they cannot be measured on-line reliably. Therefore we need to derive these states and
parameters from indirect measurements. The infonnation needed to recalculate the states and para
meters is delivered by measurements from a gas-analyzer of the 02-uptake rate (OUR) and the
CO2-production rate (CPR).
Several general observation methods have been applied to observe both states and parameters of
the process, such as the extended Kalman-filtering technique (Stephanopoulos and San (1984)) and
the recursive prediction error (RPE-) method (Flaus (1991)). Now the following problem definition
has been fonnulated:

Explore what kind of observer gives best results (reliability, noise reduction) in the obser
vation of the amounts of biomass, glucose and ethanol and the specific growth rate in a fed
batch baker's yeast fermentation process from indirect measurements of the OUR and the
CPR.
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1.2. The fed-batch baker's yeast process

Observation of the baur's yeast process

As mentioned above fermentation processes are distinguished by the way they are nourished and it
can be stated that the nourishment is the main method to control these processes. This applies also
to the baker's yeast process where the yeast is fed with glucose. Other ways to control the process
are the manipulation of the stirrer speed (SS) and the air flow (AF). Environmental factors such as
the temperature and the pH, which have a great influence on the growth of the baker's yeast, are
kept constant by local controllers. The temperature is kept at 30° C by a heater and cooler
combination, and the pH is kept at 5, by adding amounts of ammonia to the fermentor. Then the
process is shown in figure 1.2.

Fin

Btirrer Bpeed (Ss)

air fiow (Al)
rermentor

Measurements
(temperature, pH, CPR, OUR etc.)

F
out

figure 1.2 Scheme showing inputs and outputs of the fermentor.

The yeast cells can grow under various conditions. The stoichiometry for the 4 pathways can be
described as follows (Sonnleitner and K1ipelli (1986)):

Growth on glucose:
C6H l20 6 + a02 + bnxNH3 ~ bCHilx0OXNfU: + cC02 + dH20

Maintenance:
a02 + CHilx0o",NfU: ~ CO2 + ~HP + nxNH3

Ethanol production:
C6H 1P6 + gnxNH3 ~ gCHilx0OZNfU: + hC02 + iHp + jC2HP

Ethanol consumption:
C2H60 + k02 + InxNH3 ~ ICHilx00PfU: + mC02 + nH20

(1.2)

(1.3)

(1.4)

(1.5)

where CHhJPo..Nnx• C6Hl20 6 and ~H60 are the chemical notations of the yeast, glucose and
ethanol, respectively.
Which of the above pathways is followed depends on the metabolism of the yeast. With respect to
this the following is assumed. Pathway 3 describing the maintenance effect is always followed; if
there is an excess of glucose in the broth, Le. overfeeding of glucose, the pathways 2 and 4 are
also followed; if the glucose is undeIfed the pathways 2 and 5 are followed. Pathway 5 is followed
only in the presence of ethanol whereas pathway 2 is followed only in the presence of glucose.

Because the law of conservation applies to the baker's yeast process, a dynamic model using mass
balances for the different substances can be given. For the three most important substances this
will be as follows:
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Biomass balance:

d(VX) = IlVX
dt

Glucose balance:
d(VS) = -qs'VX + Fin 'Sf----cIt

Ethanol balance:

d(V£) = q..VX
----cit
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(1.6)

(1.7)

(1.8)

where X, S and E are the concentrations of the biomass, glucose and ethanol respectively, 11, CIs
and qe are the growth rates of these substances, and V is the volume of the culture medium. for
which the following balance can be given:
dV_ = F. (1.9)
dt In

The OUR can be determined using the mass balances for dissolved oxygen and gasphase oxygen
using measurements provided by a gas analyzer (as shown in appendix B). In a similar way the
CPR can be calculated.

On this description of this baker's yeast process some remarks have to be made.

A. The mass balances are given in such a way that the process is linear in the parameters. The
non-linearities of the process, Le. the dependency of the parameters on the states, are captured
in the time variance of the parameters. Biochemical reactions carried out over more than half
a century clearly indicate that 11 varies with time and is influenced by many factors; amongst
others substrate concentration, biomass concentration, pH, temperature, dissolved oxygen
concentration etc.

The second reason why we considered the process as linear in the parameters is because we
want to use the same type of observer developed for this fed-batch baker's yeast process just
with little adjustment for other fermentation processes. If we keep the structure of the observer
as simple as possible, Le. we use as little information about the baker's yeast process as
possible, the observer can has to be changed just little for use on other fermentation processes.

B. The stoichiometric constants given in equations 2-5 are not known entirely and are considered
time-variant. For example the composition of the yeast (amount of C, H, N and 0 in the
yeast), will show small variations in time and the yields of the process are not known
precisely either.

1.3. Outline of this thesis

In the following chapters the results will be presented of research done on the observation of the
biomass, glucose and ethanol amount and the growth rate 11 in a fed-batch baker's yeast fermen
tation process from measurements of the OUR and CPR. First in chapter 2 a brief review is given
of the research published in literature on the area of observation of fermentation processes and a
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conclusion is made on which kind of observer will probably function best. In chapter 3 the
recursive prediction error (RPE-) meLhod will be applied to the baker's yeast process. In chapter 4
a simple observer is discussed with its adjustments, and in chapter 5 some attempts done to
improve the observer will be discussed, In the last chapter conclusions are given concerning the
observation of the baker's yeast process.



2. Literature

2.1. The analytical method

A simple observer for a fed-batch baker's yeast process, using the measurements of the OUR and
CPR has been developed by Soeterboek (1992). This method solves the observation problem in the
simplest form, not taking into account any noise reduction.
The observations are based on the analytical relations between the products as described by the
four pathways (and their stoichiometric constants) and the mass balances. I therefore will call it the
analytical observer. The states and parameters are estimated in the following order:

;(0) ~(O)

~ (k)
j" 1

ents \ state x(k) \
parameter

- rI estimation f-- rI estimation

'1 -- r--

measurem

figure 2.1 The estimation method of the analytical observer.

The amounts are estimated by using only the measurements and the past estimates of the amounts.
From these states the specific growth rate J.L is calculated without information of the last estimation
of J.L. No explicit noise reduction is taken into account.
Simulation results in Soeterboek (1992) show small offsets occurring in the estimates of the
biomass and ethanol concentrations, and noisy estimates of the specific growth rate.

2.2. The Extended Kalman filter and Extended Luenberger filter

Simple (non-extended) Kalman filters are not able to estimate both states and parameters of a
process. The extended Kalman filters have been developed for making estimates of states in a non
linear process. This extended Kalman fJltering technique can therefore be used to estimate the
states and parameters of a process.
Both Kalman filtering techniques use information on the noise and the model error to estimate the
states of a process to correct the current estimates of the states and parameters. A general
description of the extended Kalman filter is given in figure 2.2.
The states and parameters are estimated simultaneously using a ftltered version of the difference of
the measurements and the estimation of these measurements (= prediction error). A general
description of this method applied to a fennentation process is given in Bastin (1990). The way the
fJltering is done distinguishes several methods using the same observation scheme of figure 2.2.
Extended Kalman filters use the knowledge of the noise on the states and measurements and
knowledge of the structure of the growth kinetics to calculate this mter. The asymptotic observer is
designed to observe the states of a process without needing information about the growth kinetics.
Extended Luenberger observers choose the filter in such a way the estimations will converge to
their true values with a certain speed.
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measurements

x(o) ~(o)

1 1 ~ (k) .... ~

state & x(k) \
predictionparameter

,-- r1 errorestimation
... ..... ""i I

~(k)

figure 2.2 The estimation method of the extended
Kabnan filter.

Literature

In literature no examples of on-line observations of this process based on extended Luenberger
fIlters and asymptotic observers are found. For the application of the extended Kalman filters
several examples have been found in literature and will be discussed briefly below.

Dekkers.

In Dekkers (1982) an Extended Kalman filter (EKF) is used to estimate on-line estimate the
biomass, the specific growth rate, the substrate concentration, the substrate utilization rate and the
ethanol concentration of a fed-batch baker's yeast fennentation. The method only uses
measurements from established sensors such as gaseous and carbon dioxide analyzers, and an air
flow meter. The structure of the growth rates are described with a Monod equation.
The method gives a good estimate of the biomass and less good estimates, but possibly useful for
control purposes, of the biomass production and the specific growth rate.
The state estimator may be improved by extension, so that also one or more (time varying)
parameters are estimated, e.g. maintenance.

Nahlik and Burianec.

In N<1h1fk (1982) the on-line estimation is considered of biomass concentration and of three
variable parameters of a continuous cultivation of Candida utilis by Extended Kalman filtering.
Substrate concentration in the fennentor was measured continuously; also the biomass concentra
tion was measured to verify the EKF. This method also uses the Monad equation to describe the
growth kinetics.
Reasonable estimations were achieved. The estimations could be more reliable through other
measurements such as D02 ' O2 and CO2 concentrations of the exit gas.

Stephanopoulos and San.

Stephanopoulos (1984) and San (1984) use EKF for the on-line estimations based on the
measurements of O2 and CO2, The implementation of the estimation algorithm requires:
1. Proper initial conditions, which e.g. can be obtained from off-line initial measurements
2. Expressions for the noise matrices.
3. Simultaneous integration of the estimation equations, using the on-line obtained measurements

of the total growth and the yield with respect to the substrate.
The estimation methodology was employed for the on-line identification of baker's yeast grown on
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glucose in a fed-batch reactor. The EKF was compared to a moving average method. The results
showed that the analytical estimates are very unstable. The Kalman filter estimates, on the other
hand, are smooth and reliable.

Shimizu.

In Shimizu (1989) the specific growth rate in a fed-batch fermentation process is estimated on-line
with an Extended Kalman filter, with on-line measurements of cell concentrations. The dynamical
model of the specific growth rate for EKF is required. The following remarks are made on the
EKF technique:
1. Initial values of the state variables have to be estimated.
2. Covariance matrix of the system noises should be given.
3. Initial covariance matrix of the estimation errors should be given.
The initial value of ~ is obtained by an off-line least square estimation method; the covariance
matrix of the system equation is tuned by trial and error.

2.3. The recursive prediction error method

Another way to estimate the states and parameters of a process is done by the recursive prediction
error method (RPE). In this method the state and parameter estimation are uncoupled as seen in
figure 2.3:

measurements
~(o)

parameter
estimation

figure 2.3 The estimation of the RPE-method.

The estimation of the parameters is based on the prediction error and the derivative of the
prediction error. With the estimation of the parameters a new state space description of the process
is calculated and with this new model the states can be estimated using a (non-extended) Kalman
filter. From this state and a new measurement, a new prediction error and its derivative can be
calculated etc.. The general method has thoroughly been described by Ljung (1983); and a short
description of this method is given in appendix A.

In Flaus (1991) the RPE-method is used for the observation of the biomass concentration and the
specific growth rate ~ of: - a lysine production process , - an enzyme production process and - a
lipase production process. The method gives reasonably good results for both the estimate of the
state and the parameter.
In Gee (1990) parameters and states of a brewer's yeast process were observed successfully, in
simulation and on-line application. This was achieved with more measurements (even direct
measurements of some states) and the dynamic model used was more complex. A structure for the
growth parameters is used, so the parameters that have been estimated are almost time independent.
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2.4. Conclusions

Literature

To make a decision on the observer to be used for the observation of the fed-batch baker's yeast
process, we sum up the most important characteristics of the five observers. mentioned before
based on the results in literature.

Analytical observer
Advantages:

Disadvantages:

- Very simple structure
- No tuning necessary
- No knowledge necessary of kinetic coefficients
- No guaranteed convergence
- Only noisefree estimations of the states, not of the parameters

Extended Kalman filtering
Advantages: - Noisefree estimations of both states and parameters
Disadvantages: - High complexity

- No guaranteed convergence
- Exact initial estimations necessary for convergence
- A lot of tuning necessary
- Knowledge of kinetic coefficients necessary

Extended Luenberger observer
Advantages: - Simple structure

- No tuning necessary
Disadvantages: - Slow convergence speed

Asymptotic observer
Advantages:
Disadvantages:

- No knowledge of kinetic coefficients necessary
- High complexity
- Convergence speed entirely dependent on test conditions (dilution rate)
- A lot of tuning necessary

Recursive Prediction error method
Advantages: - Reasonably low complexity

- Less tuning necessary than with extended Kalman filtering
Disadvantages: - A lot of "past" observations necessary for estimation parameters

For good ftltering of the noise the EKF and RPE give the best results; for a simple structure of the
observer we must choose for the analytical observer. If we don't want to tune we must use the
extended Luenberger observer or the analytical observer. Because the RPE-method seems the best
choice concerning noise-reduction and its rather simple structure (especially compared to with the
EKF method) we will first investigate this method for the observation of the fed-batch baker's
yeast fermentation process.
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3. The recursive prediction error observer

3.1. The RPE-observer

lS

(3.1)

The general RPE-observer is described in Ljung (1983). When we consider the discrete state space
description of a general process:
!(k+l) = F®,!(k) + G®~(k) + ];(k)

y(k) = H@,!(k) + n{k)

A flowchart of this method can be given as shown in figure 3.1.

Calculation
derintive

of the predlcUon error

Figure 3.1 Flow-chart of the RPE-method
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3.2. Application to the baker's yeast process

The Recursive Prediction Error Observer

For computer control we need a discrete fonnulation of the mass balances for biomass, glucose and
ethanol. This can be done with 'Euler forward' which is defined as follows:

.!!...x(l)\ ,;, x(k+l)-x(k) (3.2)
dl t-k.T, T.

Then the mass-balances for biomass (VX), glucose (VS) and ethanol (VE) are then given in matrix
notation by:

(

VX(k)]
VS(k) =
VE(k)

1 + T.IL a a
-q.T. I a
q.T. a I

(
VX(k-I)] ( 0 ], VS(k-l) + T.'Fin'S/k-l)
VE(k-l) a

(3.3)

For feed-back we need to have an estimation of the measurements of the OUR and CPR. This
estimation can be calculated from the states VX (total amount of biomass), VS (total amount of
glucose) and VE (total amount of ethanol) using the stoichiometric coefficients. The dependencies
of the OUR and the CPR on these amounts are different for ethanol production and ethanol
consumption. In case no ethanol is produced nor consumed no estimations for the measurements
OUR and CPR as a function of these amounts can be calculated, as given in appendix . Therefore
we consider that the process can only be in two modes instead of three. As an example the
dependency in case of ethanol production is given by:

bh-gc g
ah h

[~~]. h-c I (OUR - :.vx] {~vx] (3.4)
ah Ii CPR - _,VX a

q.VX a 0
_jc j

ah Ii

the OUR and CPR can now be calculated from one state:

o 0 .(~]
o 0 VE

(3.5)

In addition to the specific growth rate IL we have to estimate the parameters q. (glucose con
sumption rate) and q" (ethanol production rate) too, if we want to estimate the three amounts and
the specific growth rate IL. The estimation of the two extra parameters gives an extra burden on
this observation method.

The state space matrices F,G and H and the state vector K, the output vector y, the input vector !!.
and the parameter vector ~ can now be given by equations -:
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(
VX(k)]

!(k) = VS(k)
VE(k)

l+T;11 0 0

F = -q;T, 1 0

q;T, 0

_ (OUR(k))
y"(k) - lCPR(k) !!:.(k) = Fjk)
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(3.6)

(3.7)

(3.8)

In case of ethanol consumption:

_ [ a'q, -k·q. +ms 00]
H - ms

-C'q +m'q +_ 0 0
, • a

In case of ethanol production:

(3.10)

H (3.11)

3.3. Testing of the observer

This obseIVer is tested on simulation level with data from a simulation of the process controlled by
a gpc-controller. The dissolved oxygen tension (DOT) is kept at set-point by a SISO gpc-controller
by manipulating the stirrer speed (SS). The RQ (defined as the ratio of the CPR and the OUR) is
kept at set-point by another SISO gpc-controller by the manipulation of the glucose flow. The
model used for the yeast is the model proposed by Sonnleitner (1986). The set-point of the RQ
was switched between levels for which both ethanol production and consumption occurred.
The main reason to use this gpc-controller was that it was already available. Future controllers will
use the estimation of the amounts and the specific growth rate f.l for its control action.

Remark: The controller only uses data from the measurements to determine a control action. No
information concerning the obseIVation of the amounts or the specific growth rate has to be
used to calculate a control action. Because the simulation data is independent on the obser
vations one set of simulation data is calculated for all the obseIVations made in the next
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sections.

The initial values for the calculation of the simulation data were chosen to be the next ones:

Table 3.1 Initial values for simulations

Initial values

Biomass amount (VX) 0.3 mole

Ethanol amount (VE) omole

Glucose amount (VS) omole

Volume (V) 3 litres

Leading to the next set of simulated measurements:
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figure 3.2 Simulated OUR and CPR; OUR (-), CPR(-.).
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figure 3.4 RQ.setpoint used for simulations (-) and
simulated RQ (..).

t(b)

figure 3.5 Glucose flow used for simulations.

As seen in and the gpc-controller used is not totally able to follow the wanted set-paints. but the
aim that both ethanol consumption and production occurs has been achieved (see figure 3.7). This
lack of control does not matter for the observations and therefore will not be examined here. The
real amounts of biomass, ethanol and glucose were also collected during the simulation:
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For testing the observer we need to initialise some matrices and vectors. We estimate the state X
and output y as well as possible (on a real process with off-line measurements), or if some of the
state variables are unknown we give them the value O. The initial matrix for the reliability of the
state estimates (Q) is generally chosen as a diagonal matrix, in which the diagonal elements denote
the reliability of the initial state estimate. Dependent on the reliability of those estimates we give
the diagonal elements a large value if the initial estimates are very unreliable. compared to initial
estimates that are more reliable.
The parameter vector ~ and its reliability matrix P are given the same treatment. The matrix P is in
diagonal fonn with its elements chosen according to the reliability of the initial parameters.
For the noise matrices Rl' ~ and Rl2 we take the expected covariances of the noise on the dif
ferent states and outputs; generally these matrices are chosen as diagonal matrices.
The matrix that accounts for the speed of variation of the parameters (CI ) must be chosen in a way
for which we expect the true parameters to vary. If we expect the true parameters to vary a lot the
elements of CI must be given a higher value. then when true parameters do not vary much. The
matrix that accounts for noise reduction of the outputs (Cz) must be chosen in a way we think: the
output is corrupted with noise. If we need a lot of noise reduction we give the elements a higher
value then when we want less reduction.

The observer is tested with:
- different sampling times of the observations CT. down to 1 minute)
- different initial conditions for the estimates of x.y and ~ (true initial values and initial values set

to zero) and the gain matrices P and Q (high initial values for unreliable initial estimates and low
initial values for reliable estimates)

- different values for R1• ~. R12• C1 and Cz.
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None of the conditions and sampling times, that are tried (even with the true initial states), give
satisfying results at all. For example if we use true initial estimates for the states (with small
values for the diagonal elements of P) and initial parameters for which we expect them to
approximate the true initial parameters (we do not know them precisely and therefore choose the
elements of the matrix Q rather large values), the following results are attained:
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tigure 3.9 Estimated amount of biomass
I (b)

figure 3.10 Estimated amount of ethanol
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figure 3.11 Estimated amount of glucose
'Ib)

figure 3.12 Estimated specific growth rate Il

As seen the amounts estimates don't even look like the true values, the parameter ~ reaches
unrealistic values. The following reasons can be stated for the malfunctioning of this observation
method.
As stated in the introduction the baker's yeast process has strongly varying parameters (Il. CIs and
qc depend amongst others on X, S and the temperature). The input signal. the glucose flow. doesn't
contain much information (we can't vary the input signal as we really want to, to give good
estimations). That is the main reason why the parameters and states in this process can't be
estimated properly (this observer was tested to estimate one state and two parameters in a first
order linear process; the observer was able to track the parameters when they were time varying).

In Gee (1990) parameters and states of a brewer's yeast process were observed successfully, in
simulation and on-line application, with a sample time of 30 minutes. This could be achieved
because there were more measurements available (even direct measurements of some states) and
the dynamic model used for the observation was more complex. A structure for the growth
parameters is used, so the parameters that have to be estimated are almost time independent (the
growth parameters are not entirely accurately modelled). For the state estimation an extended
Kalman filter instead of a non-extended Kalman filter is used.
In Aaus (1991) the RPE-method is used successfully for the observation of the biomass con
centration and the specific growth rate ~ of a lysine production process of a enzyme production
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process and a lipase production process. This is done with a sample time which is comparable to
the sample times which are used for the baker's yeast process. This can be achieved because for
these production processes we don't need to observe two more parameters (CIs and qJ to estimate
the parameter and states we want to observe.

3.4. Conclusions with respect to the RPE-observer

This observer can not be used to estimate the states and parameter of this process. Because there is
too little information to estimate the states and parameters with this recursive method we now try
to improve the analytical observer. We don't do any research on the other recursive methods
(extended Kalman filtering, extended Luenberger observer, asymptotic observer) because we
reasonably can assume that these will not function either. also due to lack of information.
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4. The analytical observer

The analytical observer

(4.1)

In this chapter a more profound study on the analytical obsexver will be discussed. First a short
summary of the obsexvation method used will be given in section 4.1 together with some
simulation results.
Improvement of the observations using an additional measurement of ethanol and the improvement
of the specific growth rate estimation will be discussed in sections 4.2.1 and 4.2.2, respectively.
Some remarks on how the decision is made whether ethanol is consumed or produced will follow
in section 4.2.3.
Then problems concerning the reliability of the estimations of this observer will be discussed.
Therefore the sensitivity of the observations to uncertain culture parameters (the composition of the
yeast, uncertain yields) will be discussed (4.3.1), just as problems caused by wrong initialisations
of the observer and unreliable measurements of the OUR and CPR (4.3.2).

4.1. The observer structure

4.1.1. The analytical observation method

The following steps must be followed to observe the states and parameter from the measurements
of OUR and CPR.

1. The OUR and CPR are corrected for the maintenance effect.

OUR' = OUR - ms'vX

CPR' = CPR _ ms'vX
a

This correction is done with the estimated amount of biomass, because the real amount is not
available.

2. Calculations of the growth rates (biomass growth rate I! 'YX, the ethanol growth rate qe VX
and the glucose production rate 'lsVX) are given in appendix D2. The growth rates are
calculated from the OUR and CPR using the stoichiometric constants a to m. We must account
for the fact that the process can be in different modes: there is ethanol production, ethanol con
sumption or neither ethanol production nor consumption. For example in case of ethanol
production, the rates will be as follows:

h-c 1
ah Ii

( J [ 0 ]
(qYXJ bh-gc OUR - ms'VX

(4.2)
~~ =

g
• CPR - :'.vx + -~.vxah h

_jc j
ah Ii

Because the process can be in three modes we must fmd out in which of these modes the
process is in. First we assume the process is in the same mode as in the previous estimation
period and calculate the ethanol growth rate qe'YX for this estimation period, with the new
measurements. If the ethanol growth rate has the same sign as in the last estimation period, our
assumption that the process is still in the same mode as the last period was correct and the
right qe VX is calculated. If the calculated ethanol growth rate has the opposite sign of the
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assumption made ( - sign if ethanol production was assumed, and + sign if ethanol consump
tion was assumed) the growth rates are recalculated using the sign of the new ethanol growth
rate this time. If the Cle ·VX. used to choose which mode the process is in, is negative. there
may either be ethanol consumption or no ethanol consumption nor production. There is no
ethanol consumption nor production assumed if there is no or very little ethanol present in the
process compared to the amount of biomass (If there is little or no ethanol present. the
assumption ethanol consumption takes place will always be incorrect). Some remarks on the
decision making on ethanol production and consumption will be made in section 4.2.3.

3. Using the mass balances VX, VS and VE can be estimated. E.g. for the biomass in the
continuous time case the mass balance of the biomass can be written as follows:

I

vX(t) = f IlVX('t)d't + vX(O)
~-O

(4.3)

The OUR and CPR are available only at sampling instants and therefore we must use a
numerical integration method for the estimations, for example in case of the amount of biomass
(figure 4.1):

vX(k) = vX(k-l) + T.IlVX(k-l) (4.4)

Figure 4.1 Numerical integration of VX using Euler
integration

where T. is the sampling time in hours and the box with T denotes a delay of T•. Assuming
that the OUR and CPR are not constant in the sampling inteIVal, but exponentially increasing,
the following equation to estimate the amount of biomass is obtained:

vX(k) = vX(k-l) + 1.5T.IlVX(k-l) - 0.5T.IlVX(k-2) (4.5)

Now figure 4.1 can be adjusted to:

J-L VX(k) 1-+---'-- VX(k)

Figure 4.2 Integration of VX using the exponential integration
method

The same approach leads to the estimates of VB and VS:
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VE(k) = VE(k-l) + 1.5T.qyX(k-l) - 0.5T.qyX(k-2)

VS(k) = VS(k-l) + 1.5·T {F. (k-l)'S - q -VX(k-I)] - 0 5·T {F. (k-2)S - q 'VX(k-2)]
lin / s • SIn f"

(4.6)

(4.7)

In (4.6) the amount of glucose added to the ferrnentor is in fact calculated by integrating
Fin·S f • Since the absolute value of the added glucose is available (we know what the input
glucose flow is) a more accurate estimate of VS can be obtained by using:
VS'(k) = VS'(k-l) + 1.5T,q.VX(k-l) - 0.5T.q.VX(k-2)

VS(k) = Dosed(k) - VS'(k)

where VS'(k) denotes the amount of glucose consumed by the yeast and Dosed(k) is the total
amount of glucose that has been added up to time k·T. (Soeterboek (1992)).

All this can be summarized in figure 4.3:

calculation amount
of added glucose

estlmation amount of

Figure 4.3 Flow-chart of the analytic observation method.

The same simulation data that has been used for testing the RPE-observer will now be used to test
the analytical observer. First simulations were done with noiseless measurements. Initial conditions
for the observer are the same initial conditions for which the simulation data were calculated
(repeated in table 4.1). The sample time of the measurements is 5 minutes, comparable to the
sample time that will be used on a real process. Results are shown in the next figures.



The analytical observer

Table 4.1 Initial values for observations

I value

·Initial biomass amount estimate I 0.3 mole•·Initial ethanol amount estimate I omole

Initial glucose amount estimate I omole·
Initial volume I 3 litres

OUR" I omole/h

CPRa
I omole/hI

25

where 0URa and CPRcr are the variances of the noise on the measurements of OUR and CPR.
respectively.

3.S
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I.S

I
!

.\
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·3

I (b)

Figure 4.4 estimation VX under ideal circumstances; true
VX (-) and estimated VX (--).
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Figure 4.6 estimation VB under ideal circumstances. Real
VB (-), estimated VB (--).

I{b)

Figure 4.5 Relative error in the estimations of the biomass
amount.
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Figure 4.7 estimation VS under ideal circumstances. Real
VS (-), estimated VS (--).
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Figure 4.8 estimation of the speci[LC growth rate ~.

The analytical observer

The observations of the amount of biomass and the amount of ethanol are very good. The
estimated biomass amount is almost equal to its true value (the relative error stays within a bound
of 5% for this case (figure 4.5». The estimated ethanol amount follows its true value almost
perfectly too, except at the beginning of the observation period. When it has been decided that
neither ethanol consumption nor production occurs the estimation of VB remains on its old value a
little bit above its true value and does not makes any correction to converge to its true value. An
improvement of this estimate can, for example, be the use of an additional measurement of the
ethanol as mentioned in 4.2.1. The estimation of the glucose amount is not good (the estimated
glucose amount is much more bigger then its true value (figure 4.7)) and will never be good
because the glucose added to the fermentor will be consumed almost entirely, Le. the difference
between the consumed glucose and the amount of added glucose is very small. This will lead to a
numerically ill-conditioned estimation of the total amount of glucose present in the fennentor,
because the rate of change in the glucose amount will be very small compared to the total amount
of added glucose and the consumed glucose. Therefore this glucose amount estimate can not be
used for control actions.
The estimation of the specific growth rate is good as well. Since the estimation of the amount of
biomass is good the J.l will be estimated correctly as well.
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4.2. Observer improvements

4.2.1. Observation using additional measurement of Ethanol

27

(4.9)

The estimation of the amounts, especially the amount of ethanol, can be improved using an
additional measurement of the ethanol concentration, that is available from a mass spectrometer.
The observation of the ethanol can now be improved by changing the observation equation of the
ethanol (formula 4.6) to :

VE(k) = VE(k-l) + 1.5T.qyX(k-l) - O.5TsqyX(k-2) + K-(VE_./k-I) - VE(k-I)) (4.8)

To improve the observation we have to calculate the amount of ethanol from the measurement of
the concentration of ethanoL We therefore have to multiply the concentration of the ethanol by the
volume of the culture medium. On simulation level both the volume and the ethanol concentration
are directly available to calculate the total amount of ethanoL
On the real process however this volume has to be calculated using the initial culture-volume. This
can be done in two ways using: 1. the input glucose flow, or 2. measurements of the weight of the
glucose that has not been added to the fermentor yet.

Remark: One has to bear in mind that the addition of the glucose is not the only factor for the
increment in the culture volume. Ammonia is also added to the fennentor to keep the pH
at a specific leveL This ammonia addition, of course, leads to an increase of the volume.
Because the addition of glucose will lead to the largest increment of the volume, one can
skip the addition of the ammonia, causing only a small error in the calculation of the
volume.

The scheme for the ethanol estimation can now be altered to the one in figure 4.9:

f--+--+- VE

K
Figure 4.9 Estimation of the amount of ethanol using an additional

measurement of the ethanol concentration.

Now the problem is to choose the feed-back gain K. For K=O equation 4.8 becomes equal to the
old observation equation. The greater the factor K becomes the more the measured signal will be
followed. K may not be chosen too high to avoid instability of the observation. If the
measurements are reliable the factor K must be chosen close or equal to I. The observer will
follow the measurement of the ethanol closely because in the observation equation the estimation
of ethanol on the last sample moment will almost or entirely (K=I) drop out.

VE(k) =: K·VE_...(k-l) + 1.5TR.VX(k-l) - 0.5T.q.VX(k-2) + (l-K)'VE(k-l)

ifK::I
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Simulations

This observer using the additional measurement of ethanol has been estimated on the same
simulation data as mentioned before (using the gpc-controller). For the cases K is equal to 0 and I,
using the parameters of table 4.1.

0.03

I 0.02

~

ti 0.01 • :

1 0 '\r-- ---- ·-~····-·····--··--v·--··- ..-- j~\, ]j

-0.0\

0.1

0.1

025

"'i' 0.2

!
~ 0.15

I (b)

Figure 4.10 Estimation ethanol anwun/ using additional
TMaSUTeTMnt ofE. Tr.u VE (.); with K=O (oo), K=l

(--).

l(b)

Figure 4.11 Absolute error in the estimation of VE: K=O
(.); K=l H.

Simulations show that the measured ethanol could indeed be followed by the observer as seen in
figure 4.10 (for clarity the absolute error between the real VE and its estimation for both cases is
shown in figure 4.11). The estimation of ethanol follows its true value almost perfectly in case
K=l.
Neither the estimation of the biomass, nor the estimation of the specific growth rate will be
improved because these estimations do not depend on the estimated amount of ethanol but on the
estimated ethanol growth rate (to decide which pathway is followed). Only the estimation of the
amount of ethanol will be influenced significantly by the additional measurement.

4.2.2. The estimation of the specific growth rate.

For the estimation of ~ from noisy measurements of OUR and CPR we can use several methods.
Now the following equation is used for estimating ~:

jl(k) = 11~(k)
VX(k)

(4.10)

Now 11VX is available from the measurements of OUR and CPR and VX is found by integrating
11VX with the equations used before. With noisy measurements the estimation using this equation
will be noisy too. ~VX will be noisy because it is calculated directly from the measurements and
no filtering will take place, while VX is found by integrating (can be considered as filtering) these
noisy measurements.
So a noisy ~VX will be divided by an almost noiseless VX leading to noisy estimations of 11. This
method will certainly lead to reliable, but noisy, estimations of ~ if the observation of the biomass
amount is correct. For the simulation data as mentioned before this will lead to the figure below.
The simulations were done with noisy measurements of the OUR and CPR with a variance of 0.1
mole/h.
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Table 4.2 Observation parameters

old new unit
value value

Initial biomass amount estimate I 0.3 I mole··
Initial ethanol amount estimate I 0 I mole

I·Initial glucose amount estimate I 0 I mole· ··Initial volume I 3 I litres• •·OUR. I 0 I 0.1 molelh•
CPR.

I 0 i 0.1 molelhI l

0.8

0.6

'(b)

Figure 4.12 Estimation of I.l. using unfiltered noisy
measurements; ldeal (--), with rwisy measurements (-).

The observation of the Il done with noisy measurements follows the trend in the observation done
with noisefree measurements good, but the observation is very noisy as expected. This noisy
observation is not good enough for control purposes. We have to try to reduce the noise on the
estimation of Jl. Therefore we need to do some filtering, which can be done with the following
methods (the same noisy measurements are used for testing of all the filtering methods, to have
any comparison between the different methods):

o Estimation using filtered measurements of OUR and
CPR. Before calculating the biomass growth rate and
the amount of biomass the noisy OUR and CPR are
filtered by a the discrete version of a low pass filter.
The most important problem with this method will be
the loss of the higher dynamics of the true values of
the real OUR and CPR, that will influence both the
estimations of the amounts and the estimation of Il.
Simulations clearly show these effects (as in figure
4.13). Now the estimations of Il are less noisy, but
they react slowly on changes of the Jl.

0.7

0.6

0.1

,(b)

Figure 4.13 estimation I.l. using filtered measurements of the
OUR and CPR.ldeal (--), using filtered measurements (.).

The estimations of Il are less noisy too and shows the
same slow reactions on changes of the Jl.

0.9
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~
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o Estimation of the specific growth where the 11 itself
is filtered using the unfiltered Jl of equation 4.10, and
where the OUR and CPR will not be filtered. This
method doesn't have any effect on the observation 'of
the biomass amount. Only the estimation of Il will be
influenced.

I (b)

Figure 4.14 Observation using filtered I.l.; ldeal situation
(- -J, unfiltered I.l. (-), filtered I.l. (--).
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o Estimating the specific growth rate u using a least
squares estimator. We must choose a window with
length p in which we suppose the true Il will remain
constant or almost constant (a period with length
p·T,). Estimation has been done using a window
length of 1 sample (for comparison) and a window
length of 10 samples (p=1O).

As expected the estimations using p=1 show a lot of
noise, but the reaction to changes in Il are quick. The
estimation using a window length of 10 are almost
noiseless, but react slowly on changes in the Il.

T~ <llUllytical observer

Figure 4.15 Estimation J.L using least squares estimator.
Ideal (-), filtered J.L p=l (--), p=10 ('0).

o Estimating the specific growth rate LL using a recursive least squares estimation with a forgetting
factor A. (normally A. is chosen equal to or close (but smaller) to 1. The problem is now to choose
the right initial values of the specific growth rate 1l(0), a matrix with the reliability of the initial
estimation P(O) and the forgetting factor A.. This method shows the same phenomena as the least
squares estimator. The noise on the estimates will reduce with decreasing A., but the reaction on
changes of the Il will be slower with decreasing A..

All these methods show the same problem that the sampling time is far too low for estimating the
specific growth rate correctly (with almost all its dynamics) from noisy measurements. A solution
for this could be the use of a model which predicts the measurements OUR and CPR from the
glucose flow. This will be discussed in chapter 5.

4.2.3. The decision on ethanol consumption or production.

There are several ways to decide whether there is ethanol production, consumption or no
production nor consumption: via the measurements of OUR and CPR, via the measurement of
ethanol by the mass-spectrometer or via the three measurements, marked with (1), (2) and (3) in
figure 4.16 respectively.

(1)

~VX(k) I f---+---+- VE(k)
'-_....J _ (2)

X-+l --{)<X--.E=ee.s(k)

Figure 4.16 Places where the decisions are made on whether ethanol is produced or con
sumed
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The decision on the ethanol production/consumption is made at point (1) in figure 4.16, i.e. the
decision is only based on the measurements of OUR and CPR, as discussed in section 4.1.1.
If the additional measurement of ethanol becomes available the decision can be made on this
measurement. If at a certain sample moment the measured amount of ethanol is bigger than it was
one sampling moment before. ethanol production is assumed. If the amount of ethanol is smaller it
is decided that ethanol consumption takes place. If the amount is just a little bit bigger or smaller
than before (within arbitrarily chosen bounds) it is decided that no production nor consumption of
ethanol is taking place.
Another way to decide on ethanol consumption or production is using a combination of the two
methods mentioned before. The decision is now made at point (3) in figure 4.16. This point can be
used for the decision because it also gives an indication if ethanol will produced or consumed,
using both the ethanol production rate, calculated from the measurements, and the measurement of
the ethanol concentration. If the sign at this point is possitive, ethanol production is assumed,
otherwise ethanol amount.
The decision which of the three methods must be used, must be decided by the fact how reliable
the measurements of ethanol and the rates, calculated from the measurements of OUR and CPR,
are. If the ethanol measurement is more reliable then the measurements of the OUR and CPR, we
make the decision on ethanol production or consumption at point (2) in figure 4.16. If the OUR
and CPR are more reliable we make the decision at point (1). Otherwise we can make the decision
at point (3).

4.3. Observer behaviour

4.3.1. Sensitivity analysis for the amounts estimates.

In the introduction it is stated that the stoichiometric constants used were assumed to be known
and time-independent. We have to suppose. however, that the stoichiometric constants are not
exactly known and time-dependent. For example the composition of the yeast, i.e. the rates
between the amounts of carbon (C), hydrogen (H), nitrogen (N) and oxygen (0) in the yeast. will
vary over time. Because the estimates of the amounts are directly related to these stoichiometric
constants we must make a reliability analysis of these "constants".
We use the following list of culture parameters instead of the stoichiometric constants because
these culture parameters give a more direct relation to the real process:

ox

nx

the yield (mole/mole) of the glucose to the biomass in case of glucose consumption
the yield (mole/mole) of the glucose to the biomass in case of ethanol production
the yield (mole/mole) of the glucose to the ethanol in case of ethanol production
the yield (mole/mole) of the ethanol to the biomass in case of ethanol consumption
the amount of hydrogen (in moles) in the yeast proportional to the amount (in moles) of
carbon in the yeast
the amount of oxygen (in moles) in the yeast proportional to the amount (in moles) of
carbon in the yeast
the amount of nitrogen (in moles) in the yeast proportional to the amount (in moles) of
carbon in the yeast

Using these definitions the formal stoichiometric constants can be described in terms of nx, hx, ox
(Appendix 0.1). For example the dependency of b to the yield Ygxl is given by:
b = 6·Y

gx1
(4.11)
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The stoichiometric values used are the following:

a = 2.1675 hx = 1.8
b =3.65 ox =0.5
c =2.35 nx =0.2
g =0.36 therefore:
h =1.892 Ygxl =0.608
j = 1.874 Ygx2 =0.06
k = 1.614 Y... =0.62
I = 1.32 Yex =0.66
m =0.68

The analytical observer

For the reliability of the observer to changes in the yields and composition-parameters we have to
know how changes in these parameters influence the stoichiometric constants. With this sensitivity
calculation we can calculate the sensitivity of the growth rates I!'YX, CIs 'YX and qe 'YX, which
are directly related to the estimation of the amounts of the biomass, glucose and ethanol. These
relations are given in figure 4.17.

error in yield
or

cOD1position par~eters

Jt
error in

stoichioD1etry

1t
error in estimation

growth rates

1t
error in estim.ation

RD10unts of bioD1RSS.
ethanol and glucose

Figure 4.17 Propagation of
errors from the yields and

composition parameters to the
estimation of VX, VE and VS.

First we calculate the sensitivity of the yields and composition-parameters to the fonnal
stoichiometric constants. The sensitivity of a quantity y(x) to changes in a quantity x is defined as:

S dy x (4.12)
y,x '" dX'y

This sensitivity is only valid for small deviations in x. A relative error in x now gives the
following relative error in y:

If for example x deviates 5% from its true value this will give a deviation of Sy... '5% in the true
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Liy = S .LixY y,xx
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(4.13)

value of y. Calculations for the sensitivities of the stoichiometric constants are given in appendix
D.l. This leads to the numerical values given in Table A.l. For example a relative change of 5%
in the yield of the glucose to the ethanol will give a relative change in the constant h of -9.9% (=
1.98'5%). A increase of the yield Yea of 5% will give a decrease in the factor h of 9.9%.

The second step is the calculation of the sensitivity of the growth rates to the parameters. Now the
problem exists that the growth rates are not only dependent on the stoichiometric constant but also
on the measurements of the OUR and CPR. Therefore we have to calculate these sensitivities in
the whole range of possible values of the OUR and CPR.
As demonstrated in appendix 0.2 the q. 'YX and qe -VX are not dependent on the absolute values
of the corrected measurements OUR' and CPR' but on their ratio. Therefore we will do a best
worst case analysis of these sensitivities using the RQ'.

Practical boundary values can be given for RQ' in case of ethanol production, ethanol consumption
and in case no ethanol is neither produced nor consumed. They are given in table 4.3.

Table 4.3 RQ' boundary values

minimum value maximum value

Ethanol production l.08 1.6

Ethanol consumption 0042 1.08

No ethanol production nor 1.08 1.08
consumption

Another problem is the fact that the stoichiometric constants enter the growth rates in a different
way for ethanol production, ethanol consumption and if no ethanol production nor consumption
occurs. We therefore have to make different analyses for these three cases.
It can be derived that worst case sensitivities for q. 'YX and ~ 'YX are reached at boundary
values for RQ' (it must be stated here that when a rate becomes zero its sensitivity on a
stoichiometric constant always becomes infinite in case the rate is dependent on that constant).
Best case sensitivities are reached either at zero or at the other end of the boundary.
When a relative change in a yield or in a composition constant causes a relative change in more
than one of the stoichiometric constants (e.g. a relative change in Ygxl causes relative changes in
the stoichiometric constants a, b and c) the sensitivities for a rate is the sum of the different
sensitivities as given in formula 4.14.
S = S 'S + S 'S +..... + S 'S

q:VX,z q:VX,....,z q:VX.b b,z q:VX,m m,z

m

= E Sq 'VX,i'Si,z
i - tJ •

i E {a,b,c,g,hJ,k,l,m }

(4.14)

The sensitivity values for 'Is -VX and qe 'YX are given in Table A.2 and Table AA.
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In appendix D2 it is shown that the sensitivity values of the stoichiometric constants of Il'YX
depend both on RQ' and on OUR'/yX. According to the simulation model used, OUR'/YX is
always equal to 0.2 if there is no ethanol consumption and it varies between 0 and 0.2 for ethanol
consumption, always assuming that the dissolved oxygen tension is in the order of 10%. Sensitivity
values for J.l'YX are given in Table A.3.

The third step is the calculation of the dependence of the estimates of the amounts of biomass,
ethanol to uncertainties in the yields and composition-constants. This is clarified using simulations
in the next paragraph.

Simulation results

Simulations are done to verify the sensitivities of the different rates. The following approach is
followed: we keep the parameters of the simulation model constant and change the stoichiometric
constants of the observer to test the sensitivities of the observer to changes in the yields and the
composition parameters.
The estimation of the glucose could not be estimated properly at all (therefore the sensitivity
analysis for the glucose becomes worthless). The sensitivity calculations are illustrated with an
example (the simulations where done using the values of Table 4.1).

Example
The sensitivity of the estimates of the amounts and estimate of the specific growth rate to the
composition parameter Ygxl yields the results of figures 4.18-4.20.

0,)

0,25

0,1

i 02

~ 0.15

4,5

./"

B

:a u
!
~

1.5

l(b)

Figure 4.18 SeMitivil)' ofVX to Y,U; Real VX (-), with true
Y,U (--). -5% H. +5%(·-)
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Figure 4.19 SeMitivil)' ofVE to Y,u; true Y,U (--), -5% (~
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Figure 4.20 sensitivity ~ estimate to hx, with true Y,U (-), 
5% (~). +5% (.-).
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Observations were done using the true parameter Ygxl' Ygxl increased and decreased with 5%. The
estimation of YX with Y gxl 5% too big, gives a deviation upwards; with Y gxl 5% too small gives a
deviation downwards, as was expected using the sign of the sensitivity values of Table A.3; a + for
the sensitivity of the growth of biomass J.I. 'YX to Ygxl for both ethanol consumption as production
means the estimated biomass will grow too fast and therefore the estimation will give a value that
is bigger then the estimate with the true Y gxl'

The estimate of the ethanol shows the following effect. The ethanol production rate will always be
smaller for possitive deviation of Y gxl and bigger for negative deviations of Ygxl' compared to the
estimations with true Y gxl' The sign of the sensitivity of the ethanol growth rate is negative during
ethanol production (ethanol production rate has a positive value) and has a positive value during
ethanol consumption (ethanol production rate has a negative value). Therefore the ethanol growth
will always be estimated too small for positive deviations and too big for negative deviations of
Y gxl both during ethanol production and consumption.
The estimates of the specific growth rate are directly related to the estimate of the biomass amount
and the biomass growth. If the estimate of the biomass growth rate is too big, the estimate of the
amount of biomass will be too big too. The rate of these two will fmally converge to the true value
of the specific growth rate as seen in figure 4.20. If the biomass growth rate is too small a similar
explanation can be given.

4.3.2. Influence of measurement-offsets noise and wrong initial values on the amounts
estimates.

Offsets

The measurements of OUR, CPR and ethanol can be corrupted with offsets, for example due to
wrong calibration of the measurement equipment. These offsets will have a significant influence on
the calculations of the rates and therefore on the estimations of the amounts. We assume offsets on
the measurements of the OUR, CPR and YE:
OUR

metU
= OUR

trw
+ /lOUR

CPR
metU

= CPR
tr

,.. + /lCPR

VE = VE + /lVE
fMaJ trw

(4.15)

The real oxygen uptake rate OURvue has a constant offset /lOUR resulting in a measurement
OURmcos' The same can be states for the CPR and the ethanol amount.

For each of the three modes, the process can find itself in, these offsets can be transferred to
offsets in the growth rates (as given in appendix E). The offsets on the growth rates will have a
negative influence on the estimations of the amounts. Assuming a constant offset on the growth
rates (for simplicity we assume that the observer will function only in one mode) the following
conclusions can be made:

An offset on the ethanol measurements won't have any influence on biomass amount
estimate. The biomass estimate depends only on the sign of the ethanol production rate and
this sign won't be influenced by an offset on the ethanol measurement.
Estimations of YX will diverge from their true values because the biomass growth rate is
estimated too big or too small during the whole estimation period.
Estimations of VE will diverge in case of no extra measurements of ethanol are available
following the same arguments as before, and will converge to the offset corrupted
measurement in case the measurements are available due to the feed-back.
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Simulations

The analyt leal observer

The same simulation data was used as mentioned before and the observation parametersas
mentioned in Table 4.1. But now the OUR and CPR were corrupted with a constant positive offset
of 0.1 mole/h. As an example the biomass amount has been estimated (cf. figure 4.21);

I (b)

Figure 4.21 VX using offset.corrupted measurements. True
(-J. true OUR and CPR ('J. offset corr~pted OUR CPR (-

J

As stated before the biomass estimate now diverges from the estimations using the true
measurements. The observations will not be driven out of bound. but the biomass is expected to
grow with another rate, which is smaller or bigger then the true rate. depending on the sign of the
offset on the calculated rates.

Initial values

Wrong initial values will also give offsets in the estimation of the states. For the estimation of VX
a wrong initial value will remain as an offset in the signal for the whole estimation period. In
equation 4.5 one can see that for the estimation of the biomass at time t=k·T. the old estimation is
used without any ftltering, it's pure integration. The wrong initial values will not be corrected by
the measurements because the measurements are independent on the estimation of the biomass.
Therefore a wrong initial estimation of the amount of biomass will remain as an offset on the
estimation during the whole estimation period.
For the estimation of ethanol there exists another situation, due to the possibility of an additional
measurement of ethanol. When no additional measurement is used (K=O) a wrong initial value will
lead to an offset in the estimation of ethanol for the same reason an offset will occur on the
estimation of the biomass. If we use the additional measurement a wrong initial value won't lead
to an offset in the estimation of VB because the estimation will converge to the measured value
anyway (dependent on K the estimation will converge more or less rapidly to the measured value).

Simulations

As an example the amount of biomass will be estimated using an initial estimate that is too small
(figure 4.22) and using an initial estimate that is too big (figure 4.23).



The analytical observer

3.5

Table 4.4 Observation parameters in case of wrong initial estimates of VX

old case 1 case 2 unit
value

Initial biomass arnolDlt estimate 0.3 I 0.1 I 0.5 mole·
Initial ethanol amount estimate 0 • I mole

I

Initial glucose amount estimate 0 I I mole

Initial volume 3 I I litres•·OUR" 0 I I moleib·
CPR" 0

i I moleibI I

3.$
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00

I (b)

Figure 4.22 Estimation \IX using wrong initial \IX(O). True
process (0), trW! initial valW! (-), values case 1 (--).

'(b)

Figure 4.23 Est. \IX using wrong initial \!X(O). True
process (-). trW! initial \!X (-), value case 2 (--).

As can be seen the initial value doesn't cause a constant offset in both cases. Both with an inital
amount that is too big or too small the estimations seems to drift to the true value. This can be
explained by the fact that the wrong initial value certainly has an influence on the growth rates:
The correction tenn ms in the maintenance corrected measurements of the OUR and CPR gives
feed-back from the wrong initial state to the estimation of the growth rates. If the initial value is
too small the measurements will be corrected less causing the growth rates to be bigger. This
bigger rate causes the next estimation of the amount to be bigger than without maintenance; this
bigger amount causes the next correction to be bigger etc.. Finally the biomass estimate will drift
to its true value, with a speed dependent on the value of ms. A similar explanation can be given if
the initial amount is chosen too high.

Noise

Theoretically noise on the measurements of the OUR and CPR will cancel out for the biomass and
ethanol amount estimate during the observation period, if it is independent white noise. Unfor
tunately the noise will corrupt the ethanol growth rate estimate too, therefore wrong decisions on
whether ethanol is produced or consumed may occur. An observation using noise-corrupted
measurements of the OUR and CPR is done to illustrate this.
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5 Observation parameters

old new unit
value value

Initial biomass amount estimate I 0.3 I mole·
Initial ethanol amount estimate I 0 • mole

·Initial glucose amount estimate I 0 • mole· ··Initial volume I 3 I litres· ·· ·OUR" I 0 • 0.1 molelh• •
CPR" i 0 i 0.1 mole/hI !

OJ

0.25

'U' 02

I
~ O.IS

0.1

The analytical observer

1(1))

Figure 4.24 InflUJ!nce noise on estimation \IX. Real \IX (-),
noiseless measurements (~), noisy measurements (--).

1(1))

Figure 4.25 InflUJ!nce of noise on estimation VE; Real VE
(-), noiseless measurements (~). noisy measurements (--).

This provides a good illustration of the effect on the estimations caused by noise. The estimated
VX shows the effect the observer can't make a clear decision on whether ethanol is produced or
consumed. Therefore convergence of the estimates can not be assured, observing a real process.

4.4. Conclusions.

The observer is able to estimate well the amounts of biomass and ethanol on simulation level (as
expected). Several uncertainties to the observations using the analytical observer are discussed in
the previous sections. Uncertainties due to unreliable measurements and wrong initialisation of the
observer. Some improvements to the observations, like the additional measurement of ethanol are
given and function well. Probable improvements for the observation of the specific growth rate are
given, but rejected due to the low sampling rate of the measurements. A new possibility has been
mentioned for the estimation using predictions of the measurements from the glucose flow to
reduce the noise on its estimates. This "prediction" method will be discussed in the next section.
Finally observations were made on real process data taking the uncertainties into account. Dry
weight measurements of the biomass are not available so the observation results can not be
verified. As said in the previous section: the convergence can not be assured.
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5. Estimation using predictions measurements.
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As mentioned in the last chapter the problem of noisy measurements of the OUR and CPR leading
to noisy estimates of Jl. still exists. A method to obtain a noise free estimate of Jl. is done by
prediction of the measurements OUR and CPR from the glucose flow. With these predictions of
the OUR and CPR, that will be more noisefree too, we can observe the states and parameters using
the method as described in the last chapter.
Another problem is the fact the measurements become available with a delay of two sampling
intervals. The estimates will therefore become available with a delay of two sampling intervals too,
leading to a problem for control of the process, because now the controller has to react with two
sampling intervals delay, that is much more difficult than without delay.
A third problem is that the measurements become available with a sampling time of 5 minutes. For
control it will be better to use a sampling rate that is much higher (more information is available in
the same time interval, so more accurate control can be done). This problem can also be tackled by
prediction of the measurements.
First the model itself will be discussed in section 5.1. Then the model will be used in a Kalman
fIlter for the prediction of the specific growth rate in section 5.2. In section 5.3 the model will be
used to predict intermediate samples.

5.1. The predictor-model.

As an example a predictor will be discussed for predicting the measurements of the OUR. A linear
discrete model has been estimated to model the glucose flow Gt to the OUR. To model this highly
non-linear behaviour with a linear model the input Gt and the output OUR are scaled to the
biomass estimate VX, which is also available with a delay of two samples, due to the delayed
measurements of OUR and CPR. The measurements have to be corrected for offsets and the gain
has to be scaled: e.g. for the measurement of OUR, this means:

OURn(k) = (63.68 010-4 0 OUR"..as(k)/VX(k) + 0.8) (5.1)

with OUR".eas in mmole/h (measurements become available in mole/h), VX in mole and k a
sampling instant. VX(k) is the observation of the amount of biomass using the noisy
measurements, as described in the previous section, because the true amount is not available.

We try to predict the measurements using a model that describes (G/yX) to the (OURNX). The
model has been identified with the following assumptions: the dissolved oxygen tension (DOT) is
high enough to have no influence on the behaviour of the yeast, and no ethanol production will
occur (the effects of both ethanol production and consumption can not be included in one model).
Matlab's ARX was used to fit a second order ARMA model to data, that were collected in an
experiment were GFNX was excited by a PRBS signal. This estimated continuous model will now
be used to calculate a discrete model for any sampling time (within reason).

First of all this model is used in the following two cases:

o Method 1: the model is used to predict measurements of the OUR only using previous inputs
and predicted outputs. This means that the predictions are only dependent on previous inputs.
The prediction can now be described in the following way:
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o Method 2: the model is used to predict measurements of the OUR using previous inputs and
previous measurements (and not on predicted outputs). as can be described in the following way:

OURp".(k) = al ' OUR....".(k-l) + az' OUR"I.,.ck-2) + bl • GF,,(k-l) + bz' GF,,(k-2) (5.3)

The factors al • az. bl and bz in method 1 and method 2 are the parameters of the identified model
and the subscripts of OUR and the glucose flow GF can be explained as follows: a subscript m
stands for a real measurement. a p for a prediction and an n for the linearised version (as in
formula 5.1). Now these predictions of the linearised OUR can be recalculated using equation 5.1
in the following way:

OUR (k) = (OUR ,II(k) - 0.8)' VX(k) / 63.68 '10-4
p,"" p

For a sampling time of 5 minutes these parameters have the following values:

value

a l 0.4083

az -0.2444

b l 0.3680

bz -0.3667

leading to the poles Pl,2 = 0.203 ± j {).45 and the zero Zl = 0.9963 for the model.

(5.4)

In state space description the process can be described with 4 characteristic matrices: Fs, Gs' Hs
and Js (where the subscript 5 means that the continuous state-space matrices are converted to
discrete state-space matrices with a sample time of 5 minutes):

F = (1.1154 1.3486 J
5 -0.7676 -0.7090

G = (0.3680) H
5
= (1 0)

5 -0.4654
(5.5)

These two ways of prediction are tested on two types of experiments carried out so far: an
experiment where the set-point of II is kept constant at 0.I5h- l (the same as in the experiment used
to identify the model). and an experiment with different set-points for the specific growth rate J..l.
These experiments are chosen because we expect the model to be suited for only one working
point. Therefore we take the first experiment for its constant ll-setpoint and the second experiment
for its variations in ll-setpoint.
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Figure 5.1 Prediction of lhe OUR. Measurement (-): prediction
using melhod 1 (--) & using method 2 (..).

t(h)

Figure 5.2 Prediction of the OUR. Measurements (-), prediction
using method 1 (--) & using method 2 (00).

The model seems to function reasonably good in both experiments besides the fact that sometimes
ethanol production occurs and the model is not suited for this case. The trends in the OUR are
followed quite good. except for the predictions of the experiment with the different Il-setpoints.
The deviation between the measurements and that predictions at the end of the experiment can be
caused by the absence of the glucose in the broth (because it is fully used and not refilled). The
predictor assumes the wanted glucose flow is indeed the true glucose input, but if the glucose is
fully used the true glucose flow is O. Another explanation can be the fact that the temperature has
dropped that much (the local controller for the temperature doesn't function properly anymore or
has been turned of) that the yeast can not grow anymore.

5.2. Predictions using Kalman-filter

Now we try to improve the predictions by using a Kalman-filter, which is done in the following
way:

Every time a measurement becomes available the following is done:

o Glucose flow Gf and measurement OURIMU are Iinearised
GF,,(k) = GF(k) -3.301JVX(k)
OUR,.(k) = 63.68'10-4" OURIMu(k)IVX(k) + 0.8

o New state is calculated:
!,(k+1) =Fs'!{k) + Gs"GF,.(k)

o Prediction error is calculated
E(k) =OUR",m(k) - Hs";J.(k) -ls·GF,.(k)

o Correct predicted state
!lk+1) =;J.(k+1) + K"E(k)

o Calculate new linearised output
OURp,ll = Hs";J.(k) + Is'GF,,(k)

o Recalculate predicted OUR from Iinearised OUR
OURpik) = (OURp,ll - 0.8) ¥X.(k) "63.6810-4

o Update state for new observation
!lk) =;J.(k+1)

GF(k) in gram/min.
OUR_aik) in mmolelh.

K =Kalman-feedback

It is difficult to calculate an optimal Kalman-gain due to the delay by which the measurements
become available. For simplicity we therefore disregard the delays and calculate the Kalman-gain
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with a MATLAB-toolbox. Intensities for the process noise (matrix Q) and the measurement noise
(matrix R) are not available, so we can only calculate the Kalman-gain for arbitrarily chosen
covariances of the process and measurement noise. This will probably not be the optimal gain for
this process.

This method is tested on the same two experiments mentioned before and the following results
follow from it (assuming that the process noise and measurement noise are of the same intensities,
Le. QIR=l):
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Figure 5.3 Prediction of the measurements of the experiment with
constant j.l. Measurement (-). prediction (..).

l(b)

Figure 5.4 Prediction of the measurements of the experiment with
variable ~ Measurements (-), predictions (").

The results seem very promising. The predictions are practically the same as the measurements for
both the experiments. The predictions for the experiment with the different J.L-setpoints drift away
from the measurements at the end of the experiment (figure 5.4). The Kalman-feedback can not
compensate for the great difference between the predictions and the measurements (see figure 5.2)
for the same reason as in the previous case.

Now we try to predict the specific growth rate for the experiment with the constant set-point, using
predictions for both the OUR and CPR. The CPR has now been predicted using the same Kalman
filter as for the OUR, Le. with same intensities of the noise supposed. The observation method as
described in the section 4 is used to predict this J.L. For different intensities of the noises on the
process and the measurements:

QfR = 00:
QfR = I:

QIR =0.01:

QIR =0:

only the measurements are used for the predictions, not the model.
The intensities of the process noise and the measurement noise are assumed to be
equal (for the prediction of the OUR this will lead to the results of figure 5.3).
The intensity of the process noise is assumed to be 100 times as small as the
intensity of the noise on the measurements.
There is no process noise assumed. The model describes the process entirely
correct, therefore the Kalman gain is made O.
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this will lead to the following observations:
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Figure 5.5 Estimation p. using different noise intensities. QIR=oo ('), QIR=l (._),
QIR=O.OI Hand QIR=O (•.)

In case there is no Kalman feed-back (Q/R=O) the estimation of the J..l will be almost noisefree. In
case the estimation of the J..l is done using only the noisy measurements (Q/R=oo) the estimation of
the J..l will become noisy. Intermediate values for Q/R clearly gives the influence of the Kalman
fllter. The bigger Q/R becomes the more the estimation of J..l looks like the estimation, only using
the noisy measurements, and vice versa.

5.3. Predictions of intermediate samples

To show if the model can be used to predict intermediate samples of the measurements we do the
following two experiments, with regard to the OUR:

o First we consider the measurements of the OUR to be the true values of the OUR. We then
calculate the linearised O~ and from this the state of the linearised process and consider it
to be the true state too. With this state we calculate the intermediate samples with the model
for the intermediate sample rate.
Using this state as the initial value for the model of the intermediate sample rate (this model
can be calculated from the continuous model for the sample rate you want to use). A remark
has to be made for this method. Every time a measurement becomes available, the states are
calculated from the measurements and not from any intermediate state. So the past intermediate
samples don't have any influence on the next predictions.

o We don't consider the measurements as true. We calculate the predictions using a Kalman
fllter. Now the calculation of the state at the moment a measurement becomes available uses
the previous intermediate samples too. This is essentially different from the previous method.
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Every time a measurement becomes available the following is done:

o Glucose flow Gf and measurement OUR_as are linearised
GF,,(k) =GF(k) -3.301lVX(K)
OUR,.(k) = 63.68-J0-f·OURnwas(k)/VX(k) + 0.8

o New state is calculated:
!.(k+l) = FJ ' d.k) + GJ ' GF,,(k)

o Prediction error is calculated
E(k) = OUR",m(k) - HJ • ~k) - I J 'llfk)

GF(k) in grammeslmin.
OUR_as(k) in mmolelh.

o If on this moment a measurement has become available
!.(k+1) = g k) + K' E(k) K = Kalman feed-back
else an intermediate sample must be predicted and no Kalman feed-back can be done
and:
!.(k+l) =!.(k)

o Calculate new linearised output
OURp.1' =HJ •!.(k) + IJ ' GF,,(k)

o Recalculate predicted OUR from linearised OUR
OURp.,tk) = (OURp,lt - 0.8)VX(k)·63.68-J04

o Update state for new prediction
!.(k) =gk+l)

For clarity it must be said here that the system-matrices Fl' 0 1, HI and 11 here are the matrices
calculated for the sample time of the intermediate samples (=1 minute):

F = (1.2457 0.5911)
I -0.3365 0.4460

G "" (0.1610) H
l

"" (1 0)
I -0.1507

(5.6)

These methods are tested on the same experiments as mentioned before. In the next figures some
results are shown.
Results for the experiment with a constant J.l-setpoint of 0.15 h-I:
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Figure 5.6 Predicitions of intetrnediate samples using first method.
Measurements (-); Intetrnediate samples (._).
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Figure 5.7 Predictions of the intermediate samples using second
method. Measurement (-): Intermediate samples (00).



The predictor model

Results for the experiment with a variable set-point:
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Figure 5.8 Prediction intermediate samples using method 1.
Measurements (..); intermediate samples (").
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Figure 5.9 Predicition intermediate samples using second method.
Measurements (..); intermediate samples (").

Both methods in the two experiments show almost the same phenomenon: the predictions of the
intermediate samples drift away from their true values Ca first order hold for the intermediate
samples will function even better). Every time a measurement becomes available the predictions
are pulled back to the 'true' values. In the first method the predictions are pulled back completely
back to their true values, which is inherent in this method. In the second method the predictions
are pulled back a lot but not completely to the measurements, inherent in Kalman feedback. The
reason why the predictions drift away is that the working points, in this experiments are apparently
not the same as the ones used during the identification experiment. Apparently there are a lot more
working points important than only the Il-setpoint. The same reason can be given with respect to
the predictions for the experiment with the variable Il-setpoint, i.e. the identified model is not valid
for these experiments.

5.4. Conclusions with respect to estimation of Il using predictions of the measurements

The estimations of the Il using predictions of the measurements seems to be very good. The noise
can be reduced using a Kalman filter. Effects not described by the model of the G/VX to the
OUR/VX. for example the fact that the model identified doesn't account for ethanol production,
can be considered to be noise of the process CQ/R will be chosen smaller if a lot of these effects
are likely to occur).
However the estimation of intermediate samples do not give any valuable information. The
intermediate samples drift away from their true values as mentioned before. The non-linear process
behaviour is probably the cause of the effect the second order model can not be used to predict
intermediate measurements of the OUR from the glucose flow Gc using the methods described
before. The model is probably suited for only one working point and therefore can not be used as a
predictor of the intermediate samples in this process.



6. Conclusions and recommendations

The goal of this research was to fmd the best observation method, concerning reliability and noise
behaviour, of the baker's yeast process using indirect measurements.
The RPE-method was rejected for this purpose, because it was not able to give any reliable
observations. The main reason is the fact that the glucose input and the measurements of the OUR
and CPR do not contain enough information to drive the estimates of the amounts and the states to
their true value. Because this recursive observation method is found to function badly due to lack
of information, the EKF-technique will probably suffer from this lack of information too, and
therefore has not been investigated.
The alternative method, the analytical observer, on the other hand was able to give reliable results
of the observation of the amounts of biomass and ethanol, but noisy estimates of the specific
growth rate. The usage of the additional measurement of the ethanol gives even better results,
especially for the ethanol estimation. Wrong initial parameters, uncertain culture parameters (yields
and composition parameters), offsets and noise on measurements reduce the perfonnance of the
observations. Therefore the convergence of this observation method can not be guaranteed.
The observation of the specific growth rate, using the model of the glucose flow to the
measurements of OUR and CPR, can now be almost noisefree, depending on the Kalman-gain.

The following recommendations can be given for future research on this subject. One way to
obtain more reliable results is to investigate the model for the yeast used, because the reliability of
the observations is strongly dependent on it. The observations can be improved using a higher
sampling rate or as stated in section 5 using predictions of the measurements. This predictor has to
be researched more thoroughly, concerning the reliability of the identified model and the structure
of the predictor itself, because until now the predictor is not able to give any reliable predictions
for the intermediate samples.
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List of symbols

Symbols related to fermentation process
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Symbol

AF
CPR
CP~

D
D02

DOT
Dosed
E
F
KLA
OTR
OUR

°URu
O2

S
Sf
T.
V
Vg
X
Y

a,b,c,g,hj ,k,l,m
hx,nx, ox
ms
q.
qe
qo
r02
t

where:
I = liters
h = hours
- =no dimension

Explanation symbol

airflow
carbon-dioxide production rate
variance of the noise on the measurements of CPR
dilution rate
concentration of the dissolved oxygen
dissolved oxygen tension
dosed glucose
ethanol concentration
feed flow
mass transfer coefficient of O2 from gasphase to liquid phase
ox.ygen transfer rate from gas phase to liquid phase
oxygen uptake rate
variance of the noise on the measurements of OUR
concentration of oxygen in gas phase
glucose concentration
concentration of glucose in the feed
sample time of the observer
volume of the broth
gas volume in the fennenter
biomass concentration
yields concerning the products in the process

stoichiometric constants
composition parameters of the yeast
maintenance coefficient
glucose consumption rate
ethanol production rate
oxygen consumption rate
oxygen uptake rate
time

stoichiometric constants
specific growth rate

Unit of symbol

l/h
mole/h
mole/h

mole/l

mole
mole/l
l/h
1/h
mole!O'h)
mole/h
mole/h
mole/l
mole/l
mole/1
h
I
1
mole/1

mole OJmole X.h
1/h
1/h
1/h
mole/h
h

1/h
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Symbols used in descriptions different observers

List of symbols

Symbol

al' ~. bl' b2

CI

C;
F, G, H, J
K
R I, Rz, R12

k
!!,~,'y'

explanation symbol

parameters of the model of the glucose input to the measurements
matrix that accounts for the speed of variation of the estimations
matrix that accounts for noise reduction
matrices used for state-space description
Kalman-gain in algorithm
matrices with covariances of the noises on the states and outputs

sampled instant (t=k-T., k=integer)
input-, state- and output-vector, respectively, in a state space description

prediction error
unknown coefficients
gradient of the prediction at time k computed using running

vector
derivative to time of z
estimation of z

If not mentioned in the lists above the following notations can explain the meaning of the symbols

~

dz/dt
Z
zsuperscrip< or

zsubscript denoting special case of z
z(t) denoting value of z at time t in continuous time case
z(k) denoting value of z at time t=k-Ts in discrete time case
where z stands for a function, variable, vector or matrix
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Appendix A. The recursive prediction error method.

Ai

The general RPE-observer is described in Ljung (1983). We consider the discrete state space
description of a general process:

;!(k+l) = F@";!(k) + G@~(k) + ~'<k)

y"<k) = H@";!(k) + n(k)
(A.I)

where 1£.(k), 'y(k) and 'y'<k) are an sxl- • txl- and rxl-vector, respectively. The unknown parame
ters, collected in vector ft. may enter the matrices F,G and H in an arbitrary way. We will only
assume that the matrix entries are differentiable with respect to .!! (dim(F) = sxs, dim(G) = sxr,
dim(H) = txs ; 1,(k) and n(k) are independent white noises).

Then the recursive prediction error method is given as follows:

Calculation of the prediction error:

!::.(k) = y(k) - f(k) (A.2)

Calculation of the parameter estimates:

P(k+l) = P(k)+ P(k)''V(k) ,'VT(k)'P(k) + C
t(C2 +'VT(k)P(k)'V(k))

.!!(k) = ~(k-l) + L(k) "!.(k) (A.3)

L(k) = P(k) ''V(k)
C2 + 'VT(k) 'P(k) ''V(k)

dim(p) = pxp
dim(L) = pxt
dim('V) = pxt

Recalculation of the state space matrices:

F(k) = F@I J\

~. 2.«)

G(k) = G@)I J\

~. 2.«)

H(k) = H@)I J\

~. 2.«)

(AA)



A2

Calculation of the Kalman-gain K(k) with the estimates of the parameters:

K(k) = [F.PI(k)'H T+ R12(k)]'S -I(k)

Q(k+l) = F'Q(k)F T + RI(k) - K(k)'S(k)'K T(k)

S(k) = H ·Q(k)·H T + Rik)

dim(K) =sxt
dim(PI) =sxs
dimeS) = txt

Calculations of the states and output estimates:

f(k+l) =F(k)i"<k)+ G(k)'Y:.(k)+ K(k)'!;.(k)
i(k+l) = H(k).g(k+l)

Calculation of the derivative of the prediction error:

M,* = M~(k)J.(k),y:'<k»+ g; ~(k)

W(k+l) = [F(k) - K(k)'H(k)]W(k) + M r* - K(k)D,

'l'(k+1) = W T(k+ 1) oR T(k) + D T@.(k)J.(k+l»

dim(W) = sxp

With:

RI(t) ; Covariance matrix of noise on the states (sxs matrix).
R2(t) ; Covariance matrix of noise on the outputs (txt matrix).
Rlz(t) : Crosscorrelation matrix of the noise on the states and the outputs (sxt matrix).

Appendix

(A.S)

(A.6)

(A.7)

CI : A matrix that accounts for the speed of variation of the estimated parameters (pxp matrix)
Cz : A matrix that accounts for noise reduction (txt matrix)

Dr = <,:8 [H®.g]\
uO e.G

8Mff),x,u' = _{F(O):x + GfO'.u]
\:::._!V 80 - ~-

(A.8)

The gradient of Ke(t) (where the index i stands for the i-th component of the vector 8):

1(-' , r8~F(e)Q(k)oH,T • F.-n:''-H/ • F,Q(k) 0 8~H T(el] 'S -1(k)-K(k)cr~')S -I(t) (A.9)l I I e-6(k)
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(J~i) = [(j~/H(e)-Q(k)'HIT + Ht'n~i)(k)'H/ + Ht·Q(k)· 8~,HT(e)]
o-il(k)

A.3

(A.I0)

(A.H)

Looking at the formulas we need initial values for the estimates of ,!, y. ~ . Q, P, W, n, and 'II,
just as values for Rl , ~, Rl2, Cl and ~. How we must choose them is discussed in section 3.3.
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Appendix B. Calculation of the measurements

Appendix

The OUR can be calculated using the balances for the dissolved oxygen and the oxygen in the
gasphase:
o Dissolved oxygen balance:

d(V'D02)

dt = -%VX + OTR'V

o Gasphase oxygen balance:

d(V 0)
8 2 = rO - OTR'V
dt 2

o Oxygen transfer rate:

(A.12)

(A.l3)

(A.14)

For the estimation of qo 'YX (also called the oxygen uptake rate OUR» we assume that the
gasphase is in steady state (dYgOJdt =0). Then the following is true:

OTRV = r02
(A.IS)

The eigenvalue associated with (A.12) is much greater than those of the other balances. causing a
stiff system of differential equations. In this case (A.12) can be replaced by:

q ·xD0
2

= DO·Dl _ _ 0 _ (A.16)
2 KLA

yielding qo 'YX = r02 = OTR ·Y. Hence, the r02 provided by the gas analyzer can be used to
calculate the OUR. The same approach is followed for calculating the CPR: CPR = rC02 where
rC02 is provided by a gas analyzer too.
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Appendix C. Additional calculations for the RPE-method

The calculation of the measurements from the three production rates can be done as follows:

1. In case of ethanol production where the rates are as follows:

h-c 1

(::2) .
ah h

(OUR'). [-~vxJbh-gc g

ah h CPR' a

_jc j 0

ah h

the OUR and CPR can be calculated from one state:

A.5

(A.17)

aq.-~ q.+ms 0 0 . (~J

Cq+~(l_.:.)+ms 0 0 VE
• J h a

(A.18)

2. In case of ethanol consumption the OUR and CPR can be calculated from one state in a similar
way:

( J(
I (msVXJ [a

q
•-kq.+ms 0°l (VXJ(~~~) = ~c : ::~). :VX = -cq,.mq•• : 0 0)' ~~ (A.19)

3. In case no ethanol is consumed nor produced the OUR and CPR can not be calculated from the
three states due to dependencies in the matrix; Le. the rank of the matrix in (A.20) is only one and
therefore the OUR and CPR can't be recalculated from the rates.

1 1
2a 2C
b b
2a 2C

° 0

(OUR') + [_m~vxJ
lCPR' a

o

(A.20)
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Appendix D. Sensitivity calculations

D.I. Sensitivity calculations for the stoichiometric constants

Appendix

(A.21)

Using the defInitions of the yields and composition parameters the fonnal stoichiometric constants
can be described in tenns of fiX, hx, ox and the different yields as follows:

a = ~(6'YG - 6'YX 'Ygx1 )

b = 6'Ygx1

c = 6 - b

g = 6'Ygx2

h = 6 - g - j'2
j = 3·Y..

k = ~'(2'YE - l'Yx)

1 = 2'Y
""m = 2 - 1

with:

'Yo = 4
'Yx = 4 + hx - 2'ox - 3'm
'YE = 6

(A.22)

(A.23)

(A.24)

The sensitivities of the stoichiometric constants to the yields and hx, nx and ox can now be
calculated, The sensitivities are shown below (all the sensitivities that are equal to zero are
skipped):

5 = 9Ygx1 • m 5 = 3Y .ox 5 = _3Ygx1 ,hx 5 = _3'Yx •Ygx1 (A.2S)
a,llX -2--;- a,ox g",l a a,/lx -2-a- a,Ygx1 2---a-

6Y5 = gx1=1
b,YpJ -b-

-b5 = 5'5 =c.rral c,b b.Y,aI C

Y x25 = 6,_g_ '" 1
g,Y,.. g

5 = 5'5 =-g
A,Y,.. A,g g,Y,.. h

2'
5 -5,5 -<]

AY - A' 'Y --, .. J J,.. h

(A.26)

(A.27)

(A.28)

(A.29)
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y
S'Y = 3'~ '" 1). .. j

A.7

(A.30)

S '" 31nx
/qa 4k

S '" 210x
k,ox 4k

-lhxS -
k,1u: - """"4k

-ly
S - X

k,Y ---.. 4K
(A.3!)

y
S = 2·....:: = 1

I,Y.. 1

-1
SmY = Sm,l,SIY =-, .. ' .• m

(A.32)

(A.33)

Using the the values of the yields and the composition parameters given in section 4.3.1 the
following sensitivities are calculated

Table A.! Sensitivity of the yields and composition parameters to the stoichiometric constants.

a b c g h j k 1 m

nx 0.25 0 0 0 0 0 0.12 0 0

ox -0.42 0 0 0 0 0 0.20 0 0

hx -0.75 0 0 0 0 0 -0.37 0 0

Ygxl -1.77 1 -1.55 0 0 0 0 0 0

Ygx2 0 0 0 1 -0.19 0 0 0 0

Yes 0 0 0 0 -1.98 1 0 0 0

Yell 0 0 0 0 0 0 -0.86 1 -1.94
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D.2. Sensitivity calculations for the growth estimates

In case of ethanol production the rates are given by:

Appendix

h-e 1

ah h

bh-ge g
ah h

_je j
ah 7i

. (OUR - mS'VXJ [_m~, J
CPR - ms·vx + Ii"" VX

a 0

(A.34)

In case of ethanol consumption by:

m k
am-ke am-ke

( J [ 0 J
lq,vx] bm-Ie bk-Ia OUR-ms'VX

).lVX = . CPR-";;'VX + 7~'VX
q.VX am-ke am-ke

e a
am-ke am-ke

In case no ethanol is consumed nor produced by:

1 1

[q,vx] 2a 2e

.(OUR-='VX] -[-~. J
~~ =

b b CPR-ms·VX Ii"" VX
2a 2e a 0

0 0

The calculations of the growth rates can now be written in the following form:

(
q .vx] {OUR-ms.vx] [ 0 JfIJi ·A, CPR-";;'VX + - ~ 'VX i E \0 ,c,OI

(A.3S)

(A.36)

(A.37)

The matrix during ethanol production will be denoted with Ap• during ethanol consumption with
Ac• and when no ethanol is produced nor consumed with Ao.

The derivatives of the matrices Ap• Ac and Ao are given below

h-e 0 -m 2 mk- -1
a 2h (am-ke)2 (am-kef

2a 2 0

dA
p _bh-ge 0

dA bm-lc k bm-Ie dAo (A.38)c -m = -b
da ---;;r;;- da (am-ke)2 (am-kef da 0

2a 2
je 0 me ke

a 2h (am-kef (am-ke)2
0 0



Appendix A.9

0 0 0 0 0 0

dA
p 0

dA c m -k dAo 1 1 (A.39)=
db a db am-ke am-ke db 2a 2C

0 0 0 0 0 0

1 mk -k 2
-1- 0

0ah (am-ke? (am-ke?
2e 2

dA
p -g

0
dAc bk-la

k
bk-la dAo -b (A.40)mac ah de (am-ke)2 (am-ke? ac 0

2e 2
-j j am -ka

0 0
ah Ii (am-ke? (am-ke)2

0 0

dA
p

_ -e 1
dg - ah Ii

0 0

~A< J~ ~]
g l~ 0

~Ao J~ ~]
g l~ 0

(A.41)

e -1

ah 2 ah 2

~~< = [~ ~J rO 0]dAp = ge -g

~~' = l~ ~
(A.42)

dh ah 2 };2

je -j

ah 2 h2

0 0

";.< = [~ ~] ":.' = (~ ~]dAp = 0 0 (A.43)
dj -e 1 IJ 0 0 IJ 0 0

ah Ii --,

me -am

";: = (~ ~J
(am-ke)2 (am-ke?

~~' =[~ ~JdA bm-le bm-le (A.44)c = e -a
dk (am-ke? (am-kc)2

e2 -ae

(am-kc)2 (am-ke?
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[0 ~J
0 0

a~ (0 OJaA aAc -c a (A.45)
a: = ~ = = 0 0

al (am-kc) (am-kc) ill
0 0

o 0

-kc ka

~; = [~ ~J
(am-kc? (am-kc)2

aA, (0 0]aAc bk-al bk-al (A.46)-c a _ = 0 0
am (am-kc)2 (am-kc)2 am

a 2 o 0
-ac

(am-kc)2 (am-kc?

The sensitivity of the estimated glucose consumption rate is given by

a[(A)I,I'0UR ' + (A)1,2-RQ ' -OUR 'J. x
ax (A) -OUR' + (A)I,2 'RQ' ·OUR'

(
aAiJ + RQ ,{aAiJ i1,1

ax ,I ax ,2 'X En} { }i E ~,C,O, X E a,b,c,g,hJ,k,l,m
(A)I,1 + RQ' -(A)I,2

(A.47)

The sensitivity is dependent on RQ' only and independent of the absolute values of OUR' and
CPR'. Best and worst case values are found at minimum and maximum values for Sqe,x' These are
found at the boundaries for RQ' for a given i, or at a point where

(A.48)

changes sign. Another possible "best case" situation occurs, when the quantity defined by (A.47)
passes through zero.
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There is another situation for Il'VX because of the tenn - ms/a..

{(A)2.1 OUR' + (A)2,2 'RQ "OUR' - n;:.vx]
SIJ..x = dx

x

(A)2.1 'OUR' + (A)2,2 -RQ' OUR' - ~·vx
a.

(dA.J ,{dA.J_' +RQ_'
dx 2.1 dx 2;l 'OUR ' .x

OUR' o(Ai\.1 + OUR' 'RQ 'o(A)2,2 - .!!!!... ,vx
a.

A.ll

(A.49)

(aA;J ,{dA.J_ +RQ_'
dX 2,1 dx 2,2__~--=- ~~""::""--::-:==--'x

ms VX
(A)2,1 + RQ' o(A)2,2 - - .---:

a. OUR'

i E {p,c,O }, X E {a,b,c,g,hj,k,l,m }

A candidate for the location of the extreme value for SI',x is a point in which

(aA.J (aA.J (dA.J ms vx-' o(A)2,1 - -' o(A)2,2 - __" '-'---,
dSI'.x _ dX 2,2 dX 2,1 ax 2,2 a. OUR......:...---':....-........__~_.:..- ---'---'~--::::-:-- 'x

dRQ ' - r(A.)2 1 + RQ ' o(A .)2,2 - !!:!...' VX J2l ' , 'a OUR'

(A,50)

changes sign. When there is no ethanol consumtion nor prodduction, both RQ' and OUR'NX are
constant, so there is only one sensitivity value. During ethanol production, RQ' varies and OUR' is
constant. The range in which RQ' varies is thus, that (A.50) does not change sign. For ethanol
consumption, both RQ' and OUR' vary. Now the denominators of (A.49) and (A.50) pass through
zero, giving worst case sensitivity values of 00.

Using the calculated values of the sensitivities of the stoichiometric constants of appendix D.l the
following sensitivity values can be calculated:
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Table A.2 Sensitivity of the glucose consumption rate.

Appendix

Ethanol production Ethanol consumption Otherwise

Worst case Best case Worst case Best case

nx 0.06 0.06 0.16 0.16 -0.13

ox 0.10 0.06 0.27 0.27 -0.21

hx -0.18 -0.12 -0.48 -0.48 0.38

Ygxl 1.51 0.94 1.42 1.42 1.66

Ygx2 0 0 0 0 0

Yes -0.37 0 0 0 0

Yex 0 0 00 0 0

Table A.3 Sensitivity of the biomass growth rate.

Ethanol production Ethanol consumption Otherwise

Worst case Best case Worst case Best case

nx -0.22 -0.21 00 0 -0.13

ox -0.37 -0.35 00 0 -0.21

hx 0.67 0.63 00 0 0.38

Ygxl 2.74 2.59 00 0 1.66

Ygx2 -0.01 0 0 0 0

Yes -0.16 0 0 0 0

Yex 0 0 00 0 0
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Table A.4 Sensitivity of the ethanol production rate.

Ethanol production Ethanol consumption

Worst case Best case Worst case Best case

nx 00 a -64 a
ox 00 a -108 a
hx -00 a 194 a

Ygxl -00 a 55 a
Ygx2 a a a a
Yes -1 -1 a a
Yex a a 3.17 3.17

A.13
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Appendix E. Additional calculations for the estimate of the amounts, concer
ning offsets on the measurements.

We assume offsets on the measurements of the OUR and CPR:

OUR""as = OUR lTue + !!J.OUR
(A.51)

For ethanol production these offsets can be transferred to offsets in the different growth rates using
the fonnulations of the rates in equations (A,34)-(A,36), neglecting the maintenance effect:

h-c 1

ah 7i

(&QVXJ bh-gc • (!!J.OUR)!!J.~VX = g

!!J.q.VX ah 7i !!J.CPR

_jc j
ah 7i

In case of ethanol consumption:

m k
am-kc am-kc

(&Q VXJ bm-lc bk-la .rOUR
)!!J.~VX =

!!J.q.VX am-kc am-kc !!J.CPR

c a
am-kc am-kc

In case no ethanol is consumed nor produced

1 1

(~VXJ
2a 2c

!!J.~VX = b b • (!!J.OUR)
!!J.q.VX 2a 2c

!!J.CPR

0 0

(A.52)

(A.53)

(A.54)

If we assume the offset on the rates constant the following fannulas for the effect of the amounts
estimates to this offset can be derived as a function of time k (t=k-T,) (where !!J.VXt1X is the offset
on !!J.VX only due to the offset !!J.x.) :
- for the ethanol amount estimate:

!!J.VE. fk) = T!!J.q VX'~' (1 + (1.5K-l)(1_K)1) lifK:t:O
uq.VX' s. K (A.55)

if K=O

(A.56)
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The ethanol amount estimates wil drift away from their true values when there is no additional
ethanol measurement. If the additional ethanol measurement is available, the ethanol amount won't
drift away from the true value (independent on the offsets on the measurements of the OUR and
CPR) because of the fIltering that is done.

- for the biomass amount estimate:

(A.57)

(A.58)

Assuming a constant offset on the estimates of the growth rates, the estimation of the biomass
amount will drift away from its true value.

- for the glucose amount estimate

~vs (k) = -k·T ~q VX
6Q.V'}(' s s

(A.59)

(A.60)

The same effect as for the biomass amount estimate accounts for the glucose amount estimate. The
estimate of the amount of glucose, if this amount can be estimated well at all, will drift away from
the true value.
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