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INTRODUCTION

A process, which employs microorganisms, animal cells and/or plant cells for the
production of materials, is a bioprocess. Most biotechnical products are produced by
fermentation. In fermentation, the products are formed by catalysts that catalyse their
own synthesis. Enzymes are biological catalysts and are produced as secondary
metabolites of enzyme fermentation.
There are many aspects that complicate the modelling of the bioprocesses. A
fermentation process has both nonlinear and dynamic properties. The metabolic processes
of the microorganisms are very complicated and cannot be modelled precisely. Because
of these reasons, traditional modelling methods fail to model bioprocesses accurately.
The modelling is further complicated because the fermentation runs are usually quite
short and large differences exist between different runs.
The purpose of this work was to create a model for prediction of dissolved oxygen
concentration, oxygen transfer rate and carbon dioxide concentration. Earlier different
modelling methods were compared and the method of linguistic equations was concluded
to be the best method for this purpose /21/. Dynamic models were constructed based on
these steady state models.
This work is a part of INTBIO – Intelligent Methods in the Analysis and Control of
Bioprocesses research project, which is financially supported by Tekes, Genencor
International and Hartwall. The goal of the project is to develop new measurements and
soft sensors to aid the optimisation and control of the fed-batch fermentation process.
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2

FERMENTATION

Fermentations can be operated in batch, fed-batch or continuous reactors. In batch reactor
all components, except gaseous substrates such as oxygen, pH-controlling substances and
antifoaming agents, are placed in the reactor in the beginning of the fermentation. During
process there is no input nor output flows. In fed-batch process, nothing is removed from
the reactor during the process, but one substrate component is added in order to control
the reaction rate by its concentration. There are both input and output flows in a
continuous process, but the reaction volume is kept constant. /1/

2.1

Cells

Every cell in nature has a finite lifetime and in order to maintain the species the
continuous growth of the organisms is needed. A bacterial cell is able to duplicate itself.
The duplication process is quite complicated and includes as many as 2000 different
chemical reactions. The generation time, that is the time needed for the cells to double the
mass or the number of the cells, depends on the number of factors, both nutritional and
genetic. For Escherichia coli in ideal conditions the doubling time can be as short as 20
min, but usually it takes a longer time. /2/
To be able to live, reproduce and make products, a cell must obtain nutrients from its
surroundings. Heterotrophic microorganisms, which include most of the bacteria, require
an organic compound as the carbon source. A cell can use either light or chemicals as its
energy source. A chemotroph obtains energy by breaking high-energy bonds of
chemicals. Most organisms that are used in industrial processes are chemoheterotrophs,
i.e., organisms that use an organic carbon source and a chemical source of energy. /3/
A view of a cell as an open system is presented in Figure 1. A cell produces more cells,
chemical products and heat from chemical substrates. A cell requires many different
kinds of substrates to function. In most cases carbon is supplied as sugar or some other
carbohydrate. Glucose is often used. In aerobic processes oxygen is a vital component.
Oxygen can be fed into the process by continuous aeration. The most common source of
nitrogen is ammonia or an ammonium salt. In some cases the growth rate of the
organisms increases if amino acids are supplied. Required amounts of hydrogen can be
derived from water and organic substrates. Other compounds that are needed for growth
include P, S, K, Mg and trace elements, which are added in the growth media as
inorganic salts. /1/
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Figure 1. A view of a cell as an open system /3/.
When microorganisms are grown in a batch reactor certain phases of growth can be
detected. A typical growth characteristic is shown in Figure 2. The appearance and the
length of each phase depend on the type of organisms and the environmental conditions.
/3/

Figure 2. Growth phases in a batch process /3/.
The first phase in the growth, where the growth rate stays almost constant, is the lag
phase. The lag phase is caused for many reasons. For example, when the cells are placed
in fresh medium, they might have to adapt to it or adjust the medium before they can
begin to use it for growth. Another reason for the lag phase might be that the inoculum is
composed partly of dead or inactive cells /1/. If a medium consists of several carbon
sources, several lag phases might appear. This phenomenon is called diauxic growth.
Microorganisms usually use just one substrate at a time and a new lag phase really results
when the cells adapt to use the new substrate. /3/
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When a substrate begins to limit the growth rate the phase of the declining growth begins.
The growth rate slows down until it reaches zero and the stationary phase begins. In the
stationary phase the number of the cells remains practically constant, but the phase is
important because many products are only produced during it. The last phase is called the
death phase. During the death phase the cells begin to lyse and the growth rate decreases.
/3/
The microorganisms can be divided into many groups depending of their need for
oxygen. Although there are several groups, two main classes can be distinguished –
aerobes and anaerobes. Organisms that cannot use oxygen are called anaerobes. They
lack the respiratory system. Aerobes are capable of using oxygen and in many aerobic
processes extensive aeration is required. /2/ The cells can usually use only waterdissolved substrates. Because of the limited solubility of oxygen into water, oxygen
transfer can become a problem in the aerobic processes. The gas transfer from oxygen
bubble into the cell includes many resistances, characterised by mass transfer constants.
The most significant resistance in a well-stirred reactor is the diffusion through the
stagnant liquid layer surrounding the air bubble.
Aeration is an important design parameter in the bioreactors and by its efficient control
the overall productivity of the process can be increased. Product’s requirements of
oxygen depend on the energetics of the pathway leading to the product. Because the
oxygen uptake is linked to the cellular metabolism, the oxygen dynamics reflect the
changes in the environmental conditions. The rate of change of dissolved oxygen
concentration is about 10 times faster than the cell mass or substrate concentrations. /4/

2.2

Enzyme production

Since 1980’s a large increase has occurred in the range of commercial fermented
products, particularly secondary metabolites and recombinant proteins. In the past, only
the fermentation of extracellular enzymes, such as amylases and proteases, was
industrially possible. The release of intracellular enzymes has become possible by largescale mechanical techniques. Also chemical or physical methods can be used in the cell
disintegration. /1/ Recombinant organisms will likely be used for producing a large
proportion of enzymes in the future, because this approach enables the production of
many different enzymes in substantial quantities and minimizes the production costs by
using a small number of host/vector systems /5/. In many cases only low levels of protein
can be produced by natural hosts. Systems, which have the gene of interest cloned and
inserted in the expression vector, have been developed to achieve the abundant
expression of the functional protein /6/.
The active form of an enzyme is a folded globular structure. If enzymes are subjected to
stress, either in vitro or in vivo, they might unfold partially or completely. The stress can
be provided by denaturants, high (or low) temperature or ionic composition of medium.
When protein is overproduced in a recombinant microorganism, the local concentration
of protein is raised and aggregation may occur. Denatured proteins may form bodies that
cannot be recovered. /7/
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2.3

Fed-batch fermentation

Fed-batch reactors are widely used in industrial applications because they combine the
advantages from both batch and continuous processes. Figure 3 presents biomass
concentration as the function of time in a typical fed-batch process. Process is at first
started as a batch process, but it is exhibited from reaching the steady state by starting
substrate feed once the initial glucose is consumed. The fermentation is continued at a
certain growth rate until some practical limitation inhibits the cell growth. /1/

Figure 3. Biomass vs. time in a fed-batch process /1/.
The inlet substrate feed should be as concentrated as possible to minimize dilution and to
avoid process limitation caused by the reactor size. In a fed-batch process the dilution
rate means the components rate of dilution because of the volume increase caused by the
inlet feed. The main advantages of the fed-batch operation are the possibilities to control
both reaction rate and metabolic reactions by substrate feeding rate. The limitations
caused by oxygen transfer and cooling can be avoided by controlling the reaction rate. /1/
In industrial fermentation systems, consistent operation is achieved by manual
monitoring and control by process operators. The operators detect potential problems and
make necessary modifications to the process based on their experience and knowledge of
the process together with the information provided by supervisory control systems /8/.
Because the models for model-based control are rare, fermentation processes are usually
run with a predetermined feed profile /9,10/
A typical operation procedure is presented in /9/. The fermentation is started with a small
amount of biomass and substrate in the fermenter. The substrate feed is started when
most of the initially added substrate has been consumed. This procedure enables the
maintaining of a low substrate concentration during fermentation, which is necessary for
achieving a high product formation rate. The growth rate can be controlled by the
substrate concentration to avoid catabolite repression and sugar-overflow metabolism /1/.
The sugar-overflow metabolism, or glucose effect, occurs when glucose concentration
exceeds a critical value and leads to excretion of partially oxidized products, such as
acetic acid and ethanol. Most microorganisms exhibit some kind of overflow metabolism
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and that is often detrimental to the process. Catabolite repression is a repression of the
respiration on the enzyme synthesis level. It occurs during the long-term exposure of the
cell to the high glucose concentration. /1/
Different types of substrate limitations can be used in the fed-batch processes. The
repression of the growth rate can be achieved for example by sugar, nitrogen or
phosphate sources. If no reaction rate control is used, and the cells are growing
exponentially, the reaction will eventually be limited by oxygen or by heat. The
metabolism control with the fed-batch process is useful also for the production of the
secondary metabolites such as antibiotics, because the synthesis of them is repressed
during the unrestricted growth. /1/
While in continuous fermentation the key variables are held constant, in fed-batch
technique almost every key variable is changing as the process progresses. In order to
give the best possible growing conditions the pH and temperature levels are usually kept
constant /9/. The fermentation systems are very sensitive to abnormal changes in
operating conditions. The performance of fermentation depends greatly on the ability to
keep the system operating smoothly /11/. A smoothly operated process is likely to be
more productive than one that is subjected to significant disturbances /8/.

2.3

Measurements

Instrumentation of the bioprocesses differs from that of a standard chemical reaction.
Advantages of the bioprocesses are that they are quite stable and many variables change
slowly over time. One of the challenges is that all the instruments inside the reactor must
be absolutely sterile. The biggest problem in the instrumentation of a bioprocess is that
there are no suitable sensors for on-line measurements of many important process
parameters. For example, reliable measurement of the biomass or the glucose
concentrations is not yet possible. /12,1/

Figure 4. On-line measurements in bioreactor /1/.
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Data acquisition of key fermentation variables is difficult due to the lack of reliable
sensors for on-line measurements of biomass, substrate, and product concentrations. In
recent years attention has been focused on the development of so-called “software
sensors” /13/. A software sensor provides on-line estimates of unmeasurable variables,
model parameters or helps to overcome measurement delays by using on-line
measurements of some process variables and an estimation algorithm /14/.
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3

MODELLING METHODS

Batch bioprocesses are difficult to model due to many aspects. The fermentation runs are
short and large batch-to-batch differences exist in process conditions /9/. Modelling is
further complicated because of bioprocesses’ strong nonlinearity, dynamic behaviour,
lack of complete understanding and unpredictable disturbances from their external
environment. The data sets obtained from process are in practice specific sets obtained
through different process performances because usually one or more substantial physical
parameters, such as dissolved oxygen (DO), temperature or pH are maintained on the
distinct level /15/. The optimal values of parameters, such as pH, temperature and DO
might not be the same for the growth phase and metabolite production phase in secondary
metabolite production /16/.
The models can be used for on-line fault diagnosis or for prediction of the product
concentration /9/. The ability to control bioprocesses is of great interest, because it allows
reduction of production costs and the increase of yield while maintaining the quality of
the metabolic products /14/.
Most simple mathematical models are unable to describe the behaviour of the bioprocess
well /10/. The predictive ability of conventional fermentation process models is quite
limited /17/.

3.1

The method of linguistic equations

The linguistic equation models are made up of two parts. The linear equations handle the
interactions and the membership definitions take the nonlinearities into account. An
example of membership definitions is presented in Figure 5.

Figure 5. Membership definitions.
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In the beginning of the modelling, the membership definitions and the feasible ranges
must first be defined. They can be generated directly from the data or be defined
manually. Expert knowledge can be used when defining the feasible ranges of the
variables. The feasible range of a variable is defined as a membership function. The range
of values a variable has is called the support area, and the main area of operation is called
the core area. The corner parameters can be extracted from data or they can be defined by
using expert knowledge. These parameters are made to equal linguistic values –2, -1, 1
and 2. The centre point is defined and it is given a linguistic value of 0. The centre point
can be defined by some defuzzifying method or by using expert knowledge. /18/
The LE models can be used in any direction because the system is linearised by the
nonlinear membership definition (NLMD) /19/. The NLMD consists of two
monotonously increasing second-order polynomials, which are connected at the zero of
linguistic variable. The NLMD transforms the real value of the input variable into a
linguistic value in the range of [-2 +2]. The conversion (linguistification) is made by the
following equation:
ì
2 _ if _ xij (k ) ³ xijhl (k )
ï
ï
ï - b + b 2 - 4 ´ a ´ (c - x (k ))
ij
ij
ij
ij
ïï ij
lv xij (k ) = í
2 ´ aij
ï
ï
ï
- 2 _ if _ xij (k ) £ xijll
ï
ïî

(1)

where aij, bij are constants obtained from polynomials,
cij is the real value of the variable, which corresponds to the LV 0, and
xll, xhl are the real values of the variable that correspond to the linguistic values of
–2 and 2.
The linguistic value of the model output can be transformed (delinguistificated) to the
real value by equation:
rv= yi (k ) = ai ´ lv y i (k ) + bi ´ lv y i (k ) + ci
2

(2)

The linguistic relations can be displayed as an equation /19/:

åA
m

ij

Xj =0

j =1

where Xj is the linguistic level for the variable j, j=1…m, and
Aij is the direction of interaction, Aij Î {-1, 0, 1}.

(3)
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When converting linguistic relations into equation form, linguistic values very low, low,
normal, high, and very high are replaced by numbers –2, -1, 0, 1 and 2 indicating the
linguistic level X.

3.2

Dynamic simulation

Dynamic fuzzy modelling can be performed based on state-space modelling, input-output
modelling or semi-mechanistic modelling. Input-output models are often used when
models are built from data. The most common structure for input-output models is the
NARX (Nonlinear AutoRegressive with eXogenous input) model, which establishes a
relation between the collection of the past input-output data and the predicted output /20/:
y (k+1) = F (y (k),…, y (k-n+1), u (k), …, u (k-m+1))

(4)

where, k is discrete time sample, and
n, m are integers.
The basic form of the linguistic equation is a static mapping in the same way as the fuzzy
systems and the neural networks, and therefore dynamic models include several inputs
and outputs originating from a single variable. External models provide the dynamic
properties. Since nonlinearities are taken into account by membership definitions, rather
simple input-output models can be used. In these models the old value of the simulated
variable and the current value of the control variable are used as inputs and the new value
of the simulated variable as an output. In dynamic modelling of the linguistic equations,
either single model or multimodel approach can be used, depending on the process. /19/
A multimodel approach is presented in Appendix 1 and a dynamic model for dissolved
oxygen concentration (DO) in Appendix 2. The dynamic model in Appendix 2 can be
presented by equation 5.
æé
æ
æ 1
p k = ò ç êå rvç å A × lv xij (k ) × ç çê
ç a
ç
è ij
è
èë

ù ö
öö
÷ ÷ - p k -1 ú × w ÷ dt
÷÷
úû ÷ø
øø

(5)

where, pk is the prediction
rv is the real (delinguistificated) value ,and
w is the weighting factor of a submodel.
Ode 45 (ordinary differential equation) solver was used in the integration. It is based on
Runge-Kutta formula. Ode 45 is a one step solver – it needs only the solution at y(tn-1) to
calculate y(tn). /21/
A single model approach can be used in dynamic simulation if one set of membership
definitions is able to describe the whole process. In small models, all the interactions are
in a single equation. For larger models, a set of equations is needed, where each equation
describes an interaction between two to four variables.
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When one set of membership definitions cannot describe the system sufficiently, because
of very strong nonlinearities, a multimodel approach can be used. This approach is able to
combine specialized fuzzy LE submodels, which can have different equations and delays.
A separate working point model defines the working area. If n working areas and m
subareas has been defined, n´m submodels can be included in the model. The outputs of
the submodels are aggregated by taking a weighted average of them. The working point
model defines the degree of membership of each model, which equals the weight of the
submodel. /19/
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4

MODELLING EXPERIMENTS

The purpose of the experiments was to model the key parameters of fed-batch enzyme
fermentation. A dynamic model for the prediction of the dissolved oxygen concentration,
the concentration of carbon dioxide in the exhaust gas and the oxygen transfer rate was
constructed. Different modelling methods were compared earlier and it was concluded
that dynamic models were successful only when they were based on the linguistic
equations models /22/. Other methods tested were the fuzzy modelling and artificial
neural networks. Five different neural network types were tested. These types were
perceptron, linear, feedforward, radial basis function and self-organizing networks. Also
Takagi-Sugeno type fuzzy models created by using subtractive clustering were tested.
Dynamic models can be used for control design and control of a process /23/. The data
for modelling was obtained from an industrial fed-batch fermenter at the Genencor
International plant in Hanko.
A part of the measurements were ignored from the modelling data because they were not
suitable for it. Some variables remained constant during the whole process and some did
not affect the course of the process. The number of variables for modelling was reduced
to 51. After modifications required by the modelling program, the final size of the
training data was around [438x59]. The number of rows in each data set varied according
to the length of the fermentation. The training data set included data from seven different
fermentations. The models were tested using a number of different test data, not included
in the training data set.
Pre-processing of data was performed by the FuzzEqu Toolbox. By taking moving
averages of the measured values the noise in the data was filtered when necessary. The
variables for each model were mainly chosen based on correlation analysis performed
using Microsoft ExcelÒ 2000. The correlation value measures the linear dependence
between two variables. The dependence is significant when the correlation is near 1 /23/.
Variables that could be used for control were preferred when choosing the input variables
of the model. These variables include mixing, aeration, substrate feed rate etc.
Different phases can be distinguished from the process and during these phases different
variables affect the output variable. Because of this, it is reasonable to create different
submodels for each phase in the fermentation process. The first phase, lag phase, starts at
the beginning of the fermentation and lasts until the substrate feeding has begun. After
the lag phase the model switches to the exponential growth phase. The phase of the
exponential growth lasts until the substrate feeding is made constant. The last phase is
called steady state and during it, the substrate feed is constant. The product is mainly
produced during the steady state phase. In the models developed during this work, the
typical number of data points is around 45 for the lag phase, 150 for the exponential
phase and 200 for the steady state. The exact number of data points varies between
different fermentations. A fuzzy decision system chooses the submodel, which suits best
for each situation. The decision system chooses the submodel based on measurements
from the process.
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The models were tested with data. The fitness of a model can be estimated by examining
the correlation, R, relative error, fuzziness distribution, fuzziness and the model surfaces.
The FuzzEqu program also draws the acquired model in the same chart with data where
they can be visually compared. The value of correlation varies between 0 and 1, where 1
means that the model fits the data perfectly. Model was assumed to be good if the
correlation was near 1. Fuzziness shows how well the equations represent the data. If
there are large deviations from zero, it indicates that other variables affect the process
than is included in the model. The fuzziness of the equations should be close to zero.
Model surfaces are presented in Figure 6. They are important for examining the
directions of interactions. The model surfaces should be quite smoothly changing.

Figure 6. Model surfaces.

Dynamic modelling was performed starting from simulating steady-state models with the
Matlab-SimulinkÒ program. Steady-state models had a NARX (Nonlinear
AutoRegressive with eXogenous input) structure; such that the output of the model was
one-step ahead the inputs. The quality of modelling can be tested by simulation /24/.
The model for the prediction of the dissolved oxygen concentration (DO) is presented in
APPENDIX 1. Predicted values of carbon dioxide and the oxygen transfer rate (OTR) are
used in the dissolved oxygen model. Also the value of KLa (the volumetric oxygen
transfer coefficient) is calculated based on the prediction of the oxygen transfer rate and
the predicted value of dissolved oxygen.
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In the dynamic model (APPENDIX 2), input data is converted to linguistic values in the
subsystem of the model. The linguistic values of the inputs and the calculated value of
output are weighted according to the parameters of the model and summed. The sum is
multiplied by a parameter and delinguistified. The calculated variable is reduced from the
result as seen in Figure 7. A new value for the output variable is obtained by integration.
The integration term handles the dynamic effects of the model. The calculated new value
and the training data are shown in the same display. The results can be examined visually
from the display, or the correlation and the error of the dynamic model can be calculated
using the FuzzEqu Toolbox.
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5
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3
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4

Out1

0.1
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11

9
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Figure 7. The linguistic equations approach in the dynamic model.
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The fuzzy decision system that chooses the submodel to be used is presented in Figure 8.
The model chooses the submodel based on the measurements made of time, the oxygen
transfer rate and the glucose feed rate. The system gives a weighting factor (w) for each
submodel, which is used to decide in which level its result is used. For example in the
beginning of the fermentation the first submodel, lag phase, is given a weight of one, and
the other two submodels have the weight of zero.
0

Clock

2
Out2

[time,simin(:,6)]

[time,simin(:,30)]

MATLAB
Function

Fuzzy Logic
Controller

1
Out1

0.35

0.45
0.5

0.7

Figure 8. Fuzzy decision system for the selection of the submodel.
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5

RESULTS

Models for the dissolved oxygen concentration, the oxygen transfer rate and the
concentration of carbon dioxide in the exhaust gas were constructed. All the variables
required specialized submodels for each growth phase. The variables used as inputs to the
models include the mixing power, the VVM (volumes of air per volume of liquid per
minute), the glucose feed rate, backpressure, and the kLa (the volumetric oxygen transfer
coefficient).
First, steady state models for all three variables were made using the linguistic equations
approach. An example of the testing of the models is presented in Figure 9. Correlation of
the model is 0.98 and the relative error 0.07. With another set of testdata the correlation
was 0.98 and the relative error 0.06. Similar results were obtained with all the steady state
models used in the simulation model.

Figure 9. Testing, error and fuzziness of dissolved oxygen concentration model of
exponential growth phase.

Figure 10 presents the weights of the submodels obtained from the fuzzy decision system.
The first submodel, lag phase, is presented by the yellow line. The second phase is
presented by the purple, and the third phase by blue line. The change from one phase to
another is quite fast.
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steady-state

exponential
phase

lag phase

Figure 10. The weighting factors of different submodels.

In Figure 11, the estimation of the dissolved oxygen concentration is presented. In this
model, the estimates of the oxygen transfer rate and the concentration of the carbon
dioxide are used as inputs. The same timescale is used in all the Figures 10-13.

estimation

data

Figure 11. The estimation of dissolved oxygen concentration. The model is displayed by
the yellow line and the training data by the purple line.

18
In Figure 12 the estimation of the concentration of the carbon dioxide is presented.

estimation

data

Figure 12. The estimation of the concentration of carbon dioxide in the exhaust gas. The
model is displayed by the yellow line and the training data by the purple line.

The estimation of the oxygen transfer rate can be seen in the Figure 13. The estimate of
the carbon dioxide concentration is used as an input of the model.

data

estimation

Figure 13. The estimation of the oxygen transfer rate. The model is displayed by the
yellow line and the training data by the purple line.
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6

DISCUSSION AND CONCLUSIONS

The results of the modelling were quite expected. The dynamic modelling proved to be a
hard test for the performance of the model. The simulation results of the dynamic models
for dissolved oxygen concentration, oxygen transfer rate and carbon dioxide
concentration were good. The lag phase was most difficult to model. However, during the
lag phase the concentration of dissolved oxygen in the fermentation broth is usually high
and the prediction of it is not critical information. The linguistic equations method
appears to be a suitable method for modelling of fermentation processes. These processes
have been found too complicated for physical modelling /25/. Also linear models
(Multiple Linear Regression (MLR), Principal Component Regression (PCR), Partial
Least Squares (PLS) and Auto-Regressive Moving Average with eXogenous inputs
(ARMAX)) have been applied to modelling of industrial fermentation process /26/ but
their performance was not adequate enough. Artificial neural networks and NARMAX
(Non-linear ARMAX) showed better performance.
The important factors in the success of the modelling were the choice of the input
variables, the choice of the model type and structure and the choice of training data. The
training data should contain enough data so that it can represent different batches. The
results of the modelling can improve with the number of data runs employed for training.
/20/ Large differences exist between different fermentation runs because the variations in
the feeding strategy, metabolic state of the cells and the amount of oxygen available.
Even if the process conditions were kept same in every fermentation, the organisms
would behave differently every time.
The choice of the input variables was difficult. Different variables affect the output
variables in the different phases of the process. All the influences of the variables could
not be examined because the data was obtained from an industrial fermenter and part of
the variables were controlled to remain constant. The data based modelling methods
require changes in the data to be able to model it. The controllable variables were
preferred as inputs and these include mixing, aeration, feed rate, pressure, temperature
and cooling power. The variables used in the models include the amount of carbon
dioxide in the exhaust gas, the mixing power, the glucose feed rate, the oxygen transfer
rate, the dissolved oxygen concentration, the volumetric oxygen transfer coefficient, the
position of the pressure valve and the VVM. The choice of the variables was quite similar
to the choice of the modelling variables in the literature.
The concentration of the carbon dioxide in the exhaust gas is an important variable in
fermentation process because the production of carbon dioxide is in proportion to the
amount of consumed sugar /27/. The variations in the agitation speed can cause changes
in oxygen transfer rate and an increase in it can cause an increase on production and yield
of lipase enzyme /27/. In /29/ it is stated that the tension of dissolved oxygen was an
important variable in secondary metabolite production and remarkable impacts in
production yields can be achieved by affecting this parameter by changes in aeration,
agitation system and stirrer speed. The volumetric mass transfer coefficient, kLa, is also
an important process variable because it can be used to find the relationship between
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OTR and enzyme production /28/ and it can be used in the control of dissolved oxygen
tension /30/. The oxygen requirements of the bacteria differ at different fermentation
stages /31/. By choosing a proper dissolved oxygen tension a product formation can be
achieved without wasting the energy source.
The dynamic models presented in this work are used to predict the dissolved oxygen
concentration, oxygen transfer rate and carbon dioxide concentration. The models are
now in on-line testing. The predictions enable better operation of the process because
necessary control operations can be made earlier. In the future, fault-diagnosis system is
going to be developed based on the models. The models can be updated when new data is
available.
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