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Abstract: This paper presents the advanced control theory’s original utilisation to realise a system
that controls the fermentation process in batch bioreactors. Proper fermentation control is essential
for quality fermentation products and the economical operation of bioreactors. Batch bioreactors
are very popular due to their simple construction. However, this simplicity presents limitations in
implementing control systems that would ensure a controlled fermentation process. Batch bioreactors
do not allow the inflow/outflow of substances during operation. Therefore, we have developed a
control system based on a stirrer drive instead of material flow. The newly developed control system
ensures tracking of the fermentation product time course to the reference trajectory by changing
the stirrer’s speed. Firstly, the paper presents the derivation of the enhanced mathematical model
suitable for developing a control system. A linearisation and eigenvalue analysis of this model
were made. Due to the time-consuming determination of the fermentation model and the variation
of the controlled plant during operation, the use of adaptive control is advantageous. Secondly,
a comparison of different adaptive approaches was made. The model reference adaptive control
was selected on this basis. The control theory is presented, and the control realisation described.
Experimental results obtained with the laboratory batch bioreactor confirm the advantages of the
proposed adaptive approach compared to the conventional PI-control.

Keywords: batch bioreactor; fermentation; modelling; eigenvalue analysis; model reference adaptive
control; control practice

1. Introduction

1.1. Current State and Motivation

Recently, there has been an explosive growth in the research, development, and sales of new
products based on Bioprocess Engineering. Bioprocessing is an essential part of many food, chemical,
and pharmaceutical industries. Bioprocess operations make use of microbial, animal and plant
cells and components of cells such as enzymes to manufacture new products and destroy harmful
waste [1]. Bioprocess Engineering’s central problems derive from a lack of knowledge concerning the
intrinsic behaviour of cells and proteins, non-linear dynamic behaviour, and time-variant features [2].
With globalisation, market competitiveness, and environmental concerns, a real need has appeared for
high-quality products, low cost, and low emission of pollutants. This is the main reason for the recent
advance in the research of new methodologies and conceptions about bioprocess development and
bioprocess control in all areas.

The primary bioprocess used for application in several biotechnology branches is the fermentation
process. Industrial fermentation is executed mainly in bioreactors. Regarding the feeding strategy,
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the bioreactors can be classified as continuous-, batch-, or fed-batch bioreactors [3]. Most industrial
bioreactors operate in batch or fed-batch mode to allow more efficient media utilisation and to avoid
sterility problems caused by continuous liquid removal.

Despite frequently encountered open-loop strategies in the industrial usage of bioreactors,
the common difficulty of these techniques is that no compensation is made for random disturbances
during the process operation. For optimal production in bioreactors, the growth of microorganisms
should be controlled for optimal production in bioreactors. Control can be realised in bioreactors
of different types by changing the input variables, such as respiration, fermentation temperature,
substrate concentration, nutrient flow rates, pH value, and stirrer speed. Reliable and accurate on-line
sensors that allow real-time monitoring of the process state and control realisation are only available
for some of a bioreactor’s variables, such as temperature, pH, O2, and γ [4]. Therefore, one or more of
these variables are chosen as the output variables, which are regulated according to defined set-points,
or tracked to reference trajectories. Bioreactors normally include a measurement system for inlet gas
flow rate, stirrer speed, temperature, pH, and dissolved oxygen. In most cases, dissolved oxygen is
monitored, as one of the significant parameters in an aerobic fermentation process. Its control is difficult
to achieve, due to variations in process dynamics during both batch and fed-batch processes [5].

Recent advances in accurate on-line measurement technology have resulted in model-based
control strategies that offer the potential for improved bioreactor performance.

For each microorganism and target product, there exists an optimal physiological state or trajectory,
where the target product is produced at the maximum quantity and at a satisfactory quality. The goal
of the control is to maintain the biochemical processes at that optimal state during the fermentation
process [6]. Sometimes, the optimal trajectory approaches the critical one, which is unstable, making it
difficult to control.

It is extremely important to incorporate mathematical descriptions or dynamics of specific
biochemical processes in monitoring and control algorithms [7]. The complexity of the underlying
biochemical processes varies in an unpredictable manner. Additionally, process conditions change
continuously due to culture ageing, spontaneous mutations, wall growth, and different external
disturbances. For such systems, accurate process models are rarely available.

For the batch and fed-batch bioreactors, a control objective is to maximise the quantity of the desired
product at the end of the batch and minimise the duration of the fermentation process. This requirement
leads to a dynamic optimisation problem that is often difficult to solve. For continuous fermenters,
productivity can be maximised by optimising steady-state operation conditions, which requires solving
a steady-state optimisation problem.

Of all bioreactors, those that enable only a batch fermentation procedure are the simplest and
cheapest to manufacture and maintain. The reason is their simple mode of operation, which does not
require equipment for the in- or outflow of the substances during operation.

During the operation in a batch bioreactor, no substrate is added to the initial charge, and no
product is removed until the end of the process. When a bioreactor also enables the supply of fresh
input media during the operation, it is classified as a fed-batch reactor. This type of bioreactor is
the most popular, because of its advantage of avoiding substrate overfeeding, which can inhibit the
growth of microorganisms. On the other hand, the process variables are difficult to measure as they are
strongly time-varying. Batch bioreactors are equipped with control systems to regulate temperature or
some other physical/chemical properties, but mostly, they do not have a system that would control
the fermentation process, i.e., the time course of the fermentation product would follow the reference
trajectory. This was the main motivation of our study: to develop a control system that will enable
efficient and undemanding control of fermentation in batch bioreactors. For the realisation of control,
we used the stirrer system, which is the basic equipment of most batch bioreactors.
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1.2. Existing Solutions and Literature Review

Over the last several decades, enormous development has occurred in the area of Automatic
Control [8]. Revelations in Control Theory and progress in the development of equipment for the
realisation of control algorithms have been immense.

However, advanced control algorithms have not yet found a place in modern commercial bioreactor
control systems. Commercial bioreactors are still equipped primarily with simple closed-loop control
systems, or, in many cases, only with open-loop control systems. Regulatory structures based on an
open-loop control strategy are not appropriate for accounting for cell and media variations present
in real industrial cases. The bioreactor should be able to provide an output to specified process
parameter control elements to correct for any deviation in the value of these parameters from the
user-defined set point [9]. Therefore, most bioreactors use feedback control loops, but only with
simple Proportional-Integral-Derivative (PID) controllers to maintain environmental variables (liquid
temperature, dissolved oxygen concentration, and pH) at the required set-points. This simple regulatory
structure is popular, due to simple realisation and the availability of accurate, reliable, and cheap
sensors to measure physiological variables, such as growth rate, cell density, and product concentration.
There are still many variables, however, for which on-line measurements are not available. This is the
reason that many of the key process variables are limited to off-line analysis. Thus, advances in on-line
measurement technology have resulted in model-based control strategies offering the potential for
improved bioreactor performance [10].

On the other hand, there are many academic publications which deal with the application of
advanced control theories for bioreactors’ control. In one review paper [11], the current status of the
efficient control strategies for bioreactor systems is investigated, together with the related areas of sensor
technology, optimisation, and state and parameter estimation. Reference [12] presents the design and
analysis of adaptive and robust-adaptive control strategies for a class of anaerobic wastewater treatment
processes. Sliding and adaptive sliding mode control strategies for a class of nonlinear biotechnological
processes are described [13]. The same technique was also used for the state and parameter estimation
for nonlinear delay systems [14]. Furthermore, for a special type of batch bioreactors, an application
of a fractional order iterative learning controller was described in [15]. The evolution of the physical
structure of bioreactor control systems, together with a discussion about the properties of the novel flat
organisational control system for bioreactors can be found in [16]. Reference [16] has described related
smart sensors and actuators and their application circumstances, with the hope of improving the
efficiency, robustness, and economics of bioprocess control further. Significant progress was also made
in the development of control strategies, novel optimisation algorithms, and software frameworks for
control systems. These topics have been the subject of some reviews, e.g., [17]. Batch-to-batch iterative
learning control of a fed-batch fermentation process using linearised models identified from process
operation data is presented in [18]. Recently, an identification tool used for process modelling has
been reported in [19], and the global stability of continuous bioreactors has been investigated in [20].
While many publications consider control of continuous- and fed-batch bioreactors, a relatively small
number of publications deal with the control of batch bioreactors.

Conventional control techniques and most of the modern control approaches assure good control
behaviour only when the controlled plant structure and parameters are relatively well known, which is
rarely satisfied in real bioreactors. A control system that would ensure optimal performance, even in
the case of an unknown mathematical model of the fermentation process, would be very useful [21].

Following a careful review of published results, by studying and simulating the assessment
of various modern control theories, and considering the known dynamic properties of bioreactors,
a particular theory of adaptive control stands out. It represents conclusively one of the formidable
theories for the development of control systems of bioreactors.

Adaptive control systems are able to adapt themselves with a view to assuring optimal behaviour
of the control system under real circumstances. The development of adaptive systems was especially
intense in the years 1960–1990, when many different adaptive control concepts appeared, some of
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which survived and are still in use with certain additions. Today, we divide most of the adaptive
control systems into three large groups:

• Gain Scheduling Control (GSC), which is actually a link between conventional control and
adaptive control. Because of its transparency and simplicity, gain scheduling is probably the
most widely used non-linear control technique. To use this approach, it is necessary to find
measurable quantities, called scheduling quantities, which correlate well with the process dynamics.
The controller’s parameters are changed through measurement of the scheduling quantities.

• Self-Tuning Control (STC), also known as indirect or explicit adaptive control, consists of three
separate modules: controlled plant parameter identification, tuning of the controller parameters,
and control law realisation. An STC system utilises two information channels: a conventional
control feedback loop, which enables information about controlled plant output to affect controller
output, and an additional “parameters” channel, which facilitates the adaptation of the controller’s
parameters based on the controlled plant parameters’ identification.

• Model Reference Adaptive Control (MRAC), also known as direct or implicit adaptive control,
applies a reference model to specify the performance of a controlled plant. A comparison of the
reference performance index and the real performance index is made directly by comparing the
outputs (or the states) of the reference model and the controlled plant. An MRAC system generates
an additional control signal, so that the response of the controlled plant to the control is close to
that given by the reference model. There are two basic structures of the model reference system,
namely, parallel and series, and two basic implementations of the adaptive approach, namely,
signal synthesis adaptation and parameter adaptation. The most popular MRAC structure is a
parallel configuration with signal synthesis adaptation. Major progress in the field of MRAC
systems was made by Landau [22], where Lyapunov’s stability theory and Popov’s hyper stability
theory were used for designing MRAC systems with guaranteed stability. MRAC is important,
because of its easy implementation and high-speed adaptation. It can be used in a variety of
situations. Due to the listed advantages, we used the MRAC theory to develop a control system
for the control of the fermentation process in a batch bioreactor.

1.3. Case Study

In our study, we focused on the case of milk fermentation. Milk is a liquid foodstuff that
is consumed in large quantities. It contains many nutrients, such as proteins, lactose, minerals,
and vitamins. The composition of milk varies according to its origin and type (e.g., cow, buffalo, sheep,
and goat). Its nutritional value can be increased further by the fermentation process. The final products
can improve digestibility and have health benefits and organoleptic properties [23,24]. Depending on
the microorganisms used in the fermentation process, products consist of yogurt, kefir, sour cream,
kumis, cheese, and many others. During the fermentation, carbon dioxide, acetic acid, diacetyl,
acetaldehyde, ethyl alcohol, and several other substances are formed, and these give the products their
characteristic fresh taste and aroma. There is a great interest in the optimisation of these bioprocesses,
especially because of the unique health effects of fermentation products. For the presentation of the
applicability of adaptive control techniques to control a specific bioprocess, milk fermentation with
kefir grains was considered as a case study.

Traditionally, kefir is produced by inoculating kefir grains, which are a mixture of proteins,
polysaccharides, mesophilic, homofermentative, and heterofermentative lactic acid streptococci,
thermophilic and mesophilic lactobacilli, acetic acid bacteria, and yeast. Fermentation of the milk by
the inoculum proceeds for 24 h, during which time homofermentative lactic acid streptococci grow
rapidly, initially causing a drop in pH. This low pH favours the growth of lactobacilli, but causes the
streptococci number to decline. The presence of yeasts in the mixture, together with the fermentation
temperature (21–23 ◦C), encourages the growth of aroma-producing heterofermentative streptococci.
As fermentation proceeds, the growth of lactic acid bacteria is favoured over the growth of yeasts and
acetic acid bacteria [25].
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Milk fermentation with kefir grains’ propagation is an inherently very complex process because
of the specific nature of the microbial metabolism, as well as the non-linearity of its kinetics. Therefore,
monitoring and control are extremely important to develop models that would be able to provide an
accurate description of the progress of the process.

1.4. Contribution and Paper Structure

The purpose of the work was to find a control approach with a minimum feasible addition to
a batch bioreactor, which would enable a desired yield of fermentation in the shortest time possible.
In this way, after carrying out a review of the majority of advanced control concepts, we selected
the most suitable one and used it. The selected concept of model reference adaptive control was
theoretically dealt with thoroughly in the literature, its stability was proven, and its applications
for various objects give some examples for each. This article represents the first instance of using
this adaptive approach in order to control batch bioreactors. The main contribution of the article
is that we have shown with laboratory experiments that it is possible to control the time course of
fermentation production by changing the stirring speed. The developed adaptive control system also
ensures optimal performance in the case when the mathematical model of the fermentation process
is unknown.

2. Materials and Methods

2.1. Controlled Plant

2.1.1. Basic Information of the Bioreactor, Measurement System, and Fermentation

The control of the fermentation process was studied on the batch bioreactor RC1e from
Mettler Toledo (Greifensee, Switzerland) presented in Appendix A in Figure A1. The RC1e is a
computer-controlled laboratory reactor with a working volume of 0.7 L, designed primarily for the
determination of the thermal characteristics of chemical reactions. The bioreactor was equipped
with additional actuators and sensors. Obtained measurements enabled the identification of the
bioreactor’s mathematical model and control of the basic biochemical and physical quantities during
the fermentation process. The stirrer’s drive and the heater could be used to influence the fermentation
process dynamics.

In our case, dissolved CO2 was chosen as a measured output and as a controlled variable.
The SevenMulti Apparatus (Mettler Toledo, Greifensee, Switzerland), equipped with an ISE51B
ion-selective electrode, was used for monitoring the CO2 dynamics in the liquid media. The electrode
was connected to a personal computer, which recorded measurements over a selected time period with
Lab X direct pH 2.3 software.

Kefir grains (40 g) were activated for five successive days, so that they were washed daily with
cold water, and put into 500 mL of fresh pasteurised whole fat milk at room temperature. All the
following fermentations were conducted in an open system. In total, 500 mL of fresh pasteurised
whole fat milk was preheated in the fermenter to the desired temperature, and then inoculated with
40 g of active kefir grains. The fermentations were conducted at the temperature 22 ◦C and at the
stirrer speeds (80 and 100) min−1.

2.1.2. Non-Linear Mathematical Model of a Fermentation Process in a Batch Bioreactor

The appropriate strategy for achieving the control objective depends strongly on the type of
bioreactor, the availability of additional on-line measurements, and the accuracy of the known
mathematical model of the bioreactor. While the continuous bioreactors perform regulation at
an equilibrium point, the batch and fed-batch bioreactors require tracking significant biochemical
quantities to reference trajectories.

The development of the control system for the batch bioreactor is presented in this paper.
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Although in the real dairy industry the pH of the fermentation mixture is usually followed,
for the purpose of our study, we introduced CO2 as one of the bioreaction products, which contributes
significantly to the characteristic flavour of kefir. Because of the presence of CO2, kefir has a
special “sparkling mouth feel”. The amount of CO2 generated during fermentation depends on the
bioprocessing conditions and may change, which is not desirable at the industrial level [26]. Normally,
the content of this gas in kefir is comparatively low compared to other fermented drinks [27].

We assumed that the measured CO2 concentration profile could also be an indicator of the
fermentation progress. Thus, our experiments were focused on CO2 monitoring and control during
the milk fermentation with kefir grains.

There are numerous models of fermentation processes based on different kinetic considerations.
Most of them focus only on the process kinetics, while some are more complicated, and involve
equations for heat transfer, the temperature dependence of kinetic parameters, and oxygen mass
transfer [28]. The basic mathematical models are built mainly of the mass balances for the main
components involved in the fermentation process: biomass, a substrate, and a product. During the
fermentation process, the biomass (i.e., cells or enzymes) changes the substrate to the desired product.
The basic mathematical models describe the global behaviour of a given component, or the effect
of some biochemical reactions involving the component. The concept of specific growth rate is
often used. It consists of modelling various influences on the growth kinetics. Substrate limitation,
the substrate limitation and inhibition, and the substrate limitation and biomass inhibition occur
during the fermentation process. The substrate limitation is included in the Monod and Tessier laws,
substrate limitation and inhibition are considered in the Haldane law, and substrate limitation and
biomass inhibition are defined in Contois law [29].

The consumption and production of major components during the milk fermentation process in a
batch bioreactor can be expressed by a set of non-linear Differential Equations [3,30]:

.
X(t) = µ(S(t)P(t))X(t) (1)

.
S(t) = −µ(S(t), P(t))X(t) (2)

.
P(t) = [α µ(S(t), P(t)) + β]X(t) (3)

where X(t) is the concentration of the cellular biomass, S(t) is the concentration of the growth-limiting
substrate, P(t) is the concentration of the desired product, the parameter α is the inverse of the product
yield associated with cellular growth, the parameter β is the inverse of the growth-independent product
yield, and function µ(S(t), P(t)) denotes the specific growth rate. Although yield coefficients α and β
often vary with environmental conditions, both coefficients are usually treated as constant. The overall
accuracy of the bioreactor model depends strongly on the identification of a growth-rate function that
describes cellular growth adequately over a range of environmental conditions:

µ(S(t), P(t)) =
µm

(
1− P(t)

Pm

)
S(t)

Km + S(t) + (S(t))2

Ki

(4)

where µm is the maximum growth rate, Km is the substrate saturation constant, Ki is the substrate
inhibition constant, and Pm is the product inhibition constant. The function is sufficiently general and
accurate enough to describe many situations of practical interest [3].

The parameters of the mathematical model depend on the characteristics of the batch bioreactor
and on the quantity and quality of the used substances for the fermentation process. The list of typical
parameters of the batch bioreactor and initial values that were used for simulations and model analysis
are presented in Table 1 [31].
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Table 1. Parameters and initial values of the non-linear (autonomous) mathematical model of the
analysed fermentation process in the batch bioreactor [31].

Parameter Value

The substrate inhibition constant Ki = 74.58 g/L
The substrate saturation constant Km = 0.50 g/L
The product inhibition constant Pm = 12.60 g/L

The maximum microorganism’s growth rate µm = 0.45 h−1

The product yield related to microorganism’s growth α = 0.90
The product yield independent of the microorganism’s growth β = 0.001 h−1

The initial value of the concentration of the biomass X(0) = 2.9 g/L
The initial value of the concentration of the substrate S(0) = 9.0 g/L
The initial value of the concentration of the product P(0) = 0.1 g/L

Figure 1 shows the time responses of the growth of the microorganisms, consumption of the
substrate, and yield of the product for the non-linear mathematical model with Equations (1)–(4) and
the parameters and initial values presented in Table 1. As expected during the fermentation process,
the variables that denote microorganisms and product concentration increase, and the substrate
concentration variable decreases.
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Figure 1. Time courses of concentrations of microorganisms, substrate, and product of analysed
fermentation process in batch bioreactor with constant stirrer speed n = 80 min−1, obtained with a
non-linear mathematical model (1)–(4) with the parameters in Table 1.

2.1.3. Linearisation and Eigenvalue Analysis

The majority of adaptive control approaches are derived theoretically for controlled plants,
which are represented by linear models with unknown parameters. The stability of the entire control
system is proved theoreticaly only in the case of a controlled plant described with a linear model
with (unknown) constant parameters. It was found out by numerical calculation that the majority of
adaptive controllers are also successful at controlling processes in which parameters change relatively
slowly, or are even not distinctly non-linear. For this purpose, before laboratory tests, we checked
thoroughly by simulation the characteristics and the behaviour of the analysed non-linear model of the
batch bioreactor.

The analysis of the dynamic characteristics of the fermentation process during the operation
was made by means of the linearisation of the non-linear model (1)–(4) and eigenvalue analysis
of the obtained linearised model. During usual working circumstances, the analysed non-linear
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model operates along the trajectory, which depends on model parameters and initial concentrations
of substances. Small non-zero disturbances lead to small deviations in model state variables.
The behaviour within a certain operating range of a trajectory can be approximated reasonably
by that of a linearised model [32].

The trajectory which follows the presented model parameters and initial values (Table 1) is
denoted with X*(t), S*(t), and P*(t), the actual state-space variables are denoted with X(t), S(t), and P(t),
and the deviations between actual state-space variables and the variables of the linearisation trajectory
are marked with X∆(t), S∆(t), and P∆(t), as defined with Equations (5):

X∆(t) = X(t) −X∗(t)
S∆(t) = S(t) − S∗(t)
P∆(t) = P(t) − P∗(t)

(5)

The non-linear model in Equations (1)–(4) can be rewritten in the form of Equations (6)–(8):

.
X(t) =

µm

(
1− P(t)

Pm

)
S(t)

Km + S(t) + (S(t))2

Ki

X(t) = f1(X(t), S(t), P(t)) (6)

.
S(t) = −

µm

(
1− P(t)

Pm

)
S(t)

Km + S(t) + (S(t))2

Ki

X(t) = f2(X(t), S(t), P(t)) (7)

.
P(t) =

α
µm

(
1− P(t)

Pm

)
S(t)

Km + S(t) + (S(t))2

Ki

+ β

X(t) = f3(X(t), S(t), P(t)) (8)

The linearised model is described with the state-space Equation (9):
.

X∆(t).
S∆(t).
P∆(t)

 = A(t)


X∆(t)
S∆(t)
P∆(t)

 (9)

and its eigenvalues are calculated with the characteristic Equation (10):

det(λI−A(t)) = 0, (10)

where λ denotes eigenvalues and I represents an identity matrix. The system matrix A(t) of the
linearised model of the fermentation process is calculated with partial derivation of the functions
f 1( . . . ) to f 2( . . . ) of the non-linear model (6)–(8) [32]:

A(t) =


∂ f1(X(t),S(t),P(t))

∂X(t)
∂ f1(X(t),S(t),P(t))

∂S(t)
∂ f1(X(t),S(t),P(t))

∂P(t)
∂ f2(X(t),S(t),P(t))

∂X(t)
∂ f2(X(t),S(t),P(t))

∂S(t)
∂ f2(X(t),S(t),P(t))

∂P(t)
∂ f3(X(t),S(t),P(t))

∂X(t)
∂ f3(X(t),S(t),P(t))

∂S(t)
∂ f3(X(t),S(t),P(t))

∂P(t)


(X∗(t),S∗(t),P∗(t))

(11)

The system matrix A(t) is extensive, and is, therefore, shown in Appendix B. Because the
linearisation was made around a trajectory, the system matrix A(t) is time-varying. Analytical solutions
of the characteristic Equation (10) are too complicated and difficult to scan. Much more transparent is
the numerical calculation of the eigenvalues of the system matrix A(t).

In order to gain an insight into the dynamic characteristics of the fermentation processes of the
batch bioreactors, we performed linearisation of the studied third order non-linear model along the
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trajectory. The non-linear model is described with Equations (1)–(4), its parameters are written in
Table 1, and, from this, the trajectory’s state-space variables X*(t), S*(t) and P*(t) were calculated.
They are shown in Figure 1. The eigenvalues were calculated from the determined system matrix A(t)
(B1)–(B4) with the characteristic Equation (10). The system matrix A(t) has three eigenvalues that are
time-varying. The variation of eigenvalues during the entire fermentation process was calculated,
and is presented in Table 2.

Table 2. Eigenvalues of the linearised mathematical model of a non-linear model of the analysed
fermentation process in a batch bioreactor.

t (h) λ1 λ2 λ3

0.0 0 0.00028707 0.30661
0.5 0 0.00038673 0.27507
1.0 0 0.0005365 0.23768
1.5 0 0.00078089 0.19376
2.0 0 0.0012434 0.14263
2.5 0 0.0024656 0.083038
3.0 0 0.0090503 + 0.012248i 0.0090503 − 0.012248i
3.5 0 −0.05743 −0.0044616
4.0 0 −0.16346 −0.0016714
4.5 0 −0.32487 −0.00084529
5.0 0 −0.65823 −0.00037158
5.5 0 −1.4758 −0.00011003
6.0 0 −2.7119 −0.000023361
6.5 0 −3.3547 −5.869 × 10−6

7.0 0 −3.5674 −1.6476 × 10−6

7.5 0 −3.6291 −4.7436 × 10−7

8.0 0 −3.6438 −1.3728 × 10−7

8.5 0 −3.6445 −3.9785 × 10−8

9.0 0 −3.6411 −1.1467 × 10−8

9.5 0 −3.6366 −3.3178 × 10−9

10.0 0 −3.6317 −9.8953 × 10−10

An eigenvalue analysis of the linearised model showed that the variation of the dynamical
characteristics due to the non-linearity of the fermentation process in the batch bioreactor are not
extreme. One eigenvalue was constant, and two eigenvalues were changeable in a small range around
zero. Moreover, the range of parameters and changeable eigenvalues of the time-dependent linearised
model was also relatively small for other analysed non-linear models of batch bioreactors with data
obtained in the references.

2.1.4. Mathematical Model for a Batch Bioreactor with a Changeable Stirrer Speed

Almost all known mathematical models of batch bioreactors (also this one, presented with
Equations (1)–(4)) represent a bioreactor as an autonomous system. They describe only the time
responses of the bioreactor’s media concentration on different initial conditions.

These models are not convenient for the design of the bioreactor’s control system, because they
do not express the influence of the possible control variables (the stirrer’s drive speed or the heater’s
temperature) on the bioreactor’s controlled variables (concentrations of biomass, substrate, and product).
Until now, there have only been a few publications available wherein the influence of the heat
(temperature) and mechanical work (stirrer’s speed) were studied on the bioprocess’s dynamics.

An original approach based on experimental analysis and theoretical insight used for modelling
the bioreactor’s product release has been published in [26,33]. In these papers, the bioreactor’s response
to different heater temperatures and stirrer speed variations was investigated in different phases of the
fermentation process. The observed bioreactor’s output variable was CO2. The milk fermentation
process studied was considered as a two-input (heater’s temperature, stirrer’s speed), one-output (CO2
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concentration) dynamic system. The main conclusion of the comprehensive laboratory work was that
the batch bioreactor’s mathematical model could be considered as composed of two parts [33]:

• An autonomous mathematical model, which describes the dynamics of the bioreactor as a response
to initial states and assumes constant media temperature and stirrer’s rotation speed.

• A supplementary input/output mathematical model, which describes the influence of heat or
mixing on the CO2 release.

Reference [33] shows that we get a good match between the results of laboratory experiments and
simulations if we use the described non-linear fundamental model (1)–(4) for an autonomous model,
and we apply a linear input-output model of appropriate level as a supplementary input/output model.

The enhanced mathematical model was developed using a two-stage procedure. Firstly,
the determination of the autonomous non-linear third order mathematical model was performed,
which describes CO2 release behaviour in response to initial conditions by constant process inputs.
Secondly, transfer functions (or Differential Equations) were developed, describing CO2 release
according to two changeable process inputs.

For the design and synthesis of the control system, a supplementary input/output mathematical
model is crucial. In [33], the order of the supplementary input/output model was obtained by means
of systematic research with a least-square identification method for different batch bioreactors and
different fermentation media in different phases of fermentation. It was concluded that the heater’s
temperature or the stirrer’s speed impact on the CO2 release can be modelled with a dynamical system
built of two parallel-connected transfer functions:

• A first-order term with gain k1 and time constant T1.
• A second-order term with gain k2, the time constant T2, and damping z, which is in series with a

differentiator with the time constant Td.

The first-order term denotes a major (dominant) connection between the bioreactor’s inputs and
the dynamics of the CO2 release. The second part (the second order term with the differentiator) has
an impact during a transient response, and is important for fine tuning of the controller.

A block diagram of the complete mathematical model of the batch bioreactor is presented in
Figure 2.
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The parameters of the supplementary mathematical model for a typical batch bioreactor are
estimated with data from [26,33] and presented in Table 3.

Table 3. Parameters of the supplementary linear input/output mathematical model, which describes the
influence of stirrer speed on the CO2 release of the analysed fermentation process in a batch bioreactor.

k1 = 0.02 T1 = 0.5 h
k2 = 0.003 T2 = 0.4 h z = 0.26 Td = 1.5

Figure 3 shows the time responses of the dissolved CO2 concentration (i.e., fermentation product),
obtained with the presented enhanced mathematical model. Model parameters for simulations are
listed in Tables 1 and 3. The CO2 responses in the case of constant stirrer speed, and in the case when
step change of the stirrer speed at t = 2 h appears, are presented in Figure 3. As expected, the change of
the stirrer speed impacted the product concentration increase.
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Figure 3. Time courses of product concentrations of the analysed fermentation process in a batch
bioreactor with constant stirrer speed n = 80 min−1 and in a batch bioreactor with step change of stirrer
speed from n = 80 min−1 to n = 110 min−1 at t = 2 h, obtained with the supplemented non-linear/linear
mathematical model in Figure 2 with the parameters in Tables 1 and 3.

The advantage of this simple enhanced model is that it enables the evaluation of the impact
of process input (i.e., stirrer speed) on the course of the fermentation product quantity. The model
is presented for its simulation role to test control algorithms and to set up laboratory equipment.
Its main assistance is carried out in checking the effectiveness of the control system before the
system could be applied to laboratory work with tests, as well as in analysing the impacts and
suitability of the parameters of the adaptive mechanism. Therefore, in this paper, the parameters of the
laboratory bioreactor model are not identified, but the parameters from the references are used for the
calculations [26,33]. Simulation results are not presented nor described in detail, since the emphasis of
this article is on the experimental work.

The parameters of the supplementary model change during the operation, i.e., the parameters also
change by the transition between different phases of the fermentation process. Because the transition is
slow (time constants in minutes or hours), the parameters’ variations are also slow. Due to the constant
model structure and the unknown and slowly changeable parameters, the adaptive control represents
the relevant control strategy for the batch bioreactor’s control. Obtained simulation results confirmed
that the used adaptive control ensured stable operation in all tested models. The parameters of the
models suit different real batch bioreactors.
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2.2. Control System

2.2.1. Control Theory

The first step in the development of a control theory is to select the control objective. Different
control theories express control objectives in different ways. To develop a control system for a batch
bioreactor, a special version of MRAC was used, called Adaptive Model-Following Control (AMFC).
The proposed AMFC is based on Linear Model-Following Control (LMFC), which uses an explicit
model [22]. In the case of LMFC, the control system includes an auxiliary dynamic system called the
reference model, which is excited by the same external inputs as the controlled plant. The outputs
and/or the state-variables of the reference model represent the necessary control target. AMFC appears
like a natural extension of the LMFC with an explicit model when an adaptive design must be
considered. To design AMFC systems, an MRAC system was used, with parallel configuration and
signal synthesis.

A parallel AMFC system with signal-synthesis adaptation can be outlined briefly with
Equations (12)–(18).

The controlled plant is described with the state-space Equation (12):

.
xp(t) = Apxp(t) + Bpup(t) (12)

where xp(t) is the n × 1 controlled plant state-space vector, up(t) is the m × 1 controlled plant input
vector, and Ap and Bp are the controlled plant system and input matrices, respectively, with the
appropriate dimensions. The range of plant parameters is assumed to be bounded.

The reference model is described with state-space Equation (13):

.
xm(t) = Amxm(t) + Bmum(t) (13)

where xm(t) is the n × 1 reference model state-space vector, um(t) is the m × 1 reference model input
vector, and Am and Bm are the reference model system and input matrices, respectively, with the
appropriate dimensions. The reference model is assumed to be bounded-input/bounded-state stable.

The error between the reference model state-space vector xm(t) and controlled plant state-space
vector xp(t) is defined as the generalised state error vector, and denoted with e(t):

e(t) = xm(t) − xp(t) (14)

The control system’s objective is to determine the controlled plant input in such a way that the
controlled plant state-space vector will converge to the reference model state-space vector to satisfy
Equation (15).

lim
t→∞

e(t)→ 0 (15)

This aim could be achieved by the generation of the controlled plant input vector up(t), which will
be composed of two components, described in Equation (16)–(18):

up(t) = up1(t) + up2(t) (16)

up1(t) = −Kpxp(t) + Kmxm(t) + Kuum(t) (17)

up2(t) = ∆Kp(e(t), t)xp(t) + ∆Ku(e(t), t)um(t) (18)

where up1(t) and up2(t) are the m × 1 vector components of the controlled plant input up(t), Kp, Km,
and Ku are constant matrices of the appropriate dimension, and ∆Kp(e(t), t) and ∆Ku(e(t), t) are
time-varying matrices of the appropriate dimensions.

The matrices Kp, Km, and Ku guarantee perfect model-following control to the asymptotically
stable reference model with the parameters Am and Bm in cases when the controlled plant is linear with
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known and constant parameters Ap and Bp by generating the controlled plant input up(t). This part of
the control system is called the Linear Model-Following Controller (LMFC). The solution for Kp, Km,
and Ku, which leads to the perfect model-following control, exists if, and only if, [22]:

rank Bp = rank
[
Bp, Am −Ap

]
= rank

[
Bp, Bm

]
(19)

This means that a solution exists if the column vectors of the difference matrix
(
Am −Ap

)
and the

matrix Bm are linearly dependent on the column vectors of the matrix Bp. A class of solutions can be
obtained using the Penrose pseudo-inverse of Bp denoted by B+

p . Using B+
p , the sufficient conditions

for the existence of solutions for the perfect model-following control can be written as:(
I−BpB+

p

)(
Am −Ap

)
= 0 (20)(

I−BpB+
p

)
Bm = 0 (21)

The conditions (20) and (21) are known as Erzberger’s condition for perfect model-following
control [22]. If these conditions are satisfied, then Km −Kp and Ku can be computed directly using
Equations (22) and (23):

Km −Kp = B+
p

(
Am −Ap

)
(22)

Ku = B+
p Bm (23)

The feedback gain matrix Kp can be computed independently of the perfect model-following
conditions. For example, it can be computed using linear optimal control in order to minimise the effect
of state disturbances acting on the plant. However, Kp must be such that the resulting Km, which leads
to satisfaction of (22), also assures that the matrix

(
Am −BpKm

)
is a Hurwitz matrix [22].

In cases when the controlled plant parameters Ap and Bp are uncertain and changeable, the up1(t)
does not assure perfect model-following. The additional controlled plant input up2(t) must be
generated in this case. The up2(t) represents the output of the adaptation mechanism, which will
assure that the generalised state error e(t) goes to zero under certain conditions.

For the design of the adaptation mechanism and for the proof of the stability of the adaptive
control system, the Adaptive Model-Following Control (AMFC) system must be reconfigured into
an equivalent feedback system with the linear time-invariant part in the forward path, and with the
non-linear time-varying part in the feedback loop [22]. The obtained equivalent feedback system
enables the use of Popov’s theory of hyperstability.

The linear time-invariant part in the forward path and the non-linear time-varying part in the
feedback loop must be chosen in order to be able to meet the specifications required so that the stability
of the adaptive system is assured.

To satisfy the required specifications for the linear time-invariant part in the forward path,
the linear compensator described by Equation (24) must be included in the adaptation mechanism:

v(t) = De(t) (24)

where D denotes the matrix gain of the linear compensator and v(t) is the output vector of the linear
compensator. The linear compensator’s matrix D must be chosen, in order to assure that the transfer
matrix of the equivalent forward block defined by Equation (25) is a strictly positive real transfer matrix:

H(s) = D
(
sI−Am + BpKm

)−1
Bp (25)

where H(s) denotes a transfer matrix of the equivalent forward block, I is an identity matrix, and s is a
complex variable of the Laplace transform.
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For the computation of the linear compensator D, one must solve the Lyapunov Equation (26)
after the choice of the weighting matrix Q:(

Am −BpKm
)T

P + P
(
Am −BpKm

)
= −Q (26)

where Q is a chosen positive definite matrix and P is the solution of the Lyapunov equation. Finally,
the linear compensator’s matrix D is calculated from P with (27):

D = BT
pP (27)

To satisfy the required specifications for the non-linear time-varying part in the feedback
loop, the time-varying matrices ∆Kp(e(t), t) and ∆Ku(e(t), t) must be calculated by means of
Equations (28) and (29):

∆Kp(e(t), t) =
∫ t

0
Fv(τ)

(
Gxp(τ)

)T
dτ+

t∫
0

F
′

v(τ)
(
Gxp(τ)

)T
+ ∆Kp(0) (28)

∆Ku(e(t), t) =
∫ t

0
Mv(τ)(Num(τ))Tdτ+

t∫
0

M
′

v(τ)(Num(τ))T + ∆Ku(0) (29)

where matrices F, M, G, and N are positive definite matrices, F
′

and G
′

are positive semi-definite
matrices, and ∆Kp(0) and ∆Ku(0) are initial values of the time-varying matrices ∆Kp(e(t), t) and
∆Ku(e(t), t).

A block diagram of the entire adaptive system is presented in Figure 4.
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2.2.2. Control System Realisation

The adaptive control system for the batch bioreactor was developed based on the presented AMFC.
To obtain high-quality milk products, the quantities of the fermentation process (concentrations of
microorganisms, substrate, and product, temperature, etc.) must follow the prescribed reference values.
One of the quantities which correlates well with all the important fermentation process quantities is
CO2 release. This means that it is possible to assure proper trajectories of the fermentation process
quantities by means of the control system, which will assure the proper dynamic profile of the CO2

release. A variable speed stirrer drive was used to assure the prescribed dynamic profile of the CO2

release. The described enhanced mathematical model of the fermentation process in the bioreactor
presented was used to determine the order of the reference model and the dimension of the adaptation
mechanism. The reference trajectories (reference model) of the bioreactor’s quantities were obtained
empirically in such a way that the fermentation would be completed in a shorter time, that the final
value of the product would be as high as possible, and that there would be no excessive and sudden
changes in the growth of microorganisms during fermentation. The goal of the adaptive control system
is to assure the prescribed dynamics of the quantities in the bioreactor in the case of an unknown batch
bioreactor, various substrates, microorganisms, and disturbances.

The developed concept presented requires the bioreactor to be equipped with a variable speed
stirrer’s drive and a measurement gauge for dissolved CO2 concentration. The mentioned stirrer’s
system is capable of altering and maintaining a specified mixing speed in the bioreactor. The majority
of contemporary commercial applications of batch bioreactors include the required components,
or they are available as accessories. A control module, which would perform the developed control,
is conceptualised as an external component (PLC, PC with an added AD/DA periphery, or a dedicated
controller). In the case of realisation using the external controller, an application with signal transfer
between a controlled plant (i.e., a batch bioreactor with the stirrer’s system and the measurement
gauge) and the controller is evidently necessary. An overview of the market was carried out by
contacting representatives of producers, such as Metler Toledo. Existing commercial applications
of batch bioreactors enable simple analogue signal transfer, with information on dissolved CO2

concentration from the measurement gauge into the external controller (analogue input is necessary).
Unfortunately, the existing stirrer’s systems are not customised for setting up a reference value from the
external controller. With existing commercial applications of batch bioreactors, a more comprehensive
adaptation or upgrade of input-output interfaces is necessary (as was carried out in our case).

A second option is the realisation of a control algorithm within the programme equipment of a
batch controller. This option is far less expensive and simpler than the first one, though the second
option requires a flexible enough program interface on the batch bioreactor, which would be suitable
for the implementation of the adaptive controller.

3. Results and Discussion

A dSpace 1103 controller board was utilised for the prototyping of the proposed adaptive control
algorithms. An analogue output module of a basic device, SevenMulti (Metler Toledo), was used for
the transfer of the measured signal of the CO2 concentration from the bioreactor system to the control
device. The control algorithm (i.e., reference model, control law, and adaptation mechanism) was
programmed and uploaded into the controller board. The calculated control signal (i.e., reference
speed) was routed to the stirrer drive via the controller’s analogue output. An additional electronic
interface was required in the stirrer drive, which allowed the speed reference value to be changed.

The proposed adaptive control was used for the described laboratory batch bioreactor and milk
fermentation with kefir grains. The time response of the dissolved CO2 concentration during the
fermentation process without a control system is shown in Figure 5. In this case, the stirrer’s speed
(n = 80 min−1) stayed constant during the entire fermentation process.



Appl. Sci. 2020, 10, 9118 16 of 23

Appl. Sci. 2020, 11, x FOR PEER REVIEW 17 of 25 
 

 
Figure 5. Time course of dissolved CO2 concentration γ of a non-controlled laboratory batch biore-
actor by constant stirrer’s speed n = 80 min−1. 

The CO2 time response obtained was similar to the response of the first order differ-
ential equations, which is consistent with the known mathematical model of non-con-
trolled fermentation [26]. Deviations from the response of the first order differential equa-
tions are a consequence of the nature of the biochemical process itself. Microorganisms’ 
activity often varies because they are highly sensitive to process condition changes (tem-
perature, concentration, pH), viability changes and mutations. Disturbances are also seen 
clearly in the time course of the fermentation product. Therefore, the repetition of the fer-
mentation, despite the same initial concentrations and unchanged bioreactor, does not 
yield exactly the same time responses. 

On the basis of systematic tests, it is possible to determine empirically what is the 
maximum possible achieved product concentration, and what can be the shortest duration 
of fermentation. Operators of batch bioreactors possess empirical experience on a trajec-
tory of output quantity that ensures a desired yield of a quality product in a fermentation 
process. 

On the basis of systematic tests, it is possible to determine empirically what is the 
desired final product concentration, and what can be the shortest duration of a fermenta-
tion process. Operators of batch bioreactors possess empirical experience on the reference 
profile of output quantity that ensures high yield of a quality product in a short time. 

The presented study does not deal with the methods of determining this optimal ref-
erence profile. The primary purpose of this study is the development of a control system 
that will ensure that the CO2 response will follow the arbitrarily set reference profile. 

To estimate the reference CO2 profile for the purposes of our study, we executed the 
fermentation process with the same mixture systematically, but with different stirrer 
speeds. Because too high a gradient affects the fermentation process negatively, we tried 
to estimate the maximum allowable gradient that led to the reference final yield. We chose 
a similar shape of the reference profile as the CO2 response in the fermentation process, 
only with a higher maximum gradient and final value. By the measurements of various 
bioreactors and microorganisms, we found that the CO2 transient in the fermentation pro-
cess is very similar to the step response of the first order differential equation [26]. Based 
on the estimated values about maximum allowable gradient 0.57 g/L/h and reference final 
product concentration 0.8 g/L, we defined the reference profile γr(t) with Equation (30): 𝛾 (𝑡) = 0.8 1 − e .  (30)

 (g
/L

)

Figure 5. Time course of dissolved CO2 concentration γ of a non-controlled laboratory batch bioreactor
by constant stirrer’s speed n = 80 min−1.

The CO2 time response obtained was similar to the response of the first order differential
equations, which is consistent with the known mathematical model of non-controlled fermentation [26].
Deviations from the response of the first order differential equations are a consequence of the
nature of the biochemical process itself. Microorganisms’ activity often varies because they are
highly sensitive to process condition changes (temperature, concentration, pH), viability changes and
mutations. Disturbances are also seen clearly in the time course of the fermentation product. Therefore,
the repetition of the fermentation, despite the same initial concentrations and unchanged bioreactor,
does not yield exactly the same time responses.

On the basis of systematic tests, it is possible to determine empirically what is the maximum
possible achieved product concentration, and what can be the shortest duration of fermentation.
Operators of batch bioreactors possess empirical experience on a trajectory of output quantity that
ensures a desired yield of a quality product in a fermentation process.

On the basis of systematic tests, it is possible to determine empirically what is the desired final
product concentration, and what can be the shortest duration of a fermentation process. Operators of
batch bioreactors possess empirical experience on the reference profile of output quantity that ensures
high yield of a quality product in a short time.

The presented study does not deal with the methods of determining this optimal reference profile.
The primary purpose of this study is the development of a control system that will ensure that the CO2

response will follow the arbitrarily set reference profile.
To estimate the reference CO2 profile for the purposes of our study, we executed the fermentation

process with the same mixture systematically, but with different stirrer speeds. Because too high a
gradient affects the fermentation process negatively, we tried to estimate the maximum allowable
gradient that led to the reference final yield. We chose a similar shape of the reference profile as the
CO2 response in the fermentation process, only with a higher maximum gradient and final value.
By the measurements of various bioreactors and microorganisms, we found that the CO2 transient in
the fermentation process is very similar to the step response of the first order differential equation [26].
Based on the estimated values about maximum allowable gradient 0.57 g/L/h and reference final
product concentration 0.8 g/L, we defined the reference profile γr(t) with Equation (30):

γr(t) = 0.8
(
1− e−

t
1.4

)
(30)
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The time course of the reference profile is shown in Figure 6. As can be seen in the Figures 5 and 6,
the reference trajectory has a negligible lag phase compared to the non-controlled course, and the
acceleration part of the growth phase has a maximum allowed gradient. Therefore, the stationary
phase is reached faster, which results in a shortening of the fermentation time. Additionally, the steady
state value of the reference trajectory is set higher than the stationary value of the non-controlled
fermentation process.
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Figure 6. Time course of dissolved CO2 concentration γ of the chosen reference model for the laboratory
batch bioreactor.

A duty of an adaptive controller is to ensure the time course of the output quantity will follow the
prescribed reference trajectory. The time course of the reference trajectory differs from the response of
the uncontrolled batch bioreactor. The difference is in the time course of the transitive phenomenon
and in the stationary value. From the comparison of the non-controlled and reference CO2 release,
we conclude that the task of the adaptive controller will be to increase the gradient of the CO2 release
at the beginning of the fermentation process, to achieve higher steady-state value, and to hold the CO2

value in the batch reactor almost constant (the same as prescribed with the reference trajectory) during
the last phase of the fermentation process.

A parallel AMFC system was used with signal-synthesis adaptation. Its goal was to achieve
that the time response of the CO2 concentration would be as close as possible to the reference profile.
It follows that the dynamics of the fermentation process would be similar to the dynamics of the
reference model. The selected reference model was determined based on the reference profile defined
with Equation (30). The parameters of the reference model were chosen in a way that the step
response of the model was equal to the empirically obtained trajectory. The following reference model
was obtained:

.
xm(t) = −0.71 xm(t) + 0.57 um(t) (31)

The parameters in the adaptation mechanism (i.e., values of D, F, M, G, N, F′, and M′) were
estimated with support of a simulation based on a typical enhanced model. The goal was to find
such parameters of the adaptation mechanism which ensured stable operation and good dynamic
properties in the case of non-linear models of different batch bioreactors. We did not look intentionally
for parameters that would ensure optimum operation of the selected batch bioreactor, but we tried to
determine as many universal parameters that would ensure good control of various batch bioreactors
in the entire range of operation. The selected parameters of the reference model, control law,
and adaptation mechanism are presented in Table 4. Since the reference model was of the first degree,
all elements are scalar.
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Table 4. Parameters of the reference model, control law, and adaptation mechanism for the control of
the fermentation process in the laboratory batch bioreactor.

Am = −0.71 Bm = 0.57
Kp = 0 Km = 0 Ku = 0
D = 25 G = 10 N = 10
F = 10 F′ = 10 M = 10 M′ = 10

The time response of the CO2 release obtained with the AMFC system is shown in Figure 7.
The trajectory is almost the same as prescribed with the reference model.
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Figure 7. Time course of the dissolved CO2 concentration γ of the laboratory batch bioreactor with
an AMFC system; additionally, time courses of the CO2 concentration of the reference model and
non-controlled laboratory bioreactor are presented for comparison.

The output of the digital adaptive controller represents the reference signal for the stirrer’s
drive system. The reference signal is shown in Figure 8. The oscillations are also a consequence of
insufficiently filtered measurement noise.
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Figure 8. Time course of the reference signal nr for the stirrer system of the laboratory batch bioreactor
with an AMFC system (i.e., output of AMFC controller).
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The actual stirrer’s speed is shown in Figure 9.
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Figure 9. Time course of the measured stirrer speed n of the laboratory batch bioreactor with an
AMFC system.

From Figures 5–7, we can see that the adaptive controller assures that the product quantity of the
fermentation process follows the prescribed trajectory of the reference model in spite of the unknown
parameters of the controlled plant. From Figures 8 and 9, it is clear that the output signal of the
adaptive controller stays in the feasible range. The controller’s output does not exceed the stirrer’s
drive maximum or minimum limits (operating range 0–300 min−1).

For comparison, we also carried out the control of the fermentation process of the laboratory batch
bioreactor with a conventional linear Proportional-Integral (PI) controller. Since we did not know the
mathematical model of the laboratory bioreactor, we used the Ziegler-Nichols step response method
for tuning the parameters of the PI-controller. The proportional gain kp = 12 and the time constant
Ti = 1.17 of the PI-controller were determined. Figure 10 shows the time course of the dissolved CO2

concentration of the laboratory bioreactor if the conventional PI-controller was used instead of the
adaptive controller. Significantly worse tracking of the reference course was the result of a lack of
knowledge of the mathematical model of the fermentation process, and, consequently, the approximate
synthesis of the regulator parameters. The procedure used to tune the parameters is more intended to
eliminate disturbances than track the reference value.
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Figure 10. Time course of the dissolved CO2 concentration γ of the laboratory batch bioreactor with a
PI control system; additionally, the time course of the CO2 concentrations of a non-controlled laboratory
bioreactor and the time course of the reference CO2 concentration are presented for comparison.
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4. Conclusions

The main contribution of this work in bioprocess engineering is the development of a control
system that enables control of a time course of a fermentation process in batch bioreactors. In the
existing commercial laboratory and industrial batch bioreactors, the fermentation process takes
place autonomously. These bioreactors are not equipped with control systems, ensuring an equal
fermentation course in different batches and enabling output products of equal quality. Due to the
variation of input substances (microorganisms, substrate) and disturbances, fluctuation exists in the
quality and quantity of a final product. Two original novelties in the development of the control system
are presented, such as:

• A closed-loop control system was used to control the fermentation process. The control system
generates a signal to alter the stirrer speed, based on information on the measured concentration
of dissolved CO2.

• A theory of adaptive model-reference control was used for the design of the control system.
The approach enabled self-adjustment of the controller to the controlled batch bioreactor.
The presented method requires neither determination of a bioreactor’s mathematical model
nor a protracting synthesis of a conventional control system.

Results of our application confirmed that the developed adaptive model-following control ensures
close tracking of the bioreactor’s output quantity toward the reference trajectory, including in cases
of disturbances.

The benefits of the proposed control against other conventional or advanced control approaches
are many: the control maintains the prescribed optimal behaviour of the biochemical process in the
case of unknown parameters of the batch bioreactor; the tuning of the controller’s parameters is
non-demanding and non-time consuming; the stability of the control system is assured, and simple
realisation of the control system is possible. In the fermentation on the laboratory bioreactor used,
the fermentation duration was reduced from 10 h to 6 h, and the final concentration of the fermentation
product was increased by about 10%.

The successful application of the algorithm proposed in this case study revealed its potential
for many biochemical processes of industrial interest. It has shown outstanding results, allowing
the system to be operated at a high-performance level in a safe manner. The applicability of the
proposed control system is not limited only to the milk fermentation control in batch bioreactors.
We are looking forward to upgrading and implementing the obtained academic and laboratory findings
with commercial types of bioreactors.

We expect that the development in the field of advanced closed-loop control for fermentation
processes will intensify in the near future. It would be reasonable to implement adaptive control
methods for similar bioprocesses in batch bioreactors. We estimate that the use of model reference
control theory could be very promising.
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Appendix A

Figure A1 presents the batch bioreactor RC1e from Mettler Toledo that was used for the
development and testing of the adaptive control system.
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Appendix B

Equations (A1)–(A4) present the system matrix A(t) of the linearised model of the fermentation
process of a batch bioreactor:

A(t) =
[

A1(t) A2(t) A3(t)
]
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12. Petre, E.; Selişteanu, D.; Şendrescu, D. Adaptive and robust-adaptive control strategies for anaerobic
wastewater treatment bioprocesses. Chem. Eng. J. 2013, 217, 363–378. [CrossRef]
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