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INTRODUCTION

Relevance of the research

The last few decades have seen the growing application of biotechnological pro-
cesses in the industry [1, 2], which is explained by the improvement of profitability
and quality in industrial production, new legislative standards in industrial technolo-
gies, as well as some other reasons. Adaptive control algorithms have a major impact
on the technological progress and efficiency. Over the last two decades, considerable
efforts have been made to design and develop innovative adaptive control algorithms.
The academic community has proposed various adaptive control methods; however,
they tend to be complex, and require a lot of time and knowledge to develop and fine-
tune. The most well-known works are of the researchers K. Astrém, B. Wittenmark
and M.M. Gupta, who have worked extensively in this field. However the challenges
of developing adaptive control algorithms operating in the unknown, non-linear and
time-varying environment inherent in the biotechnological processes have not yet been
adequately addressed from the theoretical and practical points of view, therefore, adap-
tive control algorithms are still rarely used to control biotechnological processes in the
world’s leading biotechnology companies. Therefore, simple and easy to implement
adaptive control techniques are needed for successful implementation in the industry.

Scientific-technological problem and working hypothesis
Biotechnological processes are among the most complex control objects with all
the characteristics that make the control difficult:

1. Non-linear relationships between process variables.
2. Time-varying dynamic properties.

3. Lack of sensors that can provide reliable process monitoring.

Therefore, the development of efficient control algorithms is a relevant task for
bioengineering. The need for adaptive control algorithms is high, and they are needed
to develop new and improve the already available biotechnological processes in both
scientific laboratories and industry. The academic community has proposed various
adaptive control methods; however, they tend to be complex, and they also require a
lot of time and knowledge to develop and fine-tune. Therefore, simple and easy to
implement adaptive control techniques are needed for successful implementation in
the industry.

Research object
The research concentrates on the development and investigation of algorithms
for adaptive biotechnological process control.



The aim of the research

This doctoral thesis aims to develop adaptive control algorithms for typical
biotechnological processes that could be easily implemented in standard industrial
controllers.

The objectives of the research
1. Development and study of algorithms for direct and indirect adaptive control of
biotechnological processes.

2. Development and study of adaptive control algorithms for biotechnological pro-
cesses based on fuzzy logic, gain scheduling and statistical analysis.

3. Application of adaptive control algorithms for batch and fed-batch fermentation
processes controlling key process parameters (SGR, DOC, pH).

4. Testing and experimentation of control algorithms to manage batch and fed-
batch biotechnological processes.

Scientific novelty
Five easy-to-implement adaptive control techniques have been developed and
are presented in this doctoral thesis:

 fuzzy logic-based PI controller parameter adaptation;

* gain scheduling-based PI controller parameter adaptation;

* statistical analysis-based PI controller parameter adaptation;
* polynomial-based PI controller parameter adaptation;

* substrate feeding profile adaptation.

Fuzzy logic-based models tend to rely on significant amounts of complex rules and
membership functions, thus making these models hard to fine-tune and develop. The
proposed fuzzy logic-based adaptive control algorithm adapts the PI controller tuning
parameters by using a fixed fuzzy model which consists of only 4 rules and 2 member-
ship functions for one input and two output variables. Process operators can usually
provide the required expert knowledge. This minimizes the complexity of the model,
thus making it suitable for implementation in fed-batch biotechnological processes.
Gain scheduling-based models tend to rely on external variables that need to be
measured to adapt the controller tuning parameters. The developed gain scheduling-
based control algorithms use only the controller input/output signals to adapt the con-
troller tuning parameters thus not requiring any additional soft-sensor measurements
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for the controller development and implementation in batch and fed-batch biotechno-
logical processes.

Adaptive control algorithms tend to rely on complex operations. The developed
controller feedback signal statistical analysis and polynomial based adaptive control
algorithms are based on basic mathematical operations making the presented algo-
rithms suitable for practical implementation in industrial controllers.

The substrate feeding adaptation model focuses on generating an efficient sub-
strate feeding strategy that ensures controllability of the process and secures sufficient
bioprocess productivity. The developed substrate feeding adaptation model is based
on entirely experimental data, so it can be easily adapted by bioprocess operators who
work with real industrial processes and do not have specialized knowledge in the fields
of mathematical modeling and control.

The main advantages of the developed and presented adaptation techniques can
be summarized as:

* a simple model structure which relies on the process operator’s level of knowl-
edge and basic mathematical operations;

* usage of only controller input/output signals for controller tuning parameter
adaptation;

* minimization of the required soft-sensor measurements for the realization of
controller tuning parameter adaptation.

To evaluate the performance of the developed systems, the proposed models
were compared with standard PI controllers with fixed parameters or similar adaptive
control techniques.

Practical significance

1. The developed adaptive control algorithms can be used in the following biotech-
nology companies in Lithuania:
(a) Northway Biotech, UAB
(b) Celltechna, UAB
2. The methods provided in this thesis have been developed in support of the Euro-
pean Regional Development Fund according to the supported activity Research

Projects Implemented by World-class Researcher Groups under Measure No.
01.2.2-LMT-K-718.

3. One of the developed methods was patented in Lithuania together with 7 other
colleagues from Kaunas University of Technology: Galvanauskas, Vytautas
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(autorius, iSradimo); Simutis, Rimvydas (autorius, iSradimo); LeviSauskas, Do-
natas (autorius, iSradimo); UrnieZius, Renaldas (autorius, iSradimo); Vaitkus,
Vygandas (autorius, iSradimo); Tekorius, Tomas (autorius, iSradimo); Butkus,
Mantas (autorius, iSradimo); Survyla, Arnas (autorius, iSradimo). Maitinimo
profiliy, skirty valdyti pusiau-periodinius rekombinantiniy E. coli kultivavimo
procesus, formavimo ir adaptavimo biidas / iSradéjai: V. Galvanauskas, R. Simu-
tis, D. LeviSauskas, R. Urniezius, V. Vaitkus, T. Tekorius, M. Butkus, A. Survy-
la; savininkas: Kauno technologijos universitetas. LT 6861 B. 2021-11-10.

Approval of the results

The doctoral thesis relies on 2 main papers published in international scientific

journals referred to in the Clarivate Web of Science database, while, in total, the results
have been published in 3 scientific papers. The essential results have been presented in

3 conferences, including the worldwide recognized IEEE 17" International Confer-

ence on Automation Science and Engineering. The method presented in Section 2.7

was developed and patented together with 7 other co-authors from Kaunas University
of Technology.

The statements presented for defence

12

1. Fuzzy logic-based adaptive control algorithm development does not require

deep process knowledge and relies on expert knowledge that is attainable in the
form of qualitative understanding of the relationships between various important
process variables. Such knowledge is usually available from the process opera-
tors. The developed fuzzy logic-based adaptive control algorithm outperforms
other adaptive techniques by compensating deviations that could be caused by
various process disturbances or equipment malfunctions, thereby making this
algorithm suitable for biotechnological process control.

. Adaptive control algorithms based on the gain scheduling method, when us-

ing only controller input/output variables for parameter adaptation, are suit-
able for batch and fed-batch bio-technological process control. The developed
gain scheduling-based algorithm outperforms the conventional PID controllers
with fixed parameters under extreme operating conditions at setpoint tracking
(changes across a wide range) and disturbance rejection (acting disturbances of
the maximal magnitude). By using only the controller input/output variables, no
additional online measurements of the process variables are needed to develop
the algorithm for tuning parameter adaptation. This minimizes the equipment
for controller implementation.

. The developed adaptive control algorithms which are based on feedback signal

statistical analysis and polynomials are suitable for biotechnological process



control. These algorithms can be applied for pH and DOC control at steady set-
point control in fed-batch fermentation processes. The controller tuning param-
eters are calculated through simple mathematical operations, which simplifies
the implementation in industrial controllers.

4. Glucose accumulation in fed-batch cultivation processes can be avoided by mea-
suring the OUR and the substrate feeding rate-based indicator (the ratio of the
amount of oxygen consumed to the amount of glucose supplied to the biore-
actor during a selected cultivation time interval) that is used in limited growth
cultivation processes to adapt the substrate feeding profile during the cultivation
process.

Structure of doctoral thesis

The doctoral thesis is organized as follows. Section 1 is designated for the anal-
ysis of the relevant scientific literature with respect to the adaptive control of biotech-
nological processes and presents an overview of the currently available technologies
for adaptive control in biotechnological processes. Section 2 describes the proposed
methods for adaptive biotechnological process control. Section 3 presents the results
obtained from the investigation of the developed control algorithms. In the same sec-
tion, a performance evaluation is provided for each developed control algorithm. The
doctoral thesis is finished with general conclusions provided in Section 4.

Part of Sections 2—4 has been quoted verbatim from the following sources: [3,
4,5, 6].

The thesis consists of 142 pages, 82 figures, 28 tables, and 126 references.

Work done in collaboration

The patented substrate feeding adaptation algorithm has been developed in col-
laboration with 7 other researchers from Kaunas University of Technology. The ex-
periments were conducted in the automation departments R&D laboratory with the
help of Renaldas UrnieZius team. My main responsibilities were:

1. Virtual bioreactor modeling to test the stability of the controlled algorithm while
compensating for disturbances;

2. Participation in experimental test runs in the R&D laboratory;
3. Participation in the result analysis with the research group.

Based on the achieved results, the developed substrate feeding adaptation algo-
rithm has been patented in Lithuania (LT 6861 B) and is currently submitted for a
European Patent (EP4083185 (Al)).
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1. ADAPTIVE CONTROL OF BIOTECHNOLOGICAL PROCESSES

1.1. Introduction to biotechnological process control

Various challenges and problems nowadays cannot be solved without biotech-
nology. Medical, pharmaceutical, environmental and many other industries rely heav-
ily on the products created by bioengineers. To highlight the needs and importance of
the bioprocess control, particularly for the manufacturing of expensive and/or large-
scale products, new process development is one of the fields to look at [7]. Environ-
mental conditions that would be best suited for the growth and production of the target
product need to be determined by a bioengineer who would find or genetically modify
a potential strain. The control of temperature, pH, DOC, the specific growth rate and
some other parameters are usually involved at this stage. Moreover, the concentration
regions for the nutrients, precursors, and the so-called trace elements are specified.
Whereas, for the former variables, often “optimal’ setpoints are provided which, at
least in smaller scale reactors, can - to some extent - be maintained by independent
classically designed controllers, the information about the best nutrient supply is in-
complete from the control engineering point of view. It is this dynamic nutrient supply
which is most often not revealed in the biological laboratory and which, however, of-
fers substantial room for production improvements by control [8].

Whenever bacteria like E.coli, yeast, fungi, or any animal cells are used for pro-
duction, these cells are composed of thousands of different compounds that react with
each other in hundreds or more reactions. All reactions are tightly regulated on a
molecular and genetic basis. Under unlimited growth conditions, all cellular compart-
ments are built up at the same specific growth rate, which means that the cellular com-
position does not change over time [9]. In a mathematical model describing growth
and production, only one state variable is needed to describe the biotic phase. This
leads to unstructured models. Whenever a cell enters a constraint, which is often re-
quired for production, the cell begins to restructure its internal response pathways [8].
Unstructured model-based approaches for monitoring and control are now set to fail.
The number of biotic state variables needs to be increased. However, it is not clear
how this should be done in the most effective manner. Therefore, modelling of the
boundary behavior is complicated and essential for the control of biotechnological
processes. Huge amounts of process-specific information are required. In addition,
model-based estimates of the state of the cell and the environment are very impor-
tant, since real-time measurements of the cells’ internal processes concentrations of
nutrients are usually impossible. Finally, the robustness of the methods must be con-
sidered, as the models used for process control must be limited in size and thus only
provide an approximate description.

Such physical parameters as temperature, pH, dissolved oxygen, or CDC are
usually controlled with fixed setpoint tracking algorithms. The most noticeable ex-
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ample could be the biomass growth rate control. Its goal is to achieve a high cell
concentration in the reactor as rapidly as possible. In such processes as the cultivation
of baker’s yeast, or where the maximal amount of the product is the target, this is the
predominant goal. For other products not associated with growth, a high cell mass is
also preferable because the amount of cells correlates directly with productivity. The
usage of unstructured models for model-based control requires unlimited growth that
can be achieved by maintaining the feeding profile above a predefined level. How-
ever, excess nutrients must be avoided because some organisms, such as baker’s yeast,
begin excess metabolism with materials that can be inhibiting at later phases of the
cultivation. What concerns some products, like, for example, the antibiotic penicillin,
the organism must grow gradually to achieve a high production rate [10]. For these
so-called secondary metabolites, low but not vanishing concentrations are needed for
some limiting substrates. If set points for these concentrations are specified instead,
this can present a rather difficult control problem. Since organisms are trying to grow
exponentially, it must be possible to increase the controller output exponentially as
well. The challenge originates primarily from the imprecise and infrequent measure-
ments with which the soft-sensors or controllers must operate, and from the danger
that an intermediate under- or over-supply of nutrients will cause the metabolism to
enter an undesirable state of productivity. The development of control algorithms is
greatly affected by the number of nonlinearities existing within the process. Classi-
cal controllers, such as PID or PI, are sufficient if the confronted nonlinearity is very
small. When encountering a significant number of nonlinearities, such linear mod-
els are ineffective, mainly due to the fact that even small disturbances can drive the
process away from the operating point [11]. Control quality is influenced by the con-
troller’s ability to provide a stable performance while dealing with process variability
and disturbances [12, 13, 14]. Accurate control of technological parameters during mi-
croorganism cultivation processes is necessary for retaining currency with the desired
technological regimes and the reproducibility of processes. However, the dynamical
parameters of batch and fed-batch cultivation processes vary widely over the cultiva-
tion cycle. Therefore, conventional control systems with fixed-gain controllers are not
able to provide the required performance [15].

1.2. Adaptive control of biotechnological processes

Adaptive control represents techniques providing a systematic approach for au-
tomatic controller parameter adjustments by implementing them close to the real time.
This is done to reach or to sustain the required level of control system performance
while compensating for the plant model parameter change over time [16]. Firstly, let
us analyze the situation where the dynamic model parameters of the controlled plant
are unknown but remain constant (at least in a certain region of the operation). Consid-
ering these cases, even though the framework of the controller does not get influenced

15



overall by the individual values of the plant model parameters, the appropriate tuning
of the controller parameters cannot be done without knowing their values. Adaptive
control techniques are able to automatically tune the controller parameters in a closed
loop. This leads to the vanishing of the effect created by the adaptation over time. The
adaptation procedure may require to restart the controller if the operation conditions
change over time.

Now let us analyze the situation when the dynamic model parameters change un-
predictably in time. These cases occur due to some environmental condition change
or because oversimplified linear models for non-linear systems were used. These situ-
ations can also be caused by slowly time-varying parameters of the controlled system.
Standard control systems are not able to cope with these changes and to ensure a rea-
sonable level of control system performance therefore, an adaptive control approach
has to be taken into account. In such cases, the adaptation will be active most of
the time and can be considered non-vanishing for this type of operation. A more de-
tailed explanation how an adaptive control system operates is possible by analyzing
the development and tuning approach of a controller depicted in Figure 1.1. The dy-
namic model of the biotechnological process needs to be known to develop and tune
a suitable controller [17].

Needed performance Controller Design |« Bioreactor Model

Ti Ke

¥

) 4
H setpoint F H
2 d >® Pl Controller i Bioreactor P

v

¥

¥

Figure 1.1. Controller design for pH control procedure

The dynamic model of the bioreactor can be determined from experimental data.
It could be said that the development and fine-tuning of the controller is performed
from the information gathered from the system. The tuning and development of the
above mentioned system close to real time can be considered as a realization of an
adaptive control system. Online data from the process will then be used to adapt and
fine-tune the controller parameters online. The equivalent adaptive control system is
illustrated in Figure 1.2.
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Figure 1.2. Adaptive controller design for pH control procedure

Various adaptation techniques can be described based on the way how informa-
tion is processed and used for controller parameter adaptation. Figure 1.2 depicts that
an adaptive control system is non-linear given that the parameters of the controller
will rely upon measurements of the system variables through the adaptation loop. An
example of the case would be a conventional feedback control loop designed to track
the selected setpoint pattern. When a disturbance occurs and the controlled variable
drifts from its setpoint, the drift of the controlled variable in the direction of its nom-
inal value will be described by the desirable damping if the plant parameters have
their known nominal values. If they alter due the disturbances, the damping of the
system response may change. After an adaptation loop has been implemented, the
system response damping will be retained even though the parameter values change
over time.

Conventional Controller (a)
1 .5 T T T T T

05 . . I . . . . . I
0 50 100 150 200 250 300 350 400 450 500

Figure 1.3. Conventional controller response to change in plant parameters [18]
Figure 1.4 depicts the functioning of an adaptive controller. Figure 1.3 depicts
how the plant model parameters change at t = 150. In this case, the used controller

features constant parameters. It can be seen that oscillations occur as a result of change
in this parameter.
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Adaptive Controller (b)
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Figure 1.4. Adaptive controller response to change in plant parameters [18]

Figure 1.4 illustrates the operation of an adaptive controller in the above dis-
cussed example process. The disturbance is dealt with, and the nominal performance
is restored.

1.3. Direct adaptive control

Definition of the control loop performance is one of the most important aspects.
In many instances, the expected performance of the control system can be described
in terms of the characteristics of a dynamic system. This system is a realization of
the desired behavior of the closed-loop system. For example, a tracking objective
specified in terms of rise time, and overshoot for a step change command can be alter-
natively expressed as the input-output behavior of a transfer function (for example a
second-order with a certain resonance frequency and a certain damping). A regulation
objective in a deterministic environment can be specified in terms of the evolution of
the output starting from an initial disturbed value by specifying the desired location of
the closed-loop poles. In these cases, the controller is designed such that, for a given
plant model, the closed-loop system has the characteristics of the desired dynamic
system.

Reference Model —DC\
J

Controller Design Bioreactor Model

T Ko

H setpoint F H
P ? \:/ Pl Controller =l Bioreactor P

Figure 1.5. Controller design based on a reference model
This control method is based on the assumption that the plant and reference
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model output difference is a measure of the real and expected performance difference.
This data (together with other data) is used by the adaptation algorithm to directly tune
the parameters of the controller close to real time in order to force asymptotically the
plant model error to zero.

Despite its charm, the usage of direct adaptive control algorithms is limited by
the hypotheses related to the underlying linear design in the case of known parameters.
While the performance can in most cases be described in relation to the reference
model, the circumstances of the creation of a viable controller enabling the closed loop
to match the reference model are limited. One of the basic restrictions is that one has to
make an assumption that the plant model has stable zeros in all the situations, which,
in the discrete-time case, is quite exclusive. The problem becomes even more difficult
in the multi-input multi-output case. While different solutions have been proposed to
overcome some of the limitations of this approach [19, 20], direct adaptive control
cannot always be used.

1.4. Indirect adaptive control

Indirect adaptive control is presented in Figure 1.6.

Needed performance Controller Design Bioreactor Model

Estimation
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N

Figure 1.6. Indirect adaptive control

The basic idea is that a suitable controller can be designed online if a model
of the plant is estimated online from the available input-output measurements. The
scheme is termed indirect because the adaptation of the controller parameters is done
in two stages:

1. Online estimation of the plant parameters.

2. Online computation of the controller parameters based on the current estimated
plant model.

The indirect adaptive control scheme offers a large variety of combinations of control
laws and parameter estimation techniques. To better understand how these indirect
adaptive control schemes work, it is useful to consider in more detail the online esti-
mation of the plant model [21, 22, 23].
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1.5. Overview of existing techniques for adaptive control of biotechnological
processes

Intense global competition, business strategies that are mainly based on profit, promptly
developing social and economic conditions, high interest in better-quality control, in-
creased safety concerns, and strict environmental norms are encouraging many pro-
cess industries to automate their operations using precise, robust, trustworthy, effec-
tive, optimal, adaptive and intelligent modern control systems [12, 13, 14].

Adaptive control systems of various complexity have been developed for the
automatic control of the cultivation process parameters under time-varying operation
conditions. The system, based on process tendency models and online measurements
of process variables [24, 25], provides high-quality control under extreme operating
conditions (oxygen uptake rate rapidly changing within a wide range, feeding and
aeration rate disturbances). However, the development of a model-based control algo-
rithm is a time-consuming task, and, in addition, online measurements of the pro-
cess variables require advanced instrumentation of the controlled process. Expert
knowledge-driven adaptive fuzzy systems are effective; however, they require deep
process knowledge [11, 26]. Fuzzy knowledge based control (FKBC) was developed
by Zadeh and is based on the fuzzy set theory. It deals with a vague and unprecise
class of objects, named as linguistic variables, and is described by membership func-
tions with membership degrees that can vary between 0 and 1, fuzzy conditional state-
ments, and the Fuzzy inference system (FIS) [27, 28]. Mamdani type and Sugeno
type fuzzy logic controllers are two most known and most commonly used FKBC
schemes [29, 30, 31, 32, 33]. FKBC has been extensively used to create PI, PD,
and PID schemes for pH control [34, 35, 36, 37, 38, 39]. The academic commu-
nity has proposed many FKBC models in association with neural networks to control
pH in neutralization processes [40, 41, 42, 43]. Additionally, many modifications of
gain-scheduled and self-tuned FKBC techniques are also described in academic lit-
erature [44, 45, 46, 47, 48, 49, 50]. Finally, some research works on the design of
the adaptive controller for nonlinear systems using the backstepping technology have
also been reported in academic literature [51, 52, 53, 54]. The adaptive FKBC de-
veloped and presented by Singh et al. is based on the Mamdani fuzzy interference
system, and it uses the normalized error and the change in error as the input vari-
ables and normalized change in output as the output variable. These above mentioned
variables can attain seven linguistic values and are described with 49 fuzzy rules. The
developed system outperformed the other methods, however, the vast amount of mem-
bership functions and rules requires deep process knowledge and takes a lot of time to
develop and fine-tune.

Model-reference adaptive control (MRAC) uses a reference model of the pro-
cess that defines how the process output should respond to a command signal [55].
The purpose of the MRAC algorithm is that the system outputs of the entire plant are
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equal to the model reference outputs. Palancar et al. [55] proposed a MRAC model
for pH control where the parameters of the model were adapted based on the gradient
algorithm [56, 57]. The developed system tended to perform well with a short/mode-
rate delay time (<6s). Even though MRAC is a good replacement for PID, it requires
tuning for each individual process. However, this procedure depends on the process
lag/delay as well as some elements. In the case of unknown processes, the controller
needs to be tuned experimentally, and that would be a drawback from the commercial
or business perspective [11].

Table 1.1. Summary of control algorithms presented by the academic community

Author Model type Controlled variable  Reference
LeviSauskas et al. Process tendency models DOC [24, 25]

Palancer et al.

Kang et al.

Alsabbah et al. .

Karasakal et al. Fuzzy logics pH [34, 35, 36, 37, 38, 39]

Heredia et al.
Kannngot et al.
Jang et al.

Eikens et al.

Chen et al.

Alkamil et al.
Adroer et al.

Fuente et al.
Babuska et al.
Venkateswarlu et al.
Salehi et al.
Nsengiyumva et al.
Yu et al.

Zhou et al.

Xiang et al.

Nejati et al.
Palancer et al. Model Reference Adaptive control pH [55]
Galvanauskas et al. ~ Gain Scheduling

Mohan et al. Model Reference Adaptive control
Steinwandter et al. ~ Model Predictive control
Sagmeister et al. Neural Networks

Neural Networks and Fuzzy pH [40, 41, 42, 43]

Gain Scheduling pH [44, 45, 46,47, 48, 49, 50]

Backstepping technology pH [51, 52, 53, 54]

Specific growth rate  [58, 59, 60, 61]

Several gain-scheduling approach-based control systems have been developed
for adaptive control of batch bioreactors. Gain scheduling can be described as a mod-
ern PID control method that is highly suitable for nonlinear process control where
the process dynamics are changing together with the operating conditions [62, 63].
A fitting example would be biotechnical production processes where the dynamics
change significantly during different stages of the cultivation process [64, 65]. Gain-
scheduling control is able to cope with rapid process dynamic changes if the values
or estimates of the quantities describing the related changes in dynamics can be mon-
itored with an adequately small lag. In the control systems presented by Cardelo and
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Kuprijanov, the oxygen uptake rate (OUR) [62, 66] and the carbon dioxide evolution
rate (CER) [67] are used as gain-scheduling variables. In the control systems, the
OUR and CER are estimated from the online analysis of the exhaust gas. A require-
ment for the practical realization of the above systems is that the bioreactor system is
equipped with the exhaust gas analyzer.

A summary of the various control algorithms presented by the academic com-
munity can be found in Table 1.1. The analysis shows that pH, DOC and SGR are
the most common controlled parameters, and they shall be therefore covered in this
disertation.

1.5.1. Specific growth rate control

One of the most important control engineering tasks is the development of
straightforward and robust methods that could be used to monitor and control the
specific growth rate (SGR) in industrial bioreactors. This is often needed to success-
fully implement a Process Analytical Technology (PAT) framework in bioengineering
[68]. Nevertheless, currently, mostly relatively basic control systems are being used
in most industrial-scale bioreactors, even though advanced control strategies are being
extensively discussed in the academic community [15].

The biomass SGR, which can be described as the ratio between the biomass
absolute growth rate and the biomass amount accumulated in the culture broth, can
be considered as one of the most important variables in biotechnological processes.
Not only does SGR influence the physiological state of a microbial culture, it also
defines the production of the desired products, their quantity, and quality [69, 70, 71],
and also the rate of product synthesis. There are two methods to obtain the SGR
value. The initial approach involves determining the rate of change in dry biomass
samples, which can be a time-consuming process taking several hours or even days.
Consequently, this technique is unsuitable for providing feedback to a control system.
Alternatively, the SGR value can be estimated by using soft-sensors [72, 73] which
utilize other measurable online parameters, such as OUR. Such effects as substrate
inhibition or overflow are fairly common in fed-batch bioreactors. However, these
effects can be dealt with if controlled properly. A well set-up control system is able to
yield high product concentrations as well as high cell densities. This can be reached
by maintaining the substrate concentration at certain levels leading to a controlled
biomass growth rate [12] that can be achieved by changing the substrate feeding rate.

In many cases, the specific growth rate is controlled by using PID controllers
which usually operate in basic control systems. Control quality gravely relies on the
development and tuning of the controller and its ability to deal with process variabil-
ity and disturbances [12, 14, 13]. The common PID controllers which use constant
tuning parameters are unable to achieve the required control accuracy of the pro-
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cess since the dynamics significantly vary during the operation. The academic com-
munity has proposed various PID controller parameter tuning approaches that take
into account time-varying operating conditions: rule-based fuzzy systems [26], first-
principle models [58], gain scheduling methods [58], as well as many other techniques
[12, 13, 59, 60, 61, 74, 75, 76]. For exponentially evolving processes, a technique
based on feedforward-feedback control has been proposed [77]. Babuska et al. pro-
posed a supervised model based self-tuning control system that used fuzzy logics to
re-tune a PID controller or to re-model and re-identify the system if degradation is
noticed in the control performance. A summary of different methods used to control
SGR is presented in Table 1.2.

Table 1.2. Summary of SGR control algorithms presented by the academic community

Author Model type Year Ref.

Babuska et al. rule-based fuzzy systems 2003 [26]

Bouyabhia et al. AGSMC 2020 [78]
first-principle models

Galvanauskas et al.  gain scheduling 2019 [58]
MFA

Galvanauskas et al.  fuzzy system with feedforward compensator 2022  [79]

Brignoli et al. Feedforward-feedback 2020 [77]

Kottelat et al. Calorimetry-based control 2021 [76]

Balaet al. Fuzzy logic controller 2022 [80]

Even though various complex control models have been presented in the aca-
demic community, it is still common to use simple control systems in industrial con-
trol [81]. Even though bioprocess productivity and quality could be improved, it is
still common to underestimate the importance of control systems. High costs of im-
plementation and maintenance are still one of the main reasons why plant managers
decide to avoid the implementation of these advanced systems.

1.5.2. Dissolved oxygen concentration control

Today, microorganisms play a vast role in the production of commercial products.
Living cells are grown to large numbers and made to produce the desired substance,
most commonly, a protein. The cells are cultivated in a bioreactor where numerous
control loops secure that important process variables, such as the temperature or pH,
stay within the specified operating ranges. In aerobic processes, it is also crucial to
provide the culture with oxygen. The most common way to provide enough oxygen
is to keep a constant DOC value. It is often acceptable to hold the DOC above a
predefined level, and the performance demands on the DOC control are then moderate.
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Some applications have restrictions for DOC values due to the fact that high DOC
levels could be toxic for some microorganisms.
There are various ways to control dissolved oxygen in a stirred bioreactor:

* flow rate manipulation;

* oxygen concentration in the incoming air manipulation;
* reactor pressure manipulation;

e stirrer speed manipulation.

The stirrer speed is the most common manipulated variable for dissolved oxygen con-
centration control. Batch and fed-batch mode cultivation are known for their dynamic
parameter variation. This variation may lead to tuning problems when fixed param-
eter controllers are being used and high performance is expected. Therefore, various
adaptive DOC control techniques have been proposed by the academic community
(Table 1.3).

Table 1.3. Summary of DOC control algorithms presented by the academic community

Author Model type Year Reference
A. Mészaros et al. ANN 2004  [82]
Du, Xianjun et al.  Radial basis function neural network 2018  [83]
First-principle models

LeviSauskas et al. .. . 2019 [84]
Statistical analysis

Villadsen et al. Feedforward-feedback 2020 [85]

Bo et al. Echo state nettworks 2018 [86]

Akisue et al. Fuzzy logic controller 2018 [87]

An approach of development for the control systems of dissolved oxygen con-
centration (DOC) and pH based on artificial neural network (ANN) models is pre-
sented in [82, 83]. A. Mészdros et al. present ANNs that are trained offline to predict
the non-linear dynamics of controlled processes, and inverse ANNs are used in the
control systems as feedback controllers [82]. Du, Xianjun, et al. developed a radial
basis function neural network based adaptive PID controller for DOC control [83].
Such development of ANN model-based control systems requires a sufficient amount
of informative process data and time expenses for training the ANNs. Bo et al. pro-
posed an echo state network based control method [86]. The system consisted of
tree modules and required an online learning algorithm on the basis of recursive least
squares. This type of models are complex and require a lot of time to fine-tune and de-
velop. For these reasons, the application of complex control systems is not attractive
in the industrial bioprocess-control engineering practice.

24



DOC control systems have also been developed [88, 84], in which the PID (PI)
controller adaptation does not require additional measurements of process variables.
The controller adaptation is based on the online statistical analysis of the controller
input and output data. Computer simulations of the control systems performance show
the working capacity of the adaptation algorithms. However, the optimal values of the
algorithm tuning parameters are determined by the ’trial and error’ approach which
is time-consuming. Various other PID controller-tuning approaches were presented
in [89, 74, 75]. A feedforward—feedback controller was proposed in [85] in which
processes that evolve exponentially were controlled.

1.5.3.  pH control

Adjusting the pH level helps to ensure product quality and reduces the amount of
equipment in the controlled object corrosion. Sufficiently effective pH control saves
the reagents used for controlling the pH level. pH level control is used in various
fields:

1. In biotechnology, pH control is applied to the cultivation of microorganisms and
metabolism [90].

2. In the chemical industry, for salt crystallization processes [91].

3. In surface treatment processes, for the efficient removal of paints and varnishes,
the hardness of nickel coatings, and for the selection of the brightness of nickel
coatings [92].

4. In fermentation processes, for the regulation of the fermentation time and the
growth of organisms in fermentation processes [93].

5. In pharmaceuticals, for studies on body reactions, stability and efficacy of for-
mulations [94].

6. For water softening, purification processes and other related applications [95,
96].

High quality control of pH is difficult because of many reasons: very strong
non-linearity of biochemical processes, titration curves and pH measurement itself,
high sensitivity of the microorganisms even to small temporary deviations of the pH
level in the cultivation media, and drift of the pH sensors [97, 98].
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Figure 1.7. Example of a titration curve

From the titration curve, it can be seen that the addition of a base solution to the
acid solution, and vice versa, changes the pH non-linearly, and the rate of this variation
increases significantly in the range from pH = 3 to pH = 11 depending on the strength
of the solution and the reagent added. Therefore, even a slight deviation of the reagent
can prompt drastic pH deviations. For comparison, when using a strong acid and alkali
reagents system, the order of magnitude of the measurements of the titration process
at pH = 6...7 is 6 orders of the magnitude higher than the measurements when pH is
between 0 and 1.

The academic community has proposed various PID controller parameter tuning
approaches for high-quality pH control (Table 1.4).

Table 1.4. Summary of pH control algorithms presented by the academic community

Author Model type Year Reference
Henson et al. input/output linearization 1994 [99]
Yloestalo et al. self-organizing fuzzy controller 2001 [100]

Yan et al. nonlinear model predictive control 2022  [101]
Kim et al. model predictive control 2023 [102]
Nsengiyumva et al.  self-adaptive fuzzy controller 2018 [50]
Galvanauskas et al.  gain scheduling 2009 [103]

Henson et al. [99] proposed an adaptive nonlinear control strategy for pH con-
trol. The non-linear controller development is based upon an adjusted input/output lin-
earization method which considers the implicit output formula in the reaction invari-
ant model. The adaptive control algorithm was implemented by expanding the stan-
dard controller with indirect parameter approximation based on unmeasured buffer-
ing changes. Yloestalo et al. [100] compared several adaptive pH control algorithms
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— the standard PID controller, the controller based on the algorithm developed by
Kurz [104], a self-organizing fuzzy controller, and a multimodel controller that is
based on a self-organizing map. All the presently mentioned controllers outperformed
the standard PID controller. Kim et al. proposes a model predictive control based sys-
tem for parallel mini-bioreactors [102]. Nevertheless, most of the discussed control
algorithms suffer from some drawbacks, such as a complex controller design, huge
time investments for development, expensive hardware, or excessively many tuning
parameters. On the other hand, well-functioning pH control systems can be used to
monitor biological reaction rates [105]. Therefore, it is of primary importance to
elaborate simple, robust, and easy to implement methods for precise pH control.

1.6. Conclusions of the chapter

1. Biotechnological process control is one of the most complex control types due
to its characteristics: nonlinear relationships between the process variables,
time varying dynamic properties, lack of inexpensive and reliable sensors, and
knowledge of complex process.

2. Standard PI(D) controllers are used in the industrial biotechnological process
control even though many advanced control solutions have been proposed by
the academic community. The proposed advanced solutions tend to be complex,
therefore, they are not attractive for industrial applications.

3. Basic PI(D) controllers are not able to cope with the changing conditions of the
controlled process. Adaptation of the controller parameters is needed to keep
up with the changing conditions and to maintain or increase the performance.

4. The adaptive controllers need to rely on simple measurements and be easily im-
plementable in the industry. They should be user-friendly and relatively simple,
compatible to standard control and measurement equipment, easy to tune and
to develop. Their performance should be compared with the standard PI(D)
controller performance since most of industrial biotechnological processes are
still controlled with the conventional PI(D) controllers with fixed parameters.
Based on these observations, gain-scheduling, Fuzzy logic, statistical analysis
and polyno-mial-based PI controller parameter adaptation algorithms shall be
developed.

5. Specific growth rate, pH, dissolved oxygen concentration and temperature are
the most commonly controlled variables in the biotechnological process control.

6. The Effective control of these process variables is needed to maximize the per-
formance of biotechnological processes.
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2. PROPOSED METHODS FOR ADAPTIVE CONTROL OF BIOTECHNO-
LOGICAL PROCESSES

2.1. Adaptive control algorithm selection

In this doctoral dissertation, several adaptive control algorithms shall be presented.
To help the user in the selection between the different developed adaptive control
algorithms, activity diagrams in UML were created for each of the investigated control
variables.

2.1.1. SGR control

When selecting an adaptive control algorithm for SGR control, the process and math-
ematical knowledge need to be taken in to account.

]
Biotechnological process
requires adaptive SGR control

T;Expen knowledge attainab

Expert knowledge not attainable Disturbance rejection task

ISetpolm tracking task-
Y

Deep mathematical skills are available

Deep mathematical skills not available

Select Pl + Fuzzy-based
Select MFA-based algorithm Select Pl + GS-based algorithm
algorithm

A A V‘
L —

Implement selected control
algorithm

Figure 2.1. SGR adaptive control algorithm type selection UML activity diagram
Fuzzy knowledge-based PI controller parameter adaptation (Section 2.2) is more
suitable for disturbance rejection tasks, and it requires process knowledge. Mean-

while, the gain scheduling or MFA-based control techniques [58] require deep math-
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ematical skills or large amounts of experimental data and are more suited for the
setpoint-tracking task.

2.1.2. DOC control

When selecting an adaptive control algorithm for DOC control, mathematical skills,
process knowledge, and auxiliary variable measurement availability need to be taken
into account.

Biotechnological process
requires adaptive DOC control

Auxiliary variable measurment not available Auxiliary variable measurment is available

Deep mathematical skills not available

Deep mathematical skills are available Y

l

Select Pl + GS-based algorithm

Select Pl + Polynomial-based
algorithm

v y

—_—

Implement selected control
algorithm

:
O

Figure 2.2. DOC adaptive control algorithm type selection UML activity diagram
The gain scheduling-based adaptive control algorithm (see Section 2.3) does
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not require additional measurement equipment, and it relies only on the controller
input/output variables, thereby making it attractive for the typical DOC control pro-
cesses. In such cases when deep mathematical and process knowledge is not available,
the polynomial-based control algorithm (see Section 2.6) can be used. However, this
algorithm requires OUR values for the adaptation of the controller parameters; there-
fore, addition soft-sensors are needed to implement this algorithm.

2.1.3. pH control

When selecting an adaptive control algorithm for pH control, the auxiliary variable
measurement availability and mathematical knowledge need to be taken into account.

?

‘ Biotechnological process ‘

requires adaptive pH control

Auxiliary variable measurment is available

Auxiliary variable measurment is not available

Deep mathematical skills are available

Deep mathematical skills are not available

. -
‘ SEleerPI Siaustical ‘ Select Pl + GS-based algorithm

analysis-based algorithm

Y

algorithm

1

O

‘ Implement selected control ’

Figure 2.3. pH adaptive control algorithm type selection UML activity diagram
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The gain scheduling-based adaptive control algorithm (see Section 2.4) does
not require any auxiliary variable measurement equipment, and it relies only on the
controller input/output variables. The statistical analysis-based control algorithm (see
Section 2.5) requires a feed forward compensator which uses OUR values. There-
fore, this method relies on external parameter measurement, but does not require deep
mathematical skills and process knowledge to develop the control algorithm.

2.2. Fuzzy logic-based adaptive control of specific growth rate
2.2.1. Mathematical model of the biotechnological process

In this study, the biotechnological process was simulated by using the mathemat-
ical model of the Escherichia coli BL21 strain. This strain also harbored a pBR322
plasmid derivative and was cultivated in a recombinant fed-batch process, mainly be-
cause this recombinant protein is used in the typical bioreactor-scale processes. The
cultivation of the selected recombinant protein can be described as a two-phase pro-
cess. The target of the first phase is to accumulate the bioreactor with biomass. The
specific growth rate is usually relatively high for this phase. During phase two, the
recombinant protein is produced. During the described two phases, different optimal
temperatures were defined and maintained for each phase. In the simulated process,
the broth temperature was maintained at 37 °C during the first phase, thus maximizing
the biomass growth to the optimal level. At the start of the production process, the
temperature was reduced to 32 °C. The substrate feeding rate profiles and the induc-
tion time also exert significant influence on the process performance. Therefore, they
are also subject to model-based optimization. The induction time (8h) for the investi-
gated process of a given total duration was determined in [106] by using model-based
optimization techniques. During the model-based optimization of the process [106],
the process performance (productivity) index equal to the total target protein amount
at the end of the process was used. The online measurement techniques applied for
biomass and target protein analysis in the investigated process are described in de-
tail in [106]. For the online measurements of the biomass concentrations, alternative
techniques based on turbidity (optical density), permittivity measurements or off-gas
analysis can be used. For protein measurement, a promising alternative to the ap-
plied techniques are the model-based approaches (application of soft-sensors, generic
estimators, e.g. [107]) that would enable the online monitoring of the key process
variables.

A mathematical model presented in [106] was used to simulate the described
biotechnological process in Matlab. Since the model has already been identified, no
statistical analysis of the model parameters is carried out in this work. According
to other studies, preoptimized feeding rate profiles are used to control the biomass
growth and protein production [106]. This type of an open-loop system can be con-
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trolled effectively only when no considerable process condition deviations or equip-
ment disturbances/malfunctions are present. Failure to do so may lead to deviations
in the specific growth rate, thus reducing the process productivity. Therefore, SGR
was selected as the main controlled variable that would be maintained by controlling
the substrate feeding rate. An adaptive closed-loop control algorithm was used for
keeping the optimal SGRs trajectory on track. The discussed process can be described
by using the below provided differential equations.

% = u(s, T)x — u% (2.1)

% as(s, Tz + u22— i (2.2)
% = Gpa (11, Pz) (2.3)

6571: =u+ Fonp 2.4)

where = (g/kg) describes the biomass concentration. g (1/h) is the biomass specific
growth rate that is a function of the glucose concentrations s (g/kg) and the culture
broth temperature 7' (°C). Here, w (kg) is the culture broth weight, ¢s (g/(gh)) is
the glucose specific consumption rate. The glucose concentration in the feeding solu-
tion is denoted as .Sy (g/kg), while p, (U/(g biomass)) is the specific protein activity.
gpz (U/(gh)) is the specific protein accumulation rate; u (kg/h) and Fy,,, (kg/h) are
the substrate feeding and sampling rates, respectively. SGR is modeled by using the
Haldane-type model [58]:

N S Kz
N Mmasz +sK;+s

wu(s, T) exp(a(T —Theyf)) (2.5)

where (4. (1/h) is the maximal specific growth rate parameter. K; and K (g/kg) are
the inhibition and Monod constants. The extent to which the temperature influences
the growth rate is considered with the parameter « (1/°C'). The optimal growth phase
temperature is denoted as 7.y (°C'). The optimal temperatures which yield the highest
growth and protein synthesis rates were determined in the study by Volk et al. [108].
The specific consumption rate of the substrate ¢, is given by the following expression:

L s 1) +m 2.6)

xrs

qs(s,T) =

where m (g/(gh)) is a maintenance term and Y (g/g) is the conversion yield coeffi-
cient. This consumption rate is proportional to the cell growth and rate of substrate
consumption. Negative concentration of the substrate is avoided by implementing
saturation (s>=0) in the simulation code. The vital functions of the cell are also con-
sidered by implementing a maintenance term.
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According to the research on various recombinant proteins as target products,
the SGR and the temperature are stated as the essential parameters which influence the
protein production rate [58]. However, it could be that both parameters, depending on
the particular target product, may differ. Inclusion body formation and soluble protein
formation could be taken as an example, since the first requires a relatively high value
of the SGR compared to the second process [108, 109, 110, 111, 112, 113]. In the
simulation, the mathematical model of the target accumulation rate of the product g,
considers the actual protein activity and the influence of the SGR:

1

Tm(pmax(ﬂ) o pw) (27)

pr(ﬂapw) =

K, 4 p+ p? /Ky,
where 7T}, (h) is the protein accumulation time constant. The maximal specific protein

Prmaz (1) (2.8)

activity is defined as piq.(1)(U/(g biomass)). This parameter also depends on the
SGR: K, (U/(g biomass)), K, (1/h) and Kj;, (1/h) are the Monod and inhibition
constants, respectively. The oxygen uptake rate OUR (g/h) was described by using
the Luedeking—Piret-type model [113, 114]:

OUR = Yozt + Moy )xw (2.9)

where Y, (g/g) is a coefficient describing the conversion yield, and m,, (g/(gh)) is a
maintenance term. Equations (2.1)-(2.9) were used for modelling the behavior of the
described fed-batch process and to analyze the proposed adaptive closed-loop control
algorithm’s control performance. In this simulation experiment, it is presumed that the
bioreactor is ideally mixed and that neither actuators nor measurement devices cause
significant time delays which may influence the control quality. The model parameter
values identified in [106] were used in this simulation and can be found in Table 2.1.

Table 2.1. Model parameters used in the simulation experiment [106]

Model parameters

K; =93.8 g/kg K, =001741/h K, =751 Ulg Tyep =37°C
K, =061 1/ m=00242 g/gh M, =0.05g/gh  So=151 g/kg
Tpe=1.5h K,=0.0033 g/kg Yo, =0.7 g/g Yys = 0.46 g/g

a=0.0495 1/°C tmaz =0.737 1/h

If the time constant of a process falls in the range of minutes to hours, and the
duration of cultivation is lengthy, it implies that any changes in the process transpire at
a slow pace. As a result, it is possible to consider the process as continuous provided
that the controller’s discretization step is below 1 second. Therefore, controller speed
or delays do not influence the performance of the control algorithm.
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2.2.2. Adaptive control algorithm development

Considering the implementation of an SGR control algorithm in an industrial
biotechnological process, it should be user-friendly and relatively simple, subject
to standard control and measurement equipment, easy to tune and to develop. The
adaptation properties that consider the parameter change over time during the process
should also be considered in this type of control algorithms. Based on the above con-
siderations, a PI controller with fuzzy-based parameter adaptation has been developed
and investigated.

The application of an ordinary PID controller is limited due to the non-stationary
and non-linear behavior of the described biotechnological processes. Adaptation of
the controller parameters may be needed because of the dynamic response variation
considering the systems operation point. To fulfill the control quality and stability
requirements, adaptation of the controller parameters is needed. This can be realized
by using adaptive control techniques. Therefore, a fuzzy model was designed and
implemented to adapt the PI controller parameters throughout the cultivation. Since
the main goal of the fuzzy system is to recalculate the PI controllers tuning parameters,
a classical Fuzzy system is sufficient for this task. The usage of a more complex
dynamic Fuzzy system would slow down the response and increase the complexity of
the system. As the SGR cannot be directly measured online, a state estimator and an
auxiliary variable for the calculation of the signal were used [58]. These variables are
then used for the feedback loop and fuzzy model input. In this simulation experiment,
it was decided that the OUR would be a suitable additional variable due to the fact that
it not only reflects the physiological state of the cultures, but it has good correlation
with the SGR. Nevertheless, it is possible to accurately measure it during a bioreactor-
scale cultivation process.

\

Mset e u OUR, w
+ PI controller > Process

-A 7y

Fuzzy model-
based adaptation |

Estimation of pu [

Figure 2.4. General structure of the fuzzy-based adaptive PI control system for specific
growth rate control
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Figure 2.4 represents the general structure of the developed fuzzy-based PI
controller. The Process function block part of the presented scheme represents the
biotechnological process that is modeled using the validated model presented in [106].
Function block Estimation of 1 is carried out by using the soft-sensor presented in
[58]. To create the Fuzzy model-based adaptation function blocks, the input and out-
put variables for the fuzzy system need to be defined. Since the function of the fuzzy
model is to adapt the PI controller parameters, controller gain K, and integration time
constant 7; parameters were selected as the output variables. The classical fuzzy sys-
tem is selected for implementation since the dynamic fuzzy system would increase
the complexity of the algorithm. Both 7; and K. depend on the process variables as
described in [58]:

Koockow (2.10)
k1

Tioc———— 2.11

“OURJw + ks @11

where ko, k1 and k9 are fixed parameters, the values of which are subject to optimiza-
tion and were calculated and discussed in detail in [58]. The aim of the optimization
was to find a set of parameters which minimizes the tracking error (e.g., the inte-
gral time absolute error (ITAE)) of the designed control system when using Equations
(2.10) and (2.11) for controller parameter adaptation. Since the PI controller param-
eters mainly depend on OU R and w, both process variables need to be used in the
fuzzy system. To decrease the complexity of the fuzzy system, the ratio of these two
process variables was used as the input for the fuzzy system.

According to the heuristic knowledge available, the following rules were created
for the fuzzy system:

IF OU R/w is poor, THEN 7; is big

IF OU R/w is excellent, THEN T; is small
IF OU R/w is poor, THEN K. is small

IF OUR/w is excellent, THEN K. is big

Both for the input and the output of the fuzzy model, two Gaussian membership
functions were selected. To avoid the extensive overlapping of the membership func-
tions, the number of the membership functions used per parameter was decreased to
two as seen in Figure 2.5.
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Figure 2.5. Fuzzy model membership functions: model input membership functions (a),
model output 7; membership functions (b), model output K, membership functions (c)

Whether a fuzzy application is implemented successfully depends on a number
of factors. One of these are the membership functions of the fuzzy model. However,
these are usually decided upon subjectively. One way to improve the performance
of the fuzzy model is the use of the genetic algorithm (GA). Various studies have
shown that GAs and other heuristic algorithms are able to improve the system’s per-
formance by optimizing the membership functions [115, 116, 117]. Due to its sim-
plicity and straightforwardness, a genetic algorithm was developed to find the optimal
membership function parameters. GAs adapt a direct analogy of the natural evolu-
tion to perform global optimization in order to solve highly complex problems. They
assume that the possible problem solution is individual and can be described by a
set of parameters. These parameters are coded as genes of a chromosome and can
be structured by a string of concatenated values. Variable representation is defined
by the encoding scheme that can be represented by various forms, such as binary or
real numbers, depending on the data in use. The search space of the data is usually
defined by the problem. In this simulation experiment, the fuzzy model membership
function parameters were coded in the chromosomes. At the beginning, an initial
chromosome is randomly generated. Then, the fitness values of all chromosomes are
evaluated by calculating the objective function in the decoded form. Since the pro-
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cess performance depends on the tuning of the controller, the integral time absolute
error (ITAE) value of the SGR setpoint tracking was selected as the fitness function
since this criterion was also used for the system’s performance evaluation. After get-
ting determined by the fitness of each individual, the best chromosomes are grouped,
based on the lowest ITAE value, and the group with the lowest value is then selected
in the selection process. Such genetic operators as crossover and mutation are ap-
plied to this selected population in order to improve the next generation solution. The
process is repeated until the population converges to the global minimum, or another
termination criterion has been reached. In the reproduction phase, the fitness value of
each chromosome is evaluated, and it is used in the selection process to provide bias
towards fitness individuals. Then, a crossover algorithm is initiated once the selec-
tion process has been completed. The background operator in genetic algorithms is
mutation. The parameters of the GA directly depend on the number of variables. In
the recommendations provided by the authors of the GA, the number of generations
should be equal to Numberofvariables = 20 + 10, and the population number is
calculated as Numberofvariables = 50 by default. After the manual tuning of the
membership function parameters based on the heuristic knowledge of the process, 10
membership function parameters were selected for further optimization with the GA,
thus simulating 210 generations with 500 populations. The initial generation was cre-
ated randomly. The large number of generations did not bring significant changes,
hence it was decided to use 50 generations for testing. The mutation and crossover
parameters were left at their default values. Parameter identification was performed
20 times to avoid local minimums and lucky guesses. In Table 2.2, the parameters
used for the GA are presented.

Table 2.2. Genetic algorithm parameters

No. of Generations  Individuals in One Generation =~ Mutation Probability  Crossover Probability

50 500 0.1 0.9

This GA was used to search for the optimal parameters of the fuzzy controller
membership functions. Each individual represents a simulation of the biotechnolog-
ical process where the PI controller parameters are adapted by using the generated
fuzzy model. The structure of the controller is constant and does not change during
the simulation of the process. The GA searches for the optimal fuzzy model structure
by defining the membership function parameters. In the applied genetic algorithm,
the only termination criterion was the predefined number of generations. This al-
lowed avoiding early convergence and local optima. After 50 iterations, the GA was
stopped as shown in Figure 2.6.

37



4.3 T T T T T T T T T

4251 1

421 T

ITAE

4151 1

4‘05 1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50

Number of generations

Figure 2.6. ITAE criterion change during each generation of the genetic algorithm

The developed PI controller with fuzzy-based adaptation was implemented in
the model simulation and used for the performance evaluation of the system. The K,
and T; dependencies are presented in Figure 2.7.
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Figure 2.7. PI controller parameter dependencies generated by the fuzzy model: integration
time constant 7;(a), controller gain K, (b)

2.3. Gain-scheduled control system for dissolved oxygen control
2.3.1. Development of adaptation algorithm for DOC control

The dynamics of the dissolved oxygen concentration in culture medium can be repre-
sented by a simple tendency model based on the mass balance for DOC:

d
df = Kra(cse — ¢) — OUR (2.12)

where K a is the oxygen transfer coefficient, s~
Kra = au’q’ (2.13)
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¢ 18 DOC, %; cgq¢ 1s the saturation value of DOC, %; OU R is the oxygen uptake rate,
mmols~'; u is the stirring speed (control variable), s~ '; g is the air supply rate, [s~';
«, (3 and ~ are parameters, -; and ¢ is time, s. c¢sq¢ depends on the culture temperature,
the pressure in the bioreactor and the chemical composition of the culture. During
these simulation studies, it was considered that the culture temperature and pressure
in the bioreactor remained stable. The pressure could be monitored by a soft sensor
proposed by Survyla et al. [118].

Linearization of Equation (2.12) around the process state point at time ¢ with
respect to the state (¢) and the control (u) variables represents the DOC dynamics
equation at time tj:

dAc _
— = [’ ¢ i—t, Ac + [aBu” 17 (coar — €)1t Au (2.14)
From Equation (2.14), the DOC dynamics can be represented by a first-order transfer

function model:
_ Ac(s) _ Ky (tg)

Gac(s) = = 2.15
2= R0uG) T Tolte)s +1 2.15)
From this equation, the K, and T}, controller parameters can be derived as:
Csat — C
Kpr(tr) = [5(5";)]“& (2.16)
Tor(tr) = ! 2.17
pr(te) = [W]t:tk (2.17)

K, (t) and T, (tx) are the process controller gain and the integration time constant
at time point ¢, respectively, s is the Laplace operator. The resultant dynamics of the
controlled process in the DOC control system also depends on the stable dynamical
parameters of the motor—stirrer system and the DOC electrode. As the time constants
of the above control system elements are significantly smaller compared with the time
constant 7}, (t), their influence on controlled-process dynamics is taken into account
by adding some time delay to the transfer function model (Equation (2.15)). There-
fore, the dynamics of the DOC control process can be roughly represented by the
first-order-plus-time delay (FOPTD) model:

Kpr(tk) -7

where 7, s is the time delay representing the influence of the dynamics of the con-
trol system elements. According to the PI controller tuning rules for static objects
(Ziegler—Nichols, internal model control (IMC), etc. [113]), the controller gain K. is
proportional to the ratio T'pr/ K pr /7, and the integration constant 7; is proportional to
the resultant time constant 7}, [119]. Taking into account the functional Relationships
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(2.16) and (2.17) and assuming that the controlled value of the DOC during the culti-
vation process is close to the setpoint value (¢ = cq¢), the character of relationships
between the controller tuning parameters and the controller output and the setpoint
signals can be estimated:

1 U
auﬁq’Y B(Csat - C)
Based on Relationship (2.19), the gain scheduling algorithm for controller gain adap-
tation takes the following form:

Ko(ty) ~ Tpp/Kpr/T = (2.19)

KKC
(u(tk)ﬁil)(csat - Cset(tk))
where v and cg; are the gain scheduling variables; K. is the coefficient for tuning

the controller to obtain desired performance of the control system (approximate values
of the coefficient can be taken from the desired controller tuning rules). The power [

K.(ty) = (2.20)

of the stirring speed in the oxygen transfer rate estimation Equation (2.17) is typically
B = 2 [114], and Formula (2.20) for scheduling the controller gain coefficient can be
reduced to:

KKC

u(tk) (Csat — Cset (tk))
The character of relationships between the controller integration constant and the con-
troller output is the following:

Ko(ty) = .21)

1

—_— 2.22
per (2.22)

Ti"’Tpr:

Based on Relationship (2.22), the gain scheduling algorithm for controller integration
time constant adaptation takes the following form:

K
Ty = ——= (2.23)
T (u(tr)?
1
Kri = kpi— (2.24)
aq”

where k7 is the coefficient for tuning the controller to obtain the desired performance
of the control system (the approximate value of the coefficient can be taken from the
desired controller tuning rules).

2.3.2.  Mathematical model of the biotechnological process

To simulate the biotechnological process, a validated mathematical model of an E.coli
fed-batch process presented in [106] was used:
dx Fs + Fp H
— =pur - —— 2.25
P v (2.25)
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ds F,Sy B S(Fs + FpH)

i 2.2
i~ Bty Vv (2-26)
dVv
o Fs + Fog — Famp (2.27)
S K; Ca
= Mmax 2.28
p=# K+ sK;+scq+ ke ( )
qs = ,U/st —m (2.29)
Nsetxv
Fo=—"—" """+ 2.30
Yxs(SO - 5) ( )

where x 1s the biomass concentration in the cultivation medium, glfl; 14 is the biomass
specific growth rate, Ih—!; V is the cultivation medium volume, 1; Sy is the substrate
concentration in feed, glfl; Fpyp 1s the sampling rate, Ih—!; Y, is the biomass/-
substrate yield coefficient, gg_l; ¢, is DOC in absolute units, mmol 171; k. is the
parameter, mmol 17!, The Luedeking—Piret model was used to calculate the oxygen
uptake rate [113]:

OUR = uY2V + maV 2.31)

The values of the model parameters are given in Table 2.3 and were selected from the
ranges described in literature [25, 106, 103].

Table 2.3. DOC model parameter values and initial conditions of the state variables
[25, 106, 103]

Model Parameters

Y =0.8646 gg ! m=0.018 gg~'h! Y,s=052gg !

fmaz =0.737 Th™! K;=938¢gl"! So =450 gl !

ke=0.00265mmol I K, =0.02 gl"* Fmp=0.0251h"1
Initial Conditions

V(0)=45L 2(0)=0.25gl"! 5(0)=05¢gl!

A set of equations is used to model and simulate the controlled process in Mat-
lab/Simulink. A detailed explanation of the development and validation of these mod-
els is presented in [25]. The dynamics of the air supply and stirring systems is modeled
by Equations (2.32) and (2.33). Equations (2.34) and (2.35) represent mass balances
on oxygen in liquid and gaseous phases. Equations (2.36) and (2.37) are used to model
the second-order dynamics of the DOC electrode:

dq 1
= —(Qset — 2.32
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du 1

E = T(uset - u) (2.33)
%:—OUR + ol V(&—c) (2.34)
di v q H a .
Yo _ L0 1021 yo,) ~ @’ (- ~D(PZ o 239)
dt Ve ? € H @smme
dag 1 coH
G = 7 (10055 —aq) (2.36)
dc 1
& = 7 (= cal) 2.37)

where ¢, is the set value of the air supply rate, Ihn—'; u,.; is the set value of the stirring
speed (the control variable), h~!; yo, is the portion of oxygen in exhaust gas, -; OU R,
is the volumetric oxygen uptake rate, mmol 17! h™!, a,; is the auxiliary variable, %:;
ce; 1s the signal from dissolved oxygen (DO) electrode, %; H is Henry’s constant,
1 mmol~!; V is the volume of the cultural liquid, 1; v,,,; is the volume of mmol of
gas, | mmol—!; T4, Ty, Ter1, Tepo are the time constants of the air supply system, the
motor-stirrer system, and the DOC electrode, respectively, s; € is gas holdup in the
gas-liquid dispersion, -.

The DOC model parameter values and the initial conditions of the state variables
are given in Table 2.4. The parameters of the model equations are taken from the
ranges reported in literature [85, 25].

Table 2.4. DOC model parameter values and initial conditions of the state variables [85, 25]

Model Parameters

H =0.7906 1 mmol ! e=0.15 Ten=10s
Teo=2s T,=2s T,=1s
a=0.8e-7 6=2 v=0.2

Umor = 0.0224 1 mmol
Initial Conditions

cet(0) = 10% q(0)=2s"1! u(0)=2.5s""1
ca(0) =0.0266 mmol 1! y2(0) = 0.2099 ae(0) = 10%

Since previously validated mathematical models which do not have any black
box elements are used, no additional statistical analysis of the models in use is per-
formed. A scheme of the DOC control system is depicted in Figure 2.8.
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Figure 2.8. Block diagram of the dissolved oxygen concentration (DOC) control system

As shown in Figure 2.8, the DOC adaptive control system uses gain schedul-
ing [120], but uses only the controller input/output signals for the development of the
algorithm. The Bioreactor function block is modeled by using the validated mod-
els described in [25, 106, 103]. The DOC measurements were simulated by adding
Gaussian noise:

Cetm (tr) = cei(ty) + o Randn (2.38)

where c,;,,, 1s the measured value of DOC; o is the standard deviation estimated from
real measurements (020.2%), Randn is a sequence of normalized Gaussian random
numbers. This noise level is considered as the maximal amplitude for these types of
processes. In the gain-scheduling and PI-control algorithms, the time discretization
step At = 0.18 s was used throughout the simulation experiments. An example on
how to initialize Matlab/Simulink is presented in Appendix 1.

2.4. Gain-Scheduled control system for pH control
2.4.1. Development of adaptation algorithm for pH control

In fed-batch cultivation processes, the hydrogen-ions concentration can be modeled
considering the influence of bacterial growth, as well as the dosing of acid and alkali
solutions during pH control and dilution effects:

dCr+
dt

For(Ch: —Cu+)  FiCp+
|4 |4

= (aqpx + agz) + (2.39)
where C’%H and C'gy+are the concentrations of hydrogen-ions in the cultivation medium
and in the alkali solution, respectively. Real and theoretical calculations of C%Jr can
differ and require model-based identification. x is the biomass concentration in the
cultivation medium, g/I; p is the biomass specific growth rate, 1/h; F,p is the flow
of the alkali solution for pH control, 1/h; F§ is the flow of the feeding solution, 1/h;
V' is the cultivation medium volume, 1; a1, oo are the model parameters to be iden-
tified from the experimental data. For practical implementation, F}, 5 and F can be
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calculated as:

For(tp_1) — Fpu(t
Fou(ty) = =2 ( ’;kl)tk lp (t) (2.40)
FS t — FS t

where Fp,r(ty), Fs(ty), Fpr(te—1), Fs(tg—1), ty and t;_; are taken from the exper-
imental scale data of the alkali and substrate solutions. The initial value C'y+(0) is
equal to 10~7 mol/l, and this level matches the pH level of 7. The linearization of
Equation (2.39) around the process state point at time ¢; with respect to the state (c)
and the control (u) variables leads to the equation representing the C'y+ dynamics at
time ty:

dAc _ _[AC(FPH + Fs)] n [AU(C%+ — CH+)]
dt % =t v =

(2.42)

From Equation (2.42), the C'g+ dynamics can be represented by a first-order transfer

function model:
~ Ac(s) Ky (tr)

G ac = = 2.43
20 = Rule) T Toltys + 1 (243)
From this equation, the K, and T}, controller parameters can be derived as:
(C?H —Cpy+)
K, (ty) = [ ———F|i= 2.44
pr( k) [ FpH T Fs ]t—tk ( )
\%
Tor(ty) = | ———|i= 2.45
pT‘( k) [FpH + Fs]t*tk ( )

K, (t) and T),,(t,) are the process controller gain and the integration time constant
at time point ¢, respectively, s is the Laplace operator.

As the time constants of the above control system elements are significantly
smaller, compared with the time constant 7}, (t), their influence on the controlled-
process dynamics is taken into account by adding some time delay to the transfer
function model (2.43). Therefore, the dynamics of the pH control process can be
roughly represented by the FOPTD model:

KPT (tk) -7

Ac = 2.4
Gl = 7 (s +1 P (2.46)

where 7, s is the time delay representing the influence of the dynamics of the con-
trol system elements. According to the PI controller tuning rules for static objects
(Ziegler—Nichols, the internal model control (IMC), etc. [113]), the controller gain
K. is proportional to the ratio T'pr/Kpr/7, and the integration constant T is pro-
portional to the resultant time constant 7). [119]. Taking into account the functional
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Relationships (2.44) and (2.45) and assuming that the controlled value of the pH dur-
ing the cultivation process is close to the setpoint value, the character of relationships
between the controller tuning parameters and the controller output and the setpoint
signals can be estimated:

1 |4

Ko(ty) ~ T/ Ky 7 = = o
(k‘) :D/ P/T TC%+—CH+

(2.47)

Based on Relationship (2.47), the gain scheduling algorithm for the controller gain
adaptation takes the following form:
KV

Relte) = G0 (60) — Core (1) (249

where K. ~ % is the coefficient for tuning the controller to obtain the desired perfor-
mance of the control system (approximate values of the coefficient can be taken from
the desired controller tuning rules).

The character of the relationship between the controller integration constant and
the controller output is the following:

%
Ti~Ty = ——— 2.49
7 pr FpH +Fs ( )

Based on Relationship (2.49), the gain scheduling algorithm for the controller integra-
tion time constant, the adaptation takes the following form:

kriV (tk)
Ti(tr) = (2.50)
) = By (t) + Fuli)
where kr; is the coefficient for tuning the controller to obtain the desired performance
of the control system. Based on the available online measurements, the following

control algorithms can be developed:

* A control algorithm where Iy, F, and V' are measured online.

* A control algorithm where F,; and F are measured online, and a constant
average value of V' is used.

* A control algorithm where F},; and V' are measured online, and F's is estimated
as Iy = kF,y,

e A control algorithm where only Fj,5 is measured online, V' is considered con-
stant and equal to the average value, and Fj is estimated as Fs = kF),p,
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where k is a tuning parameter. A diagram of the investigated adaptive pH control
system realizing the adaptation algorithm with the controller output and input signals
as gain scheduling variables is depicted in Figure 2.9.

............................................

i Adaptive controller

Gain scheduling
algorithm

T K

pH setpoint_ /N | ' Fon pH

T Pl controller : Bioreactor

Figure 2.9. Block diagram of the pH adaptive control system

The adaptive control system uses gain scheduling [120], but uses only the con-
troller input/output signals for the development of the algorithm. The Bioreactor func-
tion block is modeled by using the validated models described in [103].

2.5. Unified structure of adaptive system for pH control
2.5.1. Mathematical model for pH control simulation

In this simulation experiment, a mathematical model [103] was used to simulate the
biotechnological process. The process P&ID is presented in Figure 2.10. This section
focuses on the adaptive pH control loop marked as QC4.

The main process variable in the analysed system is the pH level of the medium.
pH can be described as the concentration of free hydrogen-ions as:

pH = —log1oCp+ (2.51)

where Cpy+ is the concentration of hydrogen-ions in the cultivation medium. The con-
centration of hydrogen-ions in a fed-batch cultivation process can be modeled consid-
ering the influence of bacterial growth, and the addition of acid and alkali solutions
during the pH control and dilution effects:

dCr+
dt

For(Chry —Cu+)  FiCp
|4 v

= (a1 px + aox) + (2.52)
where C’IO{+ is the concentration of hydrogen-ions in the alkali solution. This concen-
tration can differ from the one calculated theoretically and is subject to model-based
identification. z is the biomass concentration in the cultivation medium, g/1;  is the
biomass specific growth rate, 1/h; Fj, g is the flow of the alkali solution for pH control,

46



Agitator

\

\

\

\

\

\

- ( > |
Acidic Reagent 0 L Pressure

\

\

\

[

|

|
| [
| I (e
Alkali Reagent Level Ry
T
| > ‘
: |
Glucose Solution Bioreactor pH |
J i
> Dissolved CO,
NULTIENtS. e Dissolved Oxygen
&y

Cells e - Broth Glucose Concentration
Broth Product Concentration

Broth Biomass Concentration

Jacket Cooling > Jacket Temperatur
(e |
&

| 02 Air
| Flow Flow

Figure 2.10. Basic control system loops for a typical microbial cultivation process [58]

I/h; Fy is the flow of the feeding solution, I/h; V' is the cultivation medium volume,
I; o, oo are the model parameters to be identified from the experimental data. For
practical implementation, Fj,; and Fy can be calculated as described in Equations
(2.40)-(2.41).

The initial value C'+(0) is equal to 10~7 mol/l, and this level corresponds to
pH 7. The biomass growth in the fed-batch process can be modeled by means of the
differential equation:

dx Fs + FpH
b L 2 2.
i Hx v T (2.53)
OUR is modeled as follows:
OUR = BrpuxV + BoxV (2.54)

where (31, B2 are model parameters that need to be identified from the experimental
data [103]. Additionally, for the simulation purposes, the model for the evaluation of
the feeding solution flow is described as:

F, = HsetTV
Y:L"SSO

(2.55)

where Sy is the substrate concentration in the feed, g/l; Y, is the biomass/substrate
yield coefficient, g/g. In this simulation experiment, SGR was held constant, ;1 =
Lsets since the real specific growth rate is not measured directly, and the process is
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controlled under substrate limitation conditions. The values of the model parameters
from the previous experiments are given in Table 2.5. Model parameter identification
is described in [103]. In this simulation experiment, only Phase 1 parameters are used.

Table 2.5. Values of model parameters [103]

Parameter Value Parameter Value
Model parameter cvq 0.422-10~" mol/g Initial biomass concentration 2g/l
Model parameter s 0.011- 1077 mol/g Initial hydrogen-ions concentration 10~ mol/l
Model parameter 31 0.8646 g/g Initial medium volume 51
Model parameter (5 0.018 g/gh Substrate concentration in feed S 450 g/l
Biomass/substrate yield coefficient 0.52 g/g pH setpoint 7

As the real measurements of pH and OUR are corrupted by noise, the measure-
ments in this simulation study were simulated by adding white Gaussian noise:

Cetm(k) = cei(k) + o Randn (2.56)

where ¢, is the measured value of pH or OUR; ¢ is the standard deviation estimated
from real measurements (o= 0.1 % in the analyzed case), Randn is a number from the
Gaussian random numbers sequence with zero mean and unit variance; k denotes an
index of a discrete measurement point. The time discretization step of the adaptation
and the control algorithms is set to At = 0.18 s. In the simulation experiments, the
time profile of the biomass specific growth rate variation, as presented in Figure 2.11,
is chosen to simulate close to realistic operating conditions in the fed-batch cultivation
process. In this study, the specific growth rate ;¢ was maintained constant at 0.5 1/h.
To simulate a system malfunction (a feeding pump failure or negative influence of the
anti-foam agent addition), it was reduced to 0.1 1/h for 0.2 h every 2 hours starting
from the 15! hour of the cultivation process.

0.6

01 - - .

0 | | | | | | | | |
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Time, h
Figure 2.11. Specific growth rate 4 trajectory during a simulation run

Since previously validated mathematical models which do not have any black
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box elements are used, no additional statistical analysis of the used models is per-
formed.

2.5.2. Adaptation of PI controller parameters based on feedback signal statistical
analysis

Previous studies of pH control systems in bioreactors have shown that, due to changes
in the process dynamics, it would be appropriate to adapt the parameters of the PI
controller, especially the integral time constant 7;, that has been proven to be the
main tuning parameter that depends on the process load. The optimal value of the
control parameter K. depends only on the culture broth volume that does not change
significantly during the process [103]. The adaptation of the controller parameter 7;
is based on statistical analysis of the feedback signal of the system. In the controller
adaptation algorithm, the average value of the error of the feedback signal cgqe is
calculated online from a moving window:

k—1
2 cal(i (2.57)

1=k—n

3\*—‘

Cave

Offset(k) = Cset — Cave(k) (2.58)

where n is the moving window length that is subject to model-based optimization,
-. ¢ 1s the feedback signal value and cg; is the setpoint value,-. Additionally, the
average absolute deviation is calculated from the feedback signal:

Z |Cel(Z cave(k)‘ (2.59)

3\'—‘

Dabsave

The above presented statistical parameters are applied for online tuning of the
controller integration constant 7; using the following rule:

IF ‘Offset( )| > Omax OR Dabsave(k) > Dmax

THEN T;(k) = Ti(k — 1)(1 — @10 fset(K))

ELSE T;(k) = T;(k — 1)
where a1, -, Omaz, - and Dy,qz, -, are tuning parameters, and they are subject to
model-based optimization. Controller gain K. was not changed and was thus held

constant during the controlled process. The block-diagram of the adaptive pH control
system is presented in Figure 2.12.
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Figure 2.12. Block-diagram of the adaptive pH control system

The Feedback signal statistical analysis function block represents the statisti-
cal analysis performed on the controller’s feedback signal originally introduced by
R.Kalman [121]. To account for the variation of the bioprocess state, a feedforward
compensator block [122] is implemented to support the adaptive PI controller which
produces control action based on the OUR online estimation. Basic changes in the
bioprocess state can be reflected by OUR that also correlates well with the dynamics
of the system. This signal can be used as a basis for the feedforward compensation
block in the proposed hybrid adaptive control. Currently, the industrial bioreactors
can be equipped with off-gas composition (O3, C'O2) and aeration gas flow rate mea-
surement devices. This allows online estimation of the OUR signal. The feedforward
compensator can be described as follows:

Ui = a2OUR (2.60)

where as, /g, is a tuning parameter that can be calculated from the other model param-
eters and manually tuned. The feedforward part defines the main part of the control
signal, whereas the PI output signal is used for more precise tracking of the set pH
value. The feedforward part of the control algorithm alone cannot assure sufficiently
precise pH setpoint tracking under real conditions due to the occurring unpredictable
metabolic shifts within the culture. The feedforward part is also inefficient because it
cannot compensate large transients caused by the disturbances, even when used with
a standard PI algorithm. There are various possible technological or specific growth
control-related reasons why pH the setpoint can change or be manipulated, and system
malfunctions could be one of them. It should be considered that the manipulation of
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the pH setpoint during the controlled process distorts the data in the moving window,
and, therefore, the statistical parameter estimates as well. Since these values are used
for the controller parameter adaptation, the adaptive control system based on the feed-
back signal statistical parameters is preferable to control the pH at a constant setpoint
only. A suitable width of a moving window and the value of the coefficient a; in the
tuning rule was determined from early simulation experiments by evaluating the IAE
criterium with different parameter values. Different widths of the moving window n
were tested. The optimal values of the tuning parameters are given in Table 2.6.

Table 2.6. Values of the control system tuning parameters

Parameter Value
Controller gain K, 6.6 h/l
Width of moving window n 2.7s
Model parameter oy 0.0205
Model parameter oo 0.8174 /g
Model parameter O, 40 0.0001
Model parameter D4, 0.0015

2.6. DOC control in atypical cultivation processes

A major objective of fermentation is to obtain the highest possible amount of the prod-
uct in a given volume and time frame. High cell densities are a prerequisite for high
productivity [123]. The search for optimal conditions may lead to atypical cultivation
processes where standard parameters (for example OUR) can change across a much
wider range. An example here could be the DOC control where the following as-
sumptions are made for the simulation of the DOC dynamics of an atypical cultivation
process:

1. OUR in the atypical cultivation process is 3 times higher if compared with an
ordinary cultivation process, therefore, OU R, (t) = 30OUR(t);

2. Starting from the time point t = 4000 s, every 2000 s, some anti-foam agent is
added into the bioreactor. This action extremely reduces the oxygen transfer
capacity in the bioreactor for 30 seconds (parameter « is reduced by 70% for
this time interval).
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2.6.1. Mathematical model for DOC control simulation for atypical cultivation pro-
cesses

In the simulation experiments, the controlled process was simulated by using the fol-
lowing state model described in [25, 84]:

dq 1
% = ?(QSet - Q) (2.6
q
du 1
s = ?(uset —u) (2.62)
de ¢ Yo
e _ a Boy(29
7 OUR 1 o + au’q"( I Ca) (2.63)
yo, _ 4.1 _ o) — adfar (L — 1y Yo
dt V(E 1)(0'21 yOz) au-q (6 1)( o Ca)vmol (2.64)
dael 1 CaH
= 1 - 2.
it~ Ty (00057 el (2.65)
dee 1
e N CUR ) (2.66)

where ¢s¢; 1S the set value of the air supply rate, Th™1; wuge is the set value of the
stirring speed (the control variable), h~!; yo, is the portion of oxygen in exhaust gas,
-; OU Rty is the volumetric oxygen uptake rate, mmol 171 h™1, a,; is an auxiliary
variable, %; c.; is the signal from the dissolved oxygen (DO) electrode, %; H is
Henry’s constant, 1 mmol~!; V is the volume of the cultural liquid, 1; vy, is the
volume of mmol of gas, 1 mmol~1; Ty, T, Ter1, Teio are time constants of the air
supply system, the motor-stirrer system, and the DOC electrode, respectively, s; € is
gas holdup in the gas-liquid dispersion, -. The development of the above model is
detailed in [25]. The values of the model parameters are given in Table 2.7. Since
previously validated mathematical models that do not have any black box elements
are being used, no additional statistical analysis of the used models is performed.

2.6.2. Adaptation algorithm development

In atypical cultivation processes, extremely large disturbances of the DOC may occur.
Typically, the disturbances take place at time points when some anti-foam solution
is added to the cultivation medium to avoid intensive foaming, which deteriorates im-
portant instrumentation of the bioreactor and spoils the cultivation process. Therefore,
the foam reduction procedures are commonly used in atypical cultivation processes.
This action extremely reduces the oxygen transfer capacity in the bioreactor. The set
OUR profile is presented in Figure 2.13.
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Table 2.7. DOC model parameter values and initial conditions of the state variables [25, 85]

Model Parameters

H =0.7906 1 mmol~! e=0.15 T.1=10s
Teo=2s Ty=2s T,=1s
a=0.8e-7 6=2 v=0.2

k. =0.00265 mmol 1! Umeol = 0.0224 1 mmol !

Initial Conditions

ce1(0) = 10% q(0)=2s""1 u(0) =0.1s71
ca(0) =0.0266 mmol 1"1  y2(0) = 0.2099 ae(0) = 10%

0.25

02

OUR, mmols™
o
S =
- (4,1
T T

0.05 -
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Time, h

Figure 2.13. Selected OUR profile for biotechnological process simulation

Since the disturbances are directly related to OUR in the system, it was decided
to use this parameter for the adaptation of the PI controller parameters. A 2"¢ level
polynomial of OUR was selected for testing:

K, = a1 + as0UR + a30U R? (2.67)

T, = by + byOUR + bsOU R? (2.68)

The use of higher level polynomials was rejected due to the increased amount of the
tuning parameters. The optimal parameters of the polynomial are determined by us-
ing the same genetic algorithm described in Section 2.1.2. Once again, the initial
population was generated randomly. 20 simulation runs were performed to identify
the optimal polynomial parameters. The parameters of the genetic algorithm are pre-
sented in Table 2.8.

Table 2.8. Genetic algorithm parameters

No. of Generations  Individuals in One Generation =~ Mutation Probability ~ Crossover Probability

130 300 0.1 0.9
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Optimization was performed by minimizing the ISE value. After 40 generations,
the ISE value did not change. The found parameters are presented in Table 2.9.

22

1 1 1 1 1
40 60 80 100 120
Number of generations

Figure 2.14. ISE criterion change during each generation of the genetic algorithm

Table 2.9. Optimal polynomial parameters presented as mean with 95% confidence interval

ai a2z as b1 b2 b3 ISE
0.5142 -2.0258 4.48 78.3283 17.1954 1.4195
[0.5118- [-2.0318- [4.3118- [77.6158— [16.5216— [1.4118- 6468
0.5166] -2.0246] 4.5039] 79.2186] 17.5621] 1.5109]

2.7. Adaptation of substrate feeding profiles for fed-batch E.coli cultivation
processes, based on an OUR and substrate feeding rate-based indicator

As stated in [124], the important issue in the designing of efficient substrate feeding
strategies for fed-batch E.coli cultivation processes is to determine the reference sub-
strate feeding profiles for the cultivation runs. For that, in the first step of the design
procedure, a maximum glucose consumption rate in the biomass growth and target
protein production phase must be determined by using data from unlimited growth
cultivation experiments. Afterwards, the various scenarios for the glucose feeding
rate need to be designed by setting different levels of the glucose consumption rate
limitation during the cultivation process. Then, based on the experimental data of
these cultivation runs, it is necessary to select a robust and efficient reference glucose
feeding profile which then is recommended for implementation in recombinant pro-
tein production processes. The cultivation process quality is not influenced by tempo-
rary process disturbances due to the fact that the reference feeding profile is designed
based on the proposed glucose limitation approach, thus making it robust enough to
compensate for the disturbances. High amounts of glucose may accumulate in the
bioreactor if the maximum specific glucose rate decreases by more than 5-8%, and
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that could be caused by a more significant disturbance in the system leading to an un-
stable and inefficient process. Modern industrial cultivation processes still cannot use
online glucose concentration measurements for monitoring purposes. In such cases,
the reference feeding profile needs to be modified based on the indirect monitoring
of glucose accumulation in the cultivation medium. Figure 2.15 shows the proposed
structure of the substrate feeding control system.

Your/Fal setpoint Feeding Profile Fal
-

Adaptation Controller Bioreactor

h
v

-~

YourfFal <

Figure 2.15. The structure of the proposed substrate feeding control system

The proposed system estimates the oxygen uptake yield on fed glucose in real
time during the cultivation process. A moving window method with length n is used
in the estimation where the oxygen uptake rate and the glucose feed rate are integrated
thus determining the yield:

Your/ra(i) = (COUR(i) — cOUR(i —n))/(So(cFygl(i) — cFgl(i —n))) (2.69)

where cOU R and cFgl are the cumulative values of the oxygen uptake rate and the
fed glucose. This yield is also identified for the reference cultivation process. Based
on the E.colt cultivation phase, the obtained yields change over time. Accumulation
of glucose, caused by significant disturbances, decreases the oxygen uptake yield on
the fed glucose.

The following equation is used to modify the reference glucose feeding rate
based on the comparison of the real Yoy r/rg and the reference Your/rgi,. ;...
yields. A velocity form PI algorithm is used to realize this modification:

E(i) = YouRr/Fgl,.;erene. (1) = Your/ra (i) (2.70)
UGi) = U(i — 1) + K1 + %E(i) — E(i—1)] 2.71)
Fgl(i) = Falyeference(i) — U/(i) 2.72)

dt = t(i) — (i — 1) (2.73)

where E(7) is the difference between the reference and the real yield, U(i) is the
controller’s output, K., 7T; is the controller’s proportional gain and integral time, dt is
the sampling time.
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It is important to highlight that it is possible to use measurement devices in R&D
and industrial bioreactors to analyze the composition of aeration gas, thus making the
calculation of the oxygen uptake rate possible by using well known simple equations.
This creates the possibility to use the proposed feeding profile adaptation algorithm in
industrial bioreactors.

2.7.1. Mathematical model of recombinant E.coli cultivation process

Computed simulations were used to test the efficiency of the proposed substrate feed-
ing control algorithm. The basis of the simulated system is a mathematical model
of the recombinant E.coli cultivation process. Mass balance equations were used for
the main model component, while the specific reaction rate expressions were defined
by the biochemical conversion rates. Concentrations of biomass, z, g/kg, glucose, s,
g/kg, target protein IFNa5 concentration (percentage in the cell as inclusion body),
Pzs 9/kg, as well as the culture medium weight, w, kg, are considered the main state
variables in these simulation experiments.

dx F
d F F.
d—j =—0T— 5 + 550 (2.75)
dps
d
dif — F — Fump (2.77)

The total mass flow to the bioreactor is calculated while taking into account sampling,
Fomp, kg/h, and substrate feeding, F§, kg/h, alkali buffer used for pH control, Fj,
kg/h, loss of carbon due to C'O5 flux in the off-gas, Froo,, kg/h, and water evapora-
tion through the vent line, F,, kg/h. The biomass growth dynamics as well as various
other important biotechnological process variables were considered for the simulation
of mass flows:

Fy = Yxpuzw (2.78)
Fco, = —ROUR, (2.79)

F. = —kew (2.80)
'=Fs;+ I, + Feo, + Fe (2.81)

Oxygen consumption for the biomass growth and maintenance is taken into ac-
count while calculating OUR. The two-term relationship is used to calculate the per-
unit weight and for the entire cultivation media weight:
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OUR = Yoppbr + Moz (2.82)

OUR, = OURw (2.83)

The reaction rate limitation and inhibition is considered while modeling the specific
reaction rates of the main components glucose, s, and biomass, z. The glucose specific
consumption rate, o, describes the substrate limitation and inhibitions related with the
high biomass concentration and the concentration of the target protein synthesized
inside the cell in the form of inclusion bodies:

s K, K,,
Ks+sKy+x K, +pg

(2.84)

0 = Omax

The substrate consumption and maintenance term, m, is used to model the biomass
specific growth rate, . Acetate as well as other by-products of metabolic overflow
are excreted due to high concentrations of glucose. In these situations, the biomass
yield decreases, which leads to the formation of inhibiting by-products. Opportunely,
in the analyzed cultivation process, the inhibition by metabolic overflow products was
insignificant; therefore, the specific biomass growth rate was modeled based on the
following equation:

Kyg

Yos—— 2.85
Kyg+s ( )

p=(0c—m)

For the analyzed process formation of the target protein IFNa5 has been initiated by
adding a rational amount of an inductor when the biomass concentration = exceeds
40g/kg (Ind = 0, if the biomass concentration is below 40g/kg, and Ind = 1, after it
exceeds 40 g/kg). The target protein is formed in E.coli cells in the form of inclusion
bodies. The formation rate is then proportional to the specific growth rate, Kppu.
The data from 15 fed-batch recombinant cultivation processes was used to identify
the parameters of the described model equations. The results of the fermentations
are presented in more detail in [107, 125]. The model development and the validated
parameter values of Equations (2.74-2.85) are presented in Table 2.10 and further
discussed in [107, 125].
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Table 2.10. Model parameters [107, 125]

Model Parameter

Y,; =08 gg~! m=025h"" Yy =048 gg—! Meoz=0.15h1
Omaz = 1822071 K, =1.35% K, =0.02 gkg ! So =530 gkg !
K,=6.35% K, =60 gkg~! Fomp=001kgh ™!  Kyg=10gkg!
Yxp = 104e-3 K., = 0001 R=105e-3gg!
gg—l h—lkg—l

Initial Conditions
w(0) =3 kg 2(0)=0.15gkg ?  s5(0)=2gkg ! p2(0) =0 gkg~!

Since previously validated mathematical models that do not have any black box
elements are used, no additional statistical analysis of the models in use is performed.

2.7.2.  Experimental test of Yorrg/rg control algorithm

Three types of Escherichia coli cell-strain cultivations were performed, and their data
was studied to verify the feeding profile adaptation estimates and determine their relia-
bility and versatility. All three experiments were performed in a research and develop-
ment laboratory at Kaunas University of Technology. The cell strain of E. coli BL21
(DE3) pET21-IFN-alfa-5 was cultivated in a 7 I bioreactor (BIO4, bioreactors.net). A
Siemens ET 200S controller was used to control the process. The cultivation medium
featured minimal mineral concentrations, including 46.55 g potassium dihydrogen
phosphate, 14 g ammonium phosphate dibasic, 5.6 g citric acid monohydrate, 3 ml
of concentrated antifoam, 35 g magnesium sulfate heptahydrate, and 105 g D (+) glu-
cose monohydrate. The initial weight of the medium was 2 kg. The environmental
parameters of the cultivation process remained constant throughout the experiment.
The temperature was set to 37 °C, the DOT was set to 20% of air saturation, and
the pH was maintained at pH 6.99 through the addition of NaOH(aq). The stirrer
speed ranged from 100 to 720 rpm. The airflow scope ranged from 0.03 to 0.0567
g/s. During the cultivation process, pure oxygen flow from O to 7.5 I/min was being
used to increase the oxygen transfer rate in the bioreactor. Based on the previously de-
scribed recommendations, a reference feeding profile was determined and simulated
by performing a safe limited growth experiment. The model parameters presented in
Table 2.11 were used to simulate the reference feeding profile.
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Table 2.11. Model parameters used to simulate the reference feeding profile for the
experimental test run

Model Parameter

Y,; =08 gg~! m=0.25h"" Y5 =0.48 gg™! Moz=0.15h~1

Omaz =1.92h71 K, =495% K,=0.02 gkg ! Sp =530 gkg !

K,=6.35% K, =60 gkg~! Fomp=0.01kgh™  Kyg=10gkg™?
"Yxp = 104e3 K. = 0.001 R=105e3gg !

gg ™! h™ kg™

Initial Conditions

w(0) =2 kg 2(0)=0.11 gkg=*  s(0) =1.1 gkg™! p2(0) =0 gkg~!

Since previously validated mathematical models that do not have any black box
elements, are used no additional statistical analysis of the models in use is performed.
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Figure 2.16. Selected reference feeding profile

To simulate a system disturbance and test the system’s robustness, a heating
malfunction was implemented, where the set temperature was reduced to 30 °C for 2
hours starting at t = 10 h. This disturbance was used in the two final experiment runs.

As described in Section 2.7, the feeding profile is adapted based on the Yo r/rgi
ratio difference to the reference model:

E(i) = YoUR/Fgl,.;urenee (1) = YoUR/Fg1(2) (2.86)
UG) = UG — 1) + K[1+ %E(z’) B —1)] 2.87)
Fol(i) = Fglye ference(i) — U i) (2.88)
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Figure 2.17. Set temperature change throughout the experiment

dt = t(i) — t(i — 1) (2.89)

The precision and reliability of the feeding profile adaptation algorithm were evalu-
ated by comparing the offline calculations with the online values calculated during the
cultivation experiment. To describe the feeding profile adaptation results, the indica-
tors of the mean absolute error (MAE) and the root-mean-square error (RMSE) were
applied. The MAE method evaluates the errors between the estimated and the ob-
served Yoy r/rg Values during the cultivation process. The MAE approach is defined
as follows [126]:

MAE = izt [Vm = Yers) (2.90)
n

where n is the number of data counts, and ,,, is the estimation result compared to
Yezp, Which is the value determined through the cultivation process. The root-mean-
square error represents the square root of the residuals of the differences between the
modeled and observed values. The RMSE formula is as follows [126]:

n _ 2
RMSE — \/ Zz—l(ymn Yerp) 2.91)

2.8. Conclusions of the chapter

1. Five different easy-to-implement PI controller parameter adaptation algorithms
were developed and described. Fuzzy-based PI controller parameter adapta-
tion focused on simple process knowledge transfer for PI controller parameter
adaptation. The proposed model consists only of 3 membership functions and 4
rules, thus making it simple to implement and tune.
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2. Gain scheduling-based models used controller input/output parameter values to
calculate the PI controller parameters close to the real time without the need for
any additional soft-sensors.

3. Two unified structure adaptation algorithms have been developed. PI controller
parameters were adapted based on feedback signal statistical analysis and poly-
nomial evaluation. These algorithms rely only on mathematical calculations,
which makes them attractive for practical implementation.

4. A substrate feeding profile adaptation algorithm based on online Yo r/r g yield
profile adaptation has been developed and described. The algorithm has been
tested in 3 experimental test runs at Kaunas University of Technology R&D
laboratory.
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3. PERFORMANCE EVALUATION OF THE DEVELOPED ALGORITHMS

3.1. Setpoint patterns

The performance of the developed algorithms was evaluated by using Matlab/Si-
mulink simulations. To solve the differential equations, ODE functions and DEE
Funktion blocks were used. Further detail on these blocks is presented in Appendix
1. To recreate close to realistic operating conditions, various setpoint and disturbance
patterns were created and used in these simulation studies. The selected patterns con-
sisted of several setpoints of different length and amplitude while also including max-
imal magnitude disturbances of the measured variable.

3.1.1. Specific growth rate pattern

An example of the setpoint profile of the SGR, as used for the performance
evaluation of the fuzzy logic-based adaptive control algorithm (see Section 3.2), in
a simulated process run is shown in Figure 3.1. The control quality was tested in
various operation points of the process by changing the SGR setpoint every hour from
3 to 8 h. These switching points are characterized by different SGR setpoints and the
accumulated biomass concentrations.
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Figure 3.1. Selected specific growth rate setpoint profile for biotechnological process
simulation

Additionally, in order to evaluate the controller’s ability to remain stable and
compensate for disturbances at various process phases, short pump faults were simu-
lated at 4.5, 7.5 and 9 process hours, when the controller outputs value (reduction of
the feeding pump performance) was reduced twice.

3.1.2. Dissolved oxygen concentration pattern

An example of the setpoint profile of the DOC that was being used to simulate
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close to realistic operation conditions in fed-batch cultivation processes is presented
in Figure 3.2.
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Figure 3.2. Selected DOC setpoint profile for biotechnological process simulation

During the simulation runs, DOC was held constant at setpoints varying from 5
to 15 percent. To simulate disturbances in the control system, air supply change was
being used, and it is further described in Section 3.3.2.

3.1.3. pH pattern

During the simulations, pH was held at a constant setpoint of 7. To simulate distur-
bances in the system, the specific growth rate was reduced for various periods in time
as described in Sections 2.5.1 and 3.5.1.

3.2. Performance evaluation of fuzzy logic-based adaptive SGR control

The performance evaluation of the created control algorithm is presented by
using time profiles of the state variables and the calculation of the error value for
the control algorithm. The ITAE criterion was selected to evaluate and compare
the performance of the developed control algorithm. The adaptive PI controller with
fuzzy-based parameter adaptation was compared with the gain scheduling (GS) and
model-free adaptive (MFA) algorithms investigated in [58] using the same mathemat-
ical model of the biotechnological process (Equations 2.1-2.9). The GS method uses
additional or already existing online measurements to adapt the controller parameters
by using the derived functional relationships. The identification of such relationships
requires in-depth analysis of the dynamic properties of the controlled process. The
MFA control technique is an alternative data-based approach that does not require
deep process knowledge needed for the creation of the mathematical model of the
process. A two-layer neural network with an input layer that has a time-delayed se-
quence of the tracking errors [58] was used for comparison.

An example of the control performance of the developed PI controller with
fuzzy-based parameter adaptation is presented in Figure 3.3.
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Time, h

Figure 3.3. Specific growth rate (SGR) (system output variable) (a), substrate feeding rate
(control variable) (b), oxygen uptake rate (OUR) (c¢), and biomass concentration (d)
trajectories during the simulated process

During these simulation runs, the substrate feeding rate was manipulated to con-
trol the SGR. OU R and w measurments are needed for the fuzzy-based PI controller
parameter adaptation. Model parameters for the simulation can be found in Table 2.1.
The system remains stable across a wide setpoint range. Additive white Gaussian
noise was used to corrupt the OUR signal during the simulations.
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Figure 3.4. Development of PI controller tuning parameters during the simulated process, (a)
the controller gain parameter K, (b) the integration time constant 75
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The change over time of the corresponding PI controller tuning parameter is
presented in Figure 3.4. The controller gain parameter K, (see Figure 3.4a) changes
over time by approx. 10% only due to the fact that the parameter correlates with the
culture broth weight w that increased only slightly during the simulated process. The
integration time constant 7; (see Figure 3.4b) follows the changes of the OU R (see
Figure 3.3c) profile, and, therefore, reflects the significantly varying dynamics of the
process. The performance of all the presently mentioned models is summarized in Ta-
ble 3.1. Here, one can see that the PI controller with fuzzy-based parameter adaptation
was able to perform similar to the gain scheduling PI and MFA control algorithms in
the investigated process with a given setpoint profile and acting disturbances.

Table 3.1. Performance comparison of adaptive SGR control algorithms

Control type ITAE
MFA adaptation GS adaptation Fuzzy adaptation
Setpoint-tracking 0.6865 0.6592 0.6723
Disturbance rejection 0.3783 0.3962 0.3431
Setpoint-tracking and disturbance rejection 0.7598 0.7357 0.7349

All methods performed very similarly during setpoint tracking, while the fuzzy-
based adaptation model performed the best during disturbance rejection when com-
paring with the other two models. The MFA model tends to perform better in phase 11
of the cultivation process, as shown in Figure 3.5.
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Figure 3.5. Transient processes of the SGR during a simulation run — setpoint change: PI
controller with fuzzy-based adaptation (- solid line), PI controller with gain scheduling (- -
dashed line), MFA (- . - dash-dot line)

When handling disturbances in the system, the PI controller with fuzzy-based
parameter adaptation is able to outperform the GS and MFA algorithms in the first
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phase of the process; however, the MFA algorithm is again better suited for the second
phase of the process as seen in Figure 3.6.
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Figure 3.6. Transient processes of the specific growth rate during a simulation run —
disturbance rejection when using: PI controller with fuzzy-based adaptation (- solid line), PI
controller with gain scheduling (- - dashed line), MFA (- . - dash-dot line)

3.3. Performance evaluation of gain-scheduled dissolved oxygen control system

3.3.1. DOC setpoint-tracking performance

The bioprocess was simulated by numerically solving Equations (2.25)—(2.66) and by
applying the controller parameter adaptation rules defined by Equations (2.23) and
(2.24) for DOC control. Typical trajectories of the bioprocess variables are presented
in Figure 3.7 for the case when the DOC setpoint tracking quality was investigated.
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Figure 3.7. Trajectories of x (left), s (right) during a DOC setpoint tracking simulation run

After inoculation, the biomass = (Figure 3.7a) grows in the batch mode (until 1
h) while consuming a small initial amount of substrate s (Figure 3.7b). The culture
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broth volume V' in the bioreactor (Figure 3.8c) changes due to the feeding flow of the
substrate F; (Figure 3.8d) which is initiated at the end of the batch phase (around 1
h).
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Figure 3.8. Trajectories of V' (left), F (right) during a DOC setpoint tracking simulation run

The biomass specific growth rate depends on the actual substrate concentration
and the DOC level (Equation (2.28), Figure 3.9e). Substrate oxidation and the subse-
quent biomass growth results in oxygen consumption, which is reflected by the oxygen
uptake rate OUR (Figure 3.9f).
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Figure 3.9. Trajectories of u (left), OU R (right) during a DOC setpoint tracking simulation
run

During the cultivation process, the DOC level is controlled by a PI controller.
Both standard and gain-scheduled PI control systems were investigated and compared
for the DOC control. First, the performance of the DOC adaptive control system was
investigated for tracking the setpoint. In the simulation experiments, the time profile
of the DOC setpoint change, as depicted in Figure 3.2, was selected for the simulation
of close-to-realistic operating conditions in the fed-batch cultivation process. Stirring
speed NV was used as the control variable and was manipulated to control DOC. The
model parameters for this simulation can be found in Tables 2.3 and 2.4.
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Figure 3.10. Trajectories of DOC (system output) (a), controller tuning parameter 7; (b),
stirring speed N (control variable) (c), and controller tuning parameter K. (d). Setpoint
change: PI controller with fixed parameters (red), adaptive PI controller with gain scheduling
(blue), DOC setpoint (black)

The performance of the gain-scheduled controller for step changes of the set-
point at 5 and 7.5 process hours is presented in Figure 3.11. The investigated adaptive
control algorithm yields in a lower tracking error and a shorter rise time.
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Figure 3.11. DOC responses (left) and (right) to setpoint change: PI controller with fixed
parameters (red), adaptive PI controller with gain scheduling (blue), DOC setpoint (black)
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3.3.2. DOC disturbance rejection performance

To evaluate the performance of disturbance rejection, the system was simulated at a
constant setpoint of 10%. The air supply rate change was selected to simulate the
disturbance. The change of the air supply rate is depicted in Figure 3.12.
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Figure 3.12. Air supply rate change during the simulation

The system’s response and control performance are depicted in Figure 3.13a.
The trajectory of the manipulated stirring speed N is presented in Figure 3.13b.
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Figure 3.13. Trajectories of DOC (system output) (a), controller tuning parameter 7; (b),

stirring speed [N (control variable) (c), and controller tuning parameter K. (d). Disturbance

rejection when using: PI controller with fixed parameters (red), adaptive PI controller with
gain scheduling (blue), DOC setpoint (black)
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The performance of the gain-scheduled controller for disturbance compensation
(the air supply rate step change from 10,800 lh~! to 14,400 Ih ! occurring at t = 5.5
h, and from 14,400 to 3600 1h~! occurring at t = 7 h) is presented in Figure 3.14. The
adaptive control system yields a lower tracking error, and also reduces the overshoot.
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Figure 3.14. DOC disturbance compensation cases (left) and (right): PI controller with fixed
parameters (red), adaptive PI controller with gain scheduling (blue), DOC setpoint (black)

The simulation results show that the gain scheduled PI controller ensures good
control quality of DOC under extreme operating conditions (setpoint changes across a
wide range and acting disturbances of maximal magnitude) and evidently outperforms
the conventional PI controller. The integration time constant 7; and the controller
gain K, changed within a wide range, therefore reflecting the significantly varying
dynamics of the process. Analysis of the simulation results shows that the adaptive
system has reduced the mean absolute error by more than 2 times for the investigated
control schemes. The rise time of the transient processes caused by the setpoint change
was approx. 2 times shorter for the adaptive system (see Figure 3.11). However, both
investigated systems yielded similar rise times in the case of disturbance rejection (see
Figure 3.14). The control performance of the investigated systems is summarized in
Table 3.2. The adaptive control algorithm outperforms the standard system by approx.
2 times in terms of the mean absolute error.

Table 3.2. Tuning parameters and MAE values for the investigated DOC control systems

Mean absolute error

Control type Tuning parameters Disturbance rejection Setpoint tracking
Standard DOC  K.=50% 'h~1,T; =3e-4h 0.166 0.071
Adaptive DOC  Kp; =0.6e5, K. = 1.5e5 0.063 0.028
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3.4. Performance evaluation of unified structure pH adaptive control system

The bioprocess was simulated by numerically solving Equations (2.52)-(2.55) and by
applying the controller parameter adaptation based of feedback statistical analysis.
pH control was selected to test the performance of the developed algorithm. Alkali
solution feeding rate I,y was selected as the control variable. Model parameters for
this simulation can be found in Table 2.5.

The simulation results show that the investigated pH control system with the
properly selected values of the tuning parameters provides reliable adaptation of the
controller integration parameter 7; and stable performance. The simulation results,
including the trajectories of OU R (Figure 3.15a), alkali solution feeding rate Fjp
(control variable) (Figure 3.15c), and the adaptation of the controller tuning parameter
T; (Figure 3.15b) are shown in Figure 3.15.
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Figure 3.15. Adaptive control system output: (a) time profile of OU R, (b) adaptation of T;
controller parameter, (c) feeding solution rate Fj,; (control variable), (d) comparison of the
adaptive (blue) and standard (red) PI controller performance

For comparison, the performance of the standard PI control system with constant
parameters (tuned to minimize the IAE criterion) is presented in Figure 3.15d. The
adaptive control system tended to perform better at disturbance rejection, where the
adaptive controller reduced the IAE criterion by almost 2.5 times (Table 3.3).

Table 3.3. Comparison of the adaptive and standard control system performance

Control type TAE
P Standard PI Adaptive PI
Disturbance rejection 0.0041 0.0017
Setpoint tracking and disturbance rejection 0.0126 0.0099

Analysis of the simulation results (Figures 3.16a and 3.16b) shows that, in the
late phases of the cultivation process, the adaptive controller decreases the overshoot
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by approx. 80% in the adaptive system. Such a reduction in pH fluctuations is very
important for cultivation process monitoring algorithms, where the rate of the carbon
dioxide production rate, CPR, is used to monitor the state of the process, and the
fluctuations in pH can cause drastic changes in CPR estimates. These disturbances
may occur due to temporary substrate feeding disruption, faults of the bioreactor aer-
ation or mixing systems, or sudden metabolic shifts. The presented results prove the
efficiency of the pH adaptive control system and the potential of implementation in
industrial controllers.
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Figure 3.16. Transient processes of pH during a simulation run — disturbance rejection when
using adaptive (red) and standard (blue) PI controller

3.5. Performance evaluation of gain scheduling based pH adaptive control sys-
tem

3.5.1. pH control simulation and performance of the standard control system

The performance of the developed adaptive pH control system was investigated by
using computer simulations with Matlab/Simulink software. In addition to Equation
(2.52) for the balance of hydrogen-ions, the process model for the simulation includes
the equations for biomass concentration and feeding rate profile [103], respectively:

d Fy+ Fo
- s TpA .1
il 2 (3.1
Msetxv
Fs = 3.2
YszO ( )

where S is the substrate concentration in feed, g/1; Y, is the biomass/substrate yield
coefficient, g/g. In this simulation study, 1 = pse since the real specific growth
rate is not measured directly, and the process is controlled under substrate limitation
conditions. Table 3.4 consists of the model parameters and initial conditions for the
simulated process. Model parameter identification is presented in [103].
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Table 3.4. Values of the model parameters and initial values of the state variables [103]

Model parameters
a1 =0.422-107" mol/g  ap =0.011-10"7 mol/gh Y.s =052 g/g PHsetpoint =7
Initial conditions

2(0)=2 g/l V(0)=51 Cyr+(0) =10"" mol/l Sy =450 g/l

As the real measurements of pH are corrupted by noise, the measurements in
this simulation study were simulated by adding white Gaussian noise:

Ceim (k) = ce(k) + o Randn (3.3)

where c.;,,, is the measured value of pH or OUR; o is the standard deviation estimated
from real measurements (0= 0.1 % in the analysed case), Randn is a number from
Gaussian random numbers sequence with zero mean and unit variance; k denotes an
index of discrete measurement point. The time discretization step of the adaptation
and the control algorithms is set to At =0.18 s.

In the simulation experiments, the time profile of the biomass specific growth
rate variation, as presented in Figure 3.17, is chosen to simulate close to realistic
operating conditions in the fed-batch cultivation process. In this simulation study,
the specific growth rate ;1 was maintained constant at 0.5 1/h. To simulate a system
malfunction (a feeding pump failure or negative influence of the anti-foam agent ad-
dition), it was reduced to 0.25 1/h for 1 h every 2 hours starting from the 2"¢ hour of
the cultivation process.
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Figure 3.17. Specific growth rate y trajectory during a simulation run

During these simulations, the alkali solution feeding rate F,;; was selected as
the control variable. The performance of the pH adaptive control system was investi-
gated for tracking the setpoint and the rejection of disturbances. From the preliminary
experiments, the fixed tuning parameter values (K, = —3.3 - 10% h/l, T = 0.3 h) were
determined that ensure a satisfactory control accuracy of pH and a stable signal (with-
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out significant fluctuations) of F,y over time. The performance of such a standard PI
control system (further referred to as System A) is shown in Figure 3.18.
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Figure 3.18. pH (system output) and F},z (control variable) change over time during the
fed-batch cultivation process using a standard PI controller

3.5.2. Performance of the adaptive control system with online-measured V and Fj
values

As seen from Egs. (2.48) and (2.50), the PI controller tuning parameters K. and T;
depend on the controller input/output signals C'i+ and F),p7, the substrate feeding rate
F, and the culture medium volume V. Figure 3.19 depicts the performance of the
developed adaptive control system, when the aforementioned signals are measured
online, compared with a standard PI controller with fixed tuning parameters.
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Figure 3.19. Adaptive control system output: comparison of the adaptive (blue) and standard
(red) PI controller performance

The developed adaptive control system (further referred to as System B) out-

performed the standard PI system at setpoint tracking. The change of the controller
parameters can be seen in Figure 3.20.
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Figure 3.20. PI controller tuning parameter variation throughout the simulated process

The integration time constant 7; and the controller gain K. changed in a wide
range, therefore reflecting the significantly varying dynamics of the process. Analy-
sis of the simulation results shows that the adaptive system has reduced the setpoint
tracking error (ITAE) by almost 8 times.

3.5.3. Performance of the adaptive control system with online-measured Fs values

The developed adaptive algorithm requires the online measurement of the culture
medium volume V' and the substrate feeding rate F. To reduce the complexity of
the system, the average medium volume can be used for the calculation of the gain
scheduling parameters:

kTiVavg
AL 3.4
FpH + F (3-4)
KKcVav
K, = ———2%9 3.5
co. - (3:2)

where Vg =5.51, k7; =0.0035 and K. =0.1. This slightly increases the ITAE value
for setpoint tracking but slightly decreases it for disturbance rejection. The proposed
adaptive system (further referred to as System C) handles disturbances better at the
later stages of the process than the standard PI controller as shown in Figure 3.21.
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Figure 3.21. Comparison of the control performance of System (C) (blue), System A (red) at
disturbance rejection

The ITAE criteria are reduced by 2.3 times compared with the standard PI con-

troller with a fixed controller gain and the integration constant.

3.5.4. Performance of the adaptive control system while additionally measuring only
medium volume

Since the substrate feeding rate F is approximately proportional to the pH controller’s

output (control variable F,p) in the investigated substrate-limited cultivation pro-

cesses, it can be assumed that:

Fy=kF,y (3.6)

where £ is a tuning parameter which is subject to model-based identification. Such
a simplified control system (further referred to as System D) performed similarly to
the previously described System C, and it could be used as an alternative if the sub-
strate feeding rate is not measured online. However, this model suffers from high 7T;

fluctuations at the beginning of the process, as shown in Figure 3.22.
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Figure 3.22. Controller parameter 7; change over time

3.5.5. Performance of the adaptive control system with controller input/output pa-
rameter based gain scheduling

The most attractive gain scheduling of PID (PI) controller parameters is based on only
controller input/output signals, therefore not requiring additional measurement of the
process variables for controller-parameter adaptation. Since the controller parameters
K. and T; depend on the medium’s volume V/, alkali and substrate flows F},;7, Fi; and
Hydrogen-ion concentration C'r7+ the input/output based adaptation can be described
as:

K
T, = — 3.7
o 3.7)

C
Ko=—fF——"7"— 3.8
cv . Cn- (:5)

where K = % and C' = K V44 are the gain scheduling tuning parameters. The
proposed adaptive systems tends to perform better than the standard system with fixed
parameter values. However, simulation results show that the controller integration
constant fluctuates intensively at the start of the process, as seen in Figure 3.23.
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Figure 3.23. Controller parameter 7; change over time

To avoid this and increase the stability of the system, the adaptation of the con-
troller parameters is initiated at ¢ = 3h. The performance of the system (further
referred as System E) is depicted in Figure 3.24
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Figure 3.24. Adaptive control system output: comparison of the adaptive (blue) and standard
(red) PI controller performance

A comparison of the ITAE values for the developed control systems is presented
in Table 3.5.

Table 3.5. Overview of the developed pH control algorithms

ITAE
Control type Disturbance rejection  Setpoint tracking
Standard control system A 0.1977 0.4567
Adaptive control system B 0.0866 0.0631
Adaptive control system C 0.0855 0.0632
Adaptive control system D 0.0859 0.0625
Adaptive control system E 0.0850 0.0615
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3.6. Performance evaluation of DOC control in atypical cultivation process

The performance of the developed control system was evaluated by performing nu-
merical simulations with Matlab/Simulink. The developed control system was com-
pared with a standard control system with fixed PI controller parameters. The stirring
speed N was used as the control variable to control DOC. Addition measurements
of OUR were needed to calculate and adapt the PI controller tuning parameters. The
modeling parameters can be found in Table 2.7. The adaptive control system tended
to outperform the standard control system at disturbance rejection. The comparison
of the DOC change in the simulated systems is presented in Figure 3.25.
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Figure 3.25. Adaptive control system output: comparison of the adaptive (blue) and standard
(red) DOC controller performance

The standard PI controller was tuned by using the Ziegler-Nichols method. The
adaptive control system reduced the ISE of the system and tended to perform better at
disturbance rejection. The controller parameter adaptation is presented in Figure 3.26.
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Figure 3.26. Controller parameter change over time
The adaptive control algorithm was able to reduce the ISE by almost 3 times
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compared with the standard controller with fixed tuning parameters (ISE = 18198).
One can see that both controller parameters changed over time thus reflecting the time
varying dynamics of the biotechnological process.

3.7. Substrate feeding profile adaptation, based on OUR and substrate feeding
rate-based indicator; performance evaluation

3.7.1. Simulation results

The efficiency of the proposed substrate feeding control has been tested by using sim-
ulation studies with Matlab. The goal of the simulation is to imitate the behavior
of a real cultivation process for producing interferon-alpha 5 (IFNaS5) protein by the
expression it in IFNa5 producing recombinant E.coli host [125, 107].

Simulated experiments with various glucose feeding scenarios were conducted.
Different feeding profiles were generated where various glucose consumption rate
limitations were realized by extending the cultivation duration in inverse proportion
to the level of limitation. The total consumed glucose is then the same as in the un-
limited experiment. Two phases can usually be described for feeding strategies in
recombinant E.coli cultivation processes — the biomass growth phase and the recom-
binant protein production phase. In the first process phase, it is advisable to maintain
the glucose consumption rate between 70 and 90% of its maximal value, thus making
this a substrate-limited process. Such a feeding rate leads to a relatively high biomass
growth rate but simultaneously ensures a low glucose concentration in the medium,
enhances process repeatability, and mitigates the development of undesired metabolic
by-products. Proper dissolved carbon dioxide concentration in culture media can be
as well obtained by implementing restrictions on the maximum oxygen transfer rate
in the bioreactor by selecting the right feeding profiles. In the second process phase,
a recombinant protein is produced. The level of the glucose consumption rate and,
as a result, the glucose feeding profile can be maintained between 50 and 90% of its
maximum value. Therefore, the conditions for recombinant target protein production
can be determined. Based on the results of these experiments, the reference glucose
feeding profile, F'gl,cference, Which ensures sufficient process robustness, repeatabil-
ity, and high target protein production, should be selected. The oxygen uptake rate
must be recorded since it is needed to determine the oxygen uptake yield profile on
the fed glucose, Your/rai,.;erene.

In the real cultivation processes, it is recommended to use the selected reference
glucose feeding profile. The process quality is in this case not impacted by typical
short term disturbances while the designed feeding profile is being used. However,
the accumulation of glucose caused by bigger disturbances should be avoided since
the cultivation process may become unstable and inefficient. In Figure 3.27, the most
important cultivation process variables for various substrate feeding regimes are pre-
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Figure 3.27. Dynamics of important cultivation process variables during various substrate
feeding regimes

sented. For the proposed control system tests, the substrate feeding regime (reference
process) was chosen, where the specific substrate consumption rate is 90% from the
unlimited substrate consumption rate. In this case, the E.coli cultivation process is
robust and, consequently, the typical short-term process disturbances (a short term de-
crease of o by 50%) do not influence the cultivation process quality. The amount of
the target protein P (P = 0.01-p,-z-w) for such cultivation was approximately the same
as in the reference process, P = 6.32 g. The typical cultivation process behavior for
this case is presented in Figure 3.28.
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Figure 3.28. Dynamics of important process variables using the robust feeding profile with
short term (¢ = 0.50) and no disturbances

When process disturbances are of a higher intensity and duration, the quality
of the cultivation process will probably be significantly reduced. The typical process
behavior when 30% decrease in specific glucose consumption rate lasts 1 h is pre-
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sented in Figure 3.29. This has caused the accumulation of substrate (glucose) in the
medium and deterioration of the process quality with the decrease in the amount of
target protein P, by 37%.
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Figure 3.29. The behavior of process variables when 30% decrease in specific glucose
consumption rate lasts for 1 hour (disturbance between 7-8 h)

Figure 3.30 shows another significantly disturbed cultivation process behavior.
In this case, the maximum specific glucose consumption rate o,,, during the cultiva-
tion process was 5% smaller than in the reference process. This disturbance has also
caused the significant accumulation of the substrate in the cultivation medium and
the deterioration of the process quality with the decrease in the amount of the target
protein P by 35.5%.
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Figure 3.30. Behavior of process variables when specific glucose consumption rate ,;,4; iS
5% smaller than in reference process (during all cultivation time)

To reduce the impact of these disturbances on the cultivation process quality, the
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proposed feed control system was used.
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Figure 3.31. Test of proposed control system when 30% decrease in specific glucose
consumption rate lasts 1 hour (cultivation time 7-8 h)

60 15
— Reference process — Reference process
—— Controlled —— Controlled
_E’ 40— Uncontrolled _@ 100 | — Uncontrolled
S E)
x 20 s 5
0 0
0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18
0.6
g’ 0.4+
5
o) 0.2
>
0
0 2 18
= 8
6
o 6+
o 4
5 il
20 2 ]
0 L ) 0 L L 1 1 J
0 2 4 6 8 10 12 14 16 18 0 2 4 6 8 10 12 14 16 18
Time, h Time, h

Figure 3.32. Test of proposed control system when specific glucose consumption rate o,,q4
is 5% smaller than in reference process (during entire cultivation process)

For that, indirect monitoring of the glucose accumulation in the cultivation me-
dium and an online modification of the reference glucose feeding profile was realized.
For the realization of this system, an online estimation of the oxygen uptake yield
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on the fed glucose, Yor r/rgi, Was performed by using the moving window approach
(a 30-sec moving window) and compared with the reference yield, Your/rgi,. urene.
Then, the velocity form of the PI controller was used for the modification of the refer-
ence feed profile.

The proposed feeding control system allowed to eliminate over-accumulation
of glucose in the medium and improved the production of the target protein in the
disturbed cultivation processes. The amount of the target protein P at the end of
cultivation was only about 3.7% lower than in the reference process. Typical results
of the application of this feeding profile adaptation schema are shown in Figure 3.31

and Figure 3.32, and summarized in Table 3.6.

Table 3.6. The efficiency of the proposed feed control system when the cultivation process is
affected by significant disturbances

Process characteristics Target protein, g Target protein, g
without control system with control system
Reference process 6.32 6.32
Disturbed process 1 3.98 6.08
Disturbed process 2 4.08 6.09

3.7.2. Experimental test results

To test the developed control algorithm, 3 experimental test runs were performed at
KTU. During the first experimental test run, the reference feeding profile was deter-
mined by performing a safe limited growth experiment. During this experiment, the
OUR and substrate feeding rate F'gl values were monitored to determine the previ-
ously described Yo r/rg yield profile. This yield profile was then used by the con-
trol algorithm as the setpoint value, and, with the help of the velocity form PI control
algorithm, adopted the substrate feeding rate. In the later experiments, a temperature
disturbance was implemented. Model parameters for the simulation can be found in
Table 2.11. A comparison of the estimated and experimental yield profile is presented
in Figure 3.33.
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The feeding profile adaptation results for the three different experiments are
shown below.

Table 3.7. Mean absolute error and root mean square error comparison for online and offline
You r/rgi during all experimental runs

Experiment Number Mean Absolute Error Root Mean Square Error
1 0.0110 0.0230
2 0.0230 0.0580
3 0.0220 0.0790

The overall average MAE of the feeding profile adaptation algorithm was 0.018,
and the overall average RMSE of the SGR estimation was 0.053. These results show
that this approach is acceptable for fed-batch cultivation processes with E. coli cells.

Comparison of the previously calculated feeding profile, the modeled profile,
and the adapted feeding profile after the test run is presented in Figure 3.34.

It can be seen that the adaptation algorithm adapts the pre-set feeding profile to
cope with the biotechnological parameter changes throughout the cultivation. During
one of the experimental runs, the adaptation algorithm was able to compensate the
feeding loses which were caused by a broken tube. This can be considered as an
advantage for the practical implementation of this control method. The simulation and
experimental test results fulfill the minimal requirement for model verification. Due
to the high costs of the experimental runs, the model validation shall be performed in
future studies.
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red line for the simulated run

Conclusions of the chapter

. In general, the investigated control techniques perform similarly when consid-

ering the whole process duration. The type of controller that should be se-
lected, therefore, depends on the existing knowledge of the process and the
control type. The adaptive PI controller with fuzzy-based parameter adaptation
demonstrates advantages over the gain scheduling PI and model-free adaptive
algorithms when compensating for the SGR deviations that could be caused by
various process disturbances or equipment malfunctions. The gain scheduling
PI approach requires deeper process knowledge and analytical skills to develop
the adaptation model. This control type performs best when no disturbances or
malfunctions are present in the system. The MFA controller tends to perform
best during the second phase of the process. During this phase, the production
of the recombinant protein occurs, and the SGR is lower. The simulation exper-
iments also revealed that the fuzzy-based control system was stable within the
investigated ranges. Considering practical implementation, the developed adap-
tive control algorithm requires off-gas analysers/flow meters and continuous-
flow peristaltic pumps, so that the applicable sampling interval of the closed-
loop control system is not exceeded. This can occur due to the time constants
of the measuring devices or gas transport delays. The observed results show
that, with regard to control performance, the described controllers are suitable
for SGR control in fed-batch biotechnological processes if the substrate feed-
ing rate manipulation and limitation approach is used. Taking into account the
time needed for controller design and tuning, the fuzzy-based PI controller is



suitable for practical applications whenever expert knowledge is available. The
developed controller also tended to deliver better control quality when handling
disturbances and setpoint-tracking in the first phase of the process. Hence, the
fuzzy-based control algorithm is an attractive alternative approach to control the
specific growth rate in fed-batch recombinant protein production processes.

. A simple adaptive control system for the setpoint control and disturbance rejec-
tion of dissolved oxygen concentration and pH has been proposed, in which the
gain scheduling of the PID (PI) controller is based on the controller input/out-
put signals only, and, therefore, does not require additional online measure-
ments of process variables for the development of gain scheduling algorithms.
The realization of the proposed system does not depend on the instrumenta-
tion level of the bioreactor and is attractive for practical application. The con-
troller input/output-based gain scheduling algorithms were developed for set-
point tracking and disturbance rejection during DOC and pH control for a biore-
actor operating in the fed-batch mode. The performance of the gain-scheduled
PI controller under extreme operating conditions has been investigated by com-
puter simulation. The results demonstrate obvious advantages of the proposed
control system compared to the conventional PI control systems.

. A simple pH control algorithm has been proposed. The developed adaptive PI
control algorithm has been investigated for controlling pH in a fed-batch fer-
mentation process. The control system remained stable and showed improve-
ments of the pH control accuracy in comparison with the standard PI control al-
gorithm with fixed controller parameters. The adaptive control algorithm based
on the statistical analysis of the feedback signal can be easily implemented in
many commercial controllers. It can be applied for controlling pH at a steady
setpoint in standard fed-batch fermentation processes under ordinary conditions.
The application of the proposed adaptive control algorithm with a feedforward
compensator can be extended to control the other basic process variables of
biotechnological cultivation processes.

. DOC control in atypical cultivation processes has been tested. Controller pa-
rameters have been calculated and adapted based a second degree polynomial
expression of OUR measurements. The adaptive controller outperformed the
standard PI controller and is attractive for practical implementation due to its
simplicity; however, off-gas analyzers are needed for practical implementation.

. An adaptation algorithm for glucose feeding profile adaptation has been pro-
posed. The simulation tests have shown that, when the glucose feeding profiles
are designed with a slight growth limitation on the substrate, the small distur-
bances in the cultivation process do not influence the efficiency of the process,
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and the total amount of the target protein is similar to that in the reference pro-
cess. When the cultivation process is affected by significant disturbances or
hardware failures, a feed control algorithm is required to ensure the efficiency of
the process. The proposed feed control algorithm modifies the reference feeding
profile when the process disturbances occur, and glucose begins to accumulate
unpredictably in the cultivation medium. Tests performed by using the ’vir-
tual bioreactor’ approach and tests performed in the real cultivation processes
have shown the performance and efficiency of the proposed control algorithm,
thereby making it attractive for practical implementation.



4. CONCLUSIONS

1.

The developed fuzzy logic-based adaptive control algorithm outperforms other
adaptive techniques when compensating for deviations. The ITAE value has
been reduced by 9% for disturbance rejection and 0.11% for setpoint track-
ing and disturbance rejection, thus making this algorithm suitable for fed-batch
biotechnological process control.

. The mean absolute error was reduced by more than 60% for disturbance rejec-

tion and setpoint tracking for both pH and DOC control when using the devel-
oped adaptive control algorithms based on gain scheduling. By using only con-
troller input/output variables, no additional online measurements of the process
variables are needed to develop the control algorithm and adapt the PI controller
parameters. Therefore, no additional soft-sensors are needed.

. The polynomial based algorithm reduced the ISE value by 3 times, while the

statistical analysis-based algorithm was reduced by 2.5 times. The developed
methods can be easily implemented in most industrial controllers due to their
mathematical simplicity and the absence of external measurement equipment
requirement.

. Glucose accumulation in fed-bach cultivation processes can be avoided by mea-

suring the OUR and substrate feeding rate based indicator that is used for real
time feeding rate adaptation. The adaptation of the substrate feeding profile re-
duced the lost amount of the target protein from 37% in the uncontrolled process
to 3.8%.
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SANTRAUKA
IVADAS

Tyrimo aktualumas Per pastaruosius kelis deSimtmecius biotechnologiniu procesy
taikymo svarba pramonéje smarkiai iSaugo [1, 2]. Tai nulémé pelningumo didéjimas
ir produkcijos kokybés geréjimas bei nauji pramoniniy technologijy standartai ar kiti
veiksniai. Adaptyviis valdymo algoritmai daro esming jtaka technologijy paZangai
ir efektyvumui. Per pastaruosius dvideSimt mety buvo jdéta daug pastanguy kuriant
ir plétojant novatoriSkus adaptyvaus valdymo metodus. Akademiné bendruomené
pasitlé jvairius adaptyvaus valdymo metodus, taciau jie paprastai biina sudétingi,
jiems sukurti ir optimizuoti reikia daug laiko ir Ziniy. Labiausiai Zinomi $ioje mokslo
Sakoje intensyviai dirban¢iy mokslininky K. Astromo, B. Wittenmarko, M. M. Guptos
darbai. Vis délto adaptyvaus valdymo algoritmy, veikian¢iy neZinomoje, netiesinéje ir
kintancioje laike aplinkoje, kuri biidinga biotechnologiniams procesams, kiirimo uz-
daviniai teoriniu ir praktiniu poZzitiriais dar néra tinkamai iSspresti, todél adaptyvis
valdymo algoritmai vis dar retai taikomi biotechnologiniams procesams valdyti netgi
pirmaujanciose pasaulio biotechnologijy bendrovése. Todél, norint sékmingai nau-
doti adaptyvius valdymo algoritmus pramongje, reikia, kad jie biity paprasti, lengvai
modifikuojami ir implementuojami.

Moksliné ir technologiné problema bei darbiné hipotezé

Biotechnologiniai procesai yra vieni sudétingiausiy valdymo objekty, turinéiy
visas valdyma apsunkinancias savybes: netiesinius ry$ius tarp proceso kintamyjy,
laike besikei¢iancias dinamines savybes, jutikliy, galin¢iy uZtikrinti patikima proceso
stebéjima, trikuma. Todél efektyviy valdymo sistemy kirimas yra aktualus bioinZine-
rijos uzdavinys. Adaptyvaus valdymo algoritmu poreikis yra didelis, jie reikalingi
kuriant naujus ir tobulinant biotechnologinius procesus tiek mokslinése laboratorijose,
tiek pramonés jmonése.

Tyrimo objektas — adaptyvis valdymo algoritmai, skirti biotechnologiniams proce-
sams.

Tyrimo tikslas — sukurti tipiniy biotechnologiniy procesy adaptyvaus valdymo algo-
ritmus, tinkamus jdiegti standartiniuose pramoniniuose valdikliuose.

Tyrimo uzZdaviniai
1. Biotechnologiniy procesy tiesioginio ir netiesioginio adaptyvaus valdymo algo-
ritmy kirimas ir tyrimas.
2. Biotechnologiniy procesy adaptyvaus valdymo algoritmy, paremty neraiSkiyjy
aibiy logika, stiprinimo numatymu ir statistine analize, klirimas ir tyrimas.
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3. Adaptyvaus valdymo algoritmy taikymas pagrindiniams periodiniams ir peri-
odiniams su pamaitinimu proceso parametrams valdyti (santykinis biomasés
augimo greitis, iStirpusio deguonies kiekis, pH).

4. Valdymo algoritmy testavimas, derinimas ir eksperimentinis tyrimas valdant pe-
riodinius ir periodinius su pamaitinimu fermentacijos procesus.

Mokslinis naujumas

Sioje daktaro disertacijoje pateikiami penki paprasti adaptyvaus valdymo algo-
ritmai biotechnologiniams procesams valdyti: neraiSkiyjy aibiy logika pagristas adap-
tyvus PI reguliatoriaus parametry valdymas, stiprinimo numatymu pagristas adap-
tyvus PI reguliatoriaus parametry valdymas, statistine analize pagristas adaptyvus PI
reguliatoriaus parametry valdymas, polinomais pagristas adaptyvus PI reguliatoriaus
parametry valdymas ir substrato padavimo profilio adaptyvus valdymas. Neraiskiyjy
aibiy modeliai daznai pasiZymi dideliu sudétingy taisykliy ir narystés funkcijy kiekiu.
Tokius modelius sudétinga kurti ir derinti. Pasitlytas neraiskiyjy aibiy modelis suside-
da i§ 4 paprasty taisykliy, kurios sudaromos remiantis procesy operatoriaus patirtimi,
ir 6 narysciy funkcijy, taip iSlaikant maza modelio kompleksiskuma. Stiprinimo nu-
matymu paremti modeliai daznai reikalauja papildomy proceso kintamyjy parametry
matavimo kuriant ir realizuojant reguliatoriaus derinimo parametry adaptavima. Sukur-
ti stiprinimo numatymu paremti adaptyvieji valdymo algoritmai remiasi tik reguliato-
riaus jéjimo ir i§¢jimo parametrais, taip nereikalaujant papildomy matavimy regulia-
toriaus parametry adaptacijai realizuoti. Adaptyviy valdymo algoritmy kiirimas taip
pat pasizymi sudétingais veiksmais (iSvestiniy skaiciavimas, aproksimavimas ir kt.).
Pasitlyti i§¢jimo signalo statistine analize ar polinomais paremti adaptyvus valdymo
algoritmai remiasi tik bazinémis matematinémis operacijomis perskaiciuojant PI re-
guliatoriaus derinimo parametrus. Substrato padavimo adaptacijos modelis orientuo-
tas | efektyvios substrato padavimo strategijos, uZtikrinancios proceso valdomuma
ir pakankama bioproceso produktyvuma, sukiirima. Sukurtas substrato padavimo
adaptacijos modelis yra pagristas visiSkai eksperimentiniais duomenimis, todél ji gali
nesunkiai pritaikyti bioprocesy operatoriai, dirbantys su realiais pramoniniais proce-
sais ir neturintys specialiy Ziniy matematinio modeliavimo ir valdymo srityse.

Praktiné reikSmeé

1. Sukurti sprendimai yra svarbis nacionaliniu ir tarptautiniu mastu, adaptyviojo
valdymo algoritmai gali biiti diegiami nacionalinése biotechnologijy bendrove-
se, pavyzdZziui:

(a) Northway Biotech, UAB
(b) Celltechna, UAB
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2. Sioje daktaro disertacijoje pateikiamiems metodams plétoti galimybes sudaré
Europos Sajungos struktiriniy fondy finansuojamas projektas ,,Biotechnologiniy
procesy adaptyvaus valdymo algoritmy ir sistemy kiirimas ir tyrimai‘ (Nr. 01.2.2-
LMT-K-718), 2017-2022 m.

3. Vienas i$ sukurty algoritmy buvo patentuotas Lietuvos patenty biure: Galvanaus-
kas Vytautas (iSradimo autorius); Simutis Rimvydas (iSradimo autorius); Le-
viSauskas Donatas (iSradimo autorius); Urniezius Renaldas (iSradimo autorius);
Vaitkus Vygandas (iSradimo autorius); Tekorius Tomas (iSradimo autorius); But-
kus Mantas (iSradimo autorius); Survyla Arnas (iSradimo autorius). Maiti-
nimo profiliy, skirty valdyti pusiau periodinius rekombinantiniy E. coli kulti-
vavimo procesus, formavimo ir adaptavimo biidas / iSradéjai: V. Galvanauskas,
R. Simutis, D. LeviSauskas, R. Urniezius, V. Vaitkus, T. Tekorius, M. Butkus,
A. Survyla; savininkas: Kauno technologijos universitetas. LT 6861 B. 2021-
11-10.

Tyrimo rezultaty aprobavimas

Daktaro disertacija remiasi dviem pagrindiniais straipsniais, publikuotais tarp-
tautiniuose moksliniuose Zurnaluose, turinciuose cituojamumo rodiklj ,,Clarivate Web
of Science* duomeny bazgje. IS viso rezultatai publikuoti 3 moksliniuose straips-
niuose. Vienas i§ sukurty metody patentuotas Lietuvoje. Sukurti sprendimai buvo
pristatyti trijose tarptautiniu mastu pripazintose konferencijose Lietuvoje, Italijoje ir
Prancizijoje.

Atlikti tyrimai buvo teigiamai jvertinti tiek tarptautiniu, tiek Salies mastu.

Ginti teikiami teiginiai

1. Neraiskiagja logika pagristam adaptyvaus valdymo algoritmo kiirimui nereikia
giliy Ziniy apie procesa, tam pakanka Ziniy, kurias galima gauti kokybiskai
suprantant jvairiy svarbiy proceso kintamuyjy sasajas. Tokiy Ziniy paprastai
turi proceso operatoriai. Sukurtasis neraiskiaja logika pagristas adaptyviojo
valdymo algoritmas, kompensuodamas nuokrypius, kuriuos gali sukelti jvairiis
proceso trikdZiai ar jirangos gedimai, pranoksta kitus adaptyvius metodus, todél
Sis algoritmas tinka biotechnologiniams procesams valdyti.

2. Adaptyvieji valdymo algoritmai, pagrjsti stiprinimo numatymo metodu, kai para-
metrams adaptuoti naudojami tik reguliatoriaus jéjimo ir i$¢jimo kintamieji,
yra tinkami biotechnologiniams procesams valdyti. Sukurtasis stiprinimo nu-
matymu pagristas algoritmas, veikdamas ekstremaliomis darbo salygomis, kai
reikia sekti uzduotajq vertg placiame diapazone ir kompensuoti trikdZius, lenkia
iprastinius PID reguliatorius su pastoviais reguliavimo parametrais. Naudojant
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tik reguliatoriaus jvesties ir i§vesties kintamuosius, atliekant reguliatoriaus de-
rinimo parametry adaptavima, nereikia papildomy parametry matavimo realiu
laiku. Todél adaptyvus valdymo algoritmas gali buti jdiegtas nereikalaujant
papildomy jutikliy papildomiems matavimams atlikti.

. Sukurti adaptyvaus valdymo algoritmai, pagristi griZtamojo rysio signaly statis-
tine analize ir polinomais, tinka periodiniams su pamaitinimu biotechnologi-
niams procesams valdyti. Sie algoritmai gali biti taikomi pH ir i§tirpusio deguo-
nies koncentracijai valdyti esant pastoviai nustatytai vertei fermentacijos proce-
suose. Sie algoritmai gali biti diegiami pramoniniuose valdikliuose, kadangi
PI(D) reguliatoriaus parametrai perskai¢iuojami pasitelkiant bazinius matema-
tinius veiksmus.

. Gliukozés sankaupy bioprocesuose galima iSvengti matuojant iStirpusio deguo-
nies suvartojimo greiciu ir substraty tiekimo greiciu pagrista rodiklj (sunaudoto
deguonies kiekio ir per pasirinkta auginimo laiko intervala j bioreaktoriy patiek-
tos gliukozeés kiekio santykis), kuris taikomas bakterijy su substrato limitavimu
kultivavimo procesams, kultivavimo metu koreguojant substrato tiekimo greitj.
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1. BIOTECHNOLOGINIU PROCESU VALDYMAS

vV —

cinos, farmacijos, aplinkosaugos ir daugelis kity pramonés Saky labai priklauso nuo
bioinZinieriy sukurty produkty. Norint pabréZti biotechnologiniy procesy kontrolés
poreikius ir svarba, ypaC gaminant didelés vertés ir (arba) didelés apimties produk-
tus, viena 18 sriciy, j kurig reikia atkreipti démesj, yra naujy procesy kirimas [7]. Jei
randama ar genetiSkai sukuriama nauja medZiaga, bioinZinierius nustatys tinkamas
aplinkos salygas tiksliniam produktui augti ir gaminti. Sie veiksniai paprastai apima
temperatiiros, pH, iStirpusio deguonies koncentracijos, santykinio augimo greicio ir
kity parametry valdyma. Nors minétiems kintamiesiems daznai pateikiamos uzduotos
vertés, kurios mazesnio masto reaktoriuose gali biiti palaikomos PID reguliatoriais,
optimalus §iy proceso kintamyjuy trajektorijy nustatymas vis dar yra sudétingas in-
Zinerijos uzdavinys. Bitent Sis optimalus maistiniy medZiagy tiekimas daZniausiai
nerealizuojamas biologinéje laboratorijoje, taciau jis suteikia daug galimybiy page-
rinti gamyba naudojant optimaly valdyma. Nesvarbu, ar gamybai naudojamos bak-
terijos, pavyzdziui, E. coli, mielés, grybeliai, ar gyviny lastelés, jos sudarytos i
takstanciy skirtingy junginiy, kurie tarpusavyje reaguoja Simtais ar daugiau reakcijy.
Visos reakcijos yra grieZtai reguliuojamos molekuliniu ir genetiniu pagrindu. Siy
procesy matematinis modeliavimas, apraSantis augima ir gamyba, reikalauja daug
konkreciam procesui budingy Ziniy. Be to, labai svarbu modeliu pagristi lastelés ir
aplinkos buklés jvertinima, nes paprastai nejmanoma atlikti lastelés vidiniy procesy ir
maistiniy medZiagy koncentracijos matavimy realiu laiku.

Be palyginti paprasty fizikiniy parametry, tokiy kaip temperatiira, pH, iStirpu-
sio deguonies ar anglies dioksido koncentracija, valdymo, tik keli kintamieji papras-
tai kontroliuojami atsizZvelgiant | nustatyta verte. RySkiausias pavyzdys — biomasés
augimo greitis, kai siekiama kuo greiciau pasiekti didelg lasteliy koncentracija reakto-
riuje. Jei maistiniy medZiagy tiekimas palaikomas vir§ tam tikro lygio, gaunama ne-
ribojancio augimo elgsena, todél modeliu pagristam valdymui galima naudoti nestruk-
tirizuotus modelius. Taciau reikia vengti maistiniy medziagy pertekliaus, nes kai
kurie organizmai, pavyzdziui, kepimo mielés, inicijuoja pertekling medziagu apykaita
su produktais, kurie vélesniuose auginimo etapuose gali biiti inhibitaciniai. Kai kurig
produkty, pavyzdZiui, antibiotiko penicilino, atveju organizmas turi augti létai, kad
biity pasiektas didelis gamybos greitis. Siems vadinamiesiems antriniams metaboli-
tams reikia mazy, bet neiSnykstanciy kai kuriy ribojanciy substraty koncentraciju.

Valdymo sistemos projektavimui didelg jtaka daro proceso netiesiskumy skaicius.
Klasikiniai reguliatoriai, tokie kaip proporcinis-integralinis-diferencialinis (PID) arba
proporcinis-integralinis (PI), yra tinkami, jei susiduriama su labai nedideliu netiesisku-
mu. Taciau, esant dideliam netiesiSkumy skaiciui, tokie tiesiniai modeliai yra neveiks-
mingi, nes net nedideli trikdZiai gali priversti procesa nukrypti nuo darbinio tasko [11].
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Valdymo kokybei jtakos turi reguliatoriaus gebéjimas uztikrinti stabily veikima, vei-
kiant proceso dinamikai ir trikdziams [12, 13, 14]. Tikslus technologiniy parametry
valdymas mikroorganizmy auginimo procesuose yra butinas, kad biity i8laikytas nori-
my technologiniy reZimy ir procesy atkuriamumas. Tacdiau periodinio ir periodinio su
pamaitinimu kultivavimo procesy dinaminiai parametrai kultivavimo ciklo metu labai
kinta. Todél jprasti PI(D) reguliatoriai su pastoviais reguliavimo parametrais negali
uztikrinti reikiamos valdymo kokybeés [15].

1.1. Adaptyvus biotechnologiniu procesu valdymas

Adaptyvusis valdymas — tai metody, kuriais uZtikrinamas automatinis reguliatoriy re-
guliavimo parametry adaptavimas realiuoju laiku, kad biity pasiektas arba iSlaikytas
pageidaujamas valdymo sistemos veikimo lygis, kai dinaminiai modelio paramet-
rai nezinomi ir (arba) kinta laikui bégant, rinkinys [16]. Pirmiausia panagrinékime
atvejj, kai dinaminio modelio parametrai neZinomi, bet yra pastovis (bent jau tam
tikroje veikimo srityje). Tokiais atvejais, nors reguliatoriaus struktiira apskritai neprik-
lausys nuo konkreciy modelio parametry verciy, efektyviai sureguliuoti reguliatoriaus
parametry negalima neZinant jy ver¢iy. Adaptyviojo valdymo metodai gali uZtikrinti
automating reguliatoriaus parametry derinimo procediira. Tokiais atvejais adaptacijos
poveikis iSnyksta laikui bégant. Taciau, pasikeitus eksploatavimo salygoms, adaptacija
gali veikti neefektyviai, tad gali tekti parametrus derinti i§ naujo.

Dabar panagrinékime atveji, kai jrenginio dinaminio modelio parametrai laike
kinta nenuspéjamai. Tokiy atvejy pasitaiko arba dél to, kad keiciasi aplinkos saly-
gos, arba dél to, kad buvo sudaryti supaprastinti tiesiniai netiesiniy sistemy modeliai.
Tokiy situacijy gali pasitaikyti ir dél to, kad sistemos parametrai létai kinta laike.
Norint pasiekti ir i$laikyti priimting valdymo sistemos veikimo lygj, kai vyksta dideli
ir nezinomi modelio parametry pokyciai, reikia apsvarstyti adaptyviy reguliatoriy nau-
dojima. Daugiau informacijos apie adaptyviosios valdymo sistemos veikima galima
gauti, jei panagrinésime 1.1.1 paveiksle pavaizduota reguliatoriaus projektavimo ir
derinimo procedira.

Mustatymai

Adaptavimo " Bioreakioriaus

algoritmas N modelis

h h

B
pH nuostatas Fon
+ PI{D) reguliatorius Bioreaktorius

1.1.1 pav. Adaptyvaus pH reguliatoriaus pavyzdys

pH

¥

¥
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Norint suprojektuoti ir tinkamai parinkti reguliatoriaus parametrus, reikia sudary-
ti biotechnologinio proceso dinaminj modelj [17]. Bioreaktoriaus dinaminj modelj
galima nustatyti pagal eksperimentinius duomenis. Galima teigti, kad reguliatoriaus
projektavimas ir derinimas atliekamas pagal surinktus sistemos duomenis. Adap-
tyvigja valdymo sistema galima laikyti pirmiau minétos projektavimo ir derinimo
procediros jgyvendinimu realiuoju laiku. Reguliatoriaus parametry derinimas bus
atliekamas realiuoju laiku remiantis realiuoju laiku gaunamais sistemos duomenimis.

1.1.1. Tiesioginio adaptyvaus valdymo algoritmai

Valdymo algoritmo naSumas gali biiti apibréZtas vertinant dinamines sistemos charak-
teristikas. Tokiu atveju reguliatorius yra kuriamas taip, kad nagrin¢jamam objekto
modeliui uzdarojo konttiro sistema turi uZzduotos dinaminés sistemos charakteristikas.
Tokiu atveju sukuriamas atraminis modelis, kuriame sistema realizuojama su uzduotu
norimu nasumu. Skirtumas tarp valdomo objekto ir atraminio modelio i$éjimy yra
lygus nuliui, jei pradinés salygos yra vienodos abiem modeliams.

—> Atraminis modelis ‘DC)

+

Nustatymai

Adaptavimo Bioreaktoriaus

algoritmas modelis

H
pH nuostatas Fon P

‘\;/ PI(D} reguliatorius

Bioreaktorius

1.1.2 pav. Tiesioginio adaptyvaus valdymo algoritmo struktiiriné schema

Si schema pagrista pastebéjimu, kad skirtumas tarp realaus objekto i¢jimo ir
atraminio modelio i$¢jimo yra skirtumo tarp realaus ir pageidaujamo signalo naSumo
matas. Sia informacija (kartu su kita informacija) adaptacijos algoritmas naudoja
tiesiogiai koreguodamas reguliatoriaus parametrus realiuoju laiku, kad realaus mode-
lio paklaida asimptotiskai artéty prie nulio.
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1.1.2. Netiesioginio adaptyvaus valdymo algoritmai

Netiesioginio adaptyvaus valdymo struktiiriné schema pateikta 1.1.3 paveiksle.

Nustatymai Adaptavimo " Bioreaktoriaus
algoritmas B modelio jvertinimas
[y Y
T Ke

k. ¥

) 4
pH nuostatas FoH
+ PI{D) reguliatorius > Bioreaktorius

1.1.3 pav. Netiesioginio adaptyvaus valdymo algoritmo struktiiriné schema

pH

A

Sio metodo pagrindiné idéja yra ta, kad tinkama reguliatoriy galima suprojek-
tuoti realiu laiku, jei biotechnologinio proceso modelis jvertinamas realiu laiku pagal
turimus jéjimo ir i$¢jimo matavimus. Schema vadinama netiesiogine, nes reguliato-
riaus parametrai apskaiciuojami dviem etapais:

1. Objekto parametry jvertinimas realiu laiku.

2. Reguliatoriaus parametry apskaic¢iavimas remiantis apskaiciuotais objekto para-
metrais.

Netiesioginio adaptyvaus valdymo schema sitilo daugybe valdymo désniy ir parametry
ivertinimo metody deriniy. Norint geriau suprasti, kaip veikia $ios netiesioginio adap-
tyvaus valdymo schemos, tikslinga i§samiau panagrinéti modelio parametry jvertinima
realiu laiku [21, 22, 23].

1.2. Esamu adaptyviu biotechnologiniu procesu valdymo algoritmy apzvalga

Intensyvi pasauliné konkurencija, verslo strategijos, kurios daugiausia grindziamos
pelnu, sparciai besivystancios socialinés ir ekonominés salygos, didelis susidoméjimas
geresnés kokybeés valdymu, didéjantis susirtipinimas sauga ir grieztos aplinkosaugos
normos skatina daugeli pramonés Saky automatizuoti savo veikla naudojant pazangias
valdymo sistemas [12, 13, 14]. Sukurti jvairaus sudétingumo adaptyvaus valdymo
algoritmai, skirti biotechnologiniy procesy parametrams valdyti kintanciomis laiko
salygomis. Algoritmas, pagristas proceso tendenciju modeliais ir proceso kintamyju
matavimais kultivacijos metu [24, 25], uZtikrina kokybiska valdyma ekstremaliomis
darbo salygomis. Taciau modeliu pagristo valdymo algoritmo kiirimas uZima daug
laiko, be to, norint atlikti proceso kintamyjy matavimus kultivacijos metu, dazniausiai
reikia jdiegti papildoma matavimo jranga. Ekspertiniai, Ziniomis pagristi adaptyvieji
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valdymo algoritmai yra efektyvis, taciau jiems sukurti neretai reikia giliy Ziniy apie
biotechnologinj procesa [11, 26]. Adaptyvusis valdymas pagal modelj ir nuoroda
(angl. Model-reference adaptive control, MRAC) remiasi proceso etaloniniu mo-
deliu, kuris apibréZia, kaip proceso iSvestis turéty reaguoti j apibréZta signala [55].
Nors MRAC yra gera alternatyva PID, ja reikia derinti kiekvienam konkre¢iam proce-
sui, o derinimas priklauso nuo vélavimo, inertiSkumo ir kity veiksniy. NeZinomiems
procesams reguliatorius turi biiti derinamas eksperimentiskai, o tai gali bati trikumas
siekiant Siuos metodus jgyvendinti pramoniniuose bioreaktoriuose [11]. Bioreakto-
riams adaptyviai valdyti sukurti jvairis stiprinimo numatymo metodu pagristi valdymo
algoritmai. Siuose valdymo algoritmuose deguonies jsisavinimo greitis [62, 63] ir an-
glies dioksido iSsiskyrimo greitis [64, 65] naudojami kaip stiprinimo numatymo kin-
tamieji. Valdymo sistemose Sie parametrai jvertinami pagal iSmetamuyjy dujy analizés,
kuri atliekama kultivacijos metu, rezultatus. Norint praktiSkai jgyvendinti minétus al-
goritmus, biitina, kad bioreaktoriaus sistemoje buity jrengtas iSmetamyjy dujy analiza-
torius.

1.2.1. Biomasés santykinio augimo greicio valdymas

Vienas i§ svarbiausiy biotechnologiniy procesy valdymo inZinerijos uZdaviniy — sukurti
paprastus ir patikimus metodus, kuriuos biity galima naudoti pramoniniy bioreaktoriy
santykinio augimo greiciui stebéti ir valdyti. Nepaisant to, §iuo metu daugumoje pra-
moninio masto bioreaktoriy dazniausiai naudojamos gana paprastos valdymo siste-
mos, nors akademinéje bendruomenéje placiai diskutuojama apie paZangius sprendi-
mus [58].

Biomasés santykinj augimo greitj, kurj galima apibudinti kaip biomasés abso-
liutaus augimo greicio ir kultiiroje sukaupto biomaseés kiekio santykj, galima laikyti
vienu i§ svarbiausiy biotechnologiniy procesy kintamyjy. Jis turi jtakos ne tik kultiros
fiziologinei buklei, bet ir lemia produkty kiekj ir kokybe [69, 70, 71]. Tokie poveikiai,
kaip substrato limitavimas ar kaupimasis, yra gana paplit¢ periodiniuose su pamaiti-
nimu procesuose. Taciau su Siais poveikiais galima susidoroti, jei jie tinkamai kon-
troliuojami. Gerai parinktas valdymo algoritmas gali uztikrinti didel¢ produkto kon-
centracija ir didelj lasteliy tankj. Tai galima pasiekti palaikant tam tikra substrato kon-
centracija, tod¢l kontroliuojamas biomasés augimo greitis [12], kuri galima valdyti
keiCiant substrato padavimo greiti. Daugeliu atvejy biotechnologiniai procesai val-
domi naudojant PID (proporcinius-integralinius-diferencialinius) reguliatorius, kurie
paprastai veikia pramoninése valdymo sistemose. Siose sistemose paprastai kontro-
liuojama temperatira, pH ir kiti proceso kintamieji. Valdymo kokybé labai priklauso
nuo reguliatoriaus ir jo derinimo bei jo gebéjimo susidoroti su proceso kintamumu
ir trikdZiais [12, 14, 13]. Iprasti PID reguliatoriai, kuriuose naudojami pastovis de-
rinimo parametrai, negali pasiekti reikiamo proceso valdymo tikslumo, nes dinamika
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darbo metu labai kinta. Akademiné bendruomené pasitilé jvairiy PID reguliatoriaus
parametry adaptavimo metody, kuriais atsizvelgiama j kintancias laike darbo salygas:
taisyklémis grindZiamas neraiskiyjy aibiy sistemas [26], stiprinimo numatymo meto-
dus [58, 89] ir kitus metodus [59, 60, 61, 12, 13, 74, 75]. Pasitlyti metodai suteikia
teorinj ir praktinj pagrinda, leidZiantj panaudoti adaptyviojo valdymo algoritmus val-
dant biotechnologinius procesus, ir pabrézia, kad Siy valdymo metody taikymas gali
reik§mingai padidinti valdymo sistemy efektyvuma.

1.2.2. IStirpusio deguonies koncentracijos valdymas

IStirpusio deguonies koncentracijos ir pH valdymo sistemy ktrimo metodai, pagristi
dirbtiniy neuroniniy tinkly modeliais, pateikti [82, 83]. A. Mészdros ir kt. pristato
dirbtinj neuroninj tinkla, kuris yra apmokytas prognozuoti valdomy procesy netiesing
dinamika, o atvirkStiniai neuroniniai tinklai yra naudojami valdymo sistemose kaip
griztamojo rysio reguliatoriai [82]. Du, Xianjun ir kt. sukiiré radialinémis bazinémis
funkcijomis pagrista neuroninio tinklo adaptyvyji PID reguliatoriy iStirpusio deguonies
koncentracijai valdyti [83]. Tokiam neuroniny tinkly modeliu pagristy valdymo siste-
my kiirimui reikia pakankamo kiekio informatyviy proceso duomeny ir laiko sanaudy
modeliui apmokyti. D¢l Siy priezasciy sudétingy valdymo sistemy taikymas pramoni-
niy bioprocesy valdymo inZinerijos praktikoje néra patrauklus. Taip pat sukurtos istir-
pusio deguonies koncentracijos valdymo sistemos [88, 84], kuriose PID (PI) regu-
liatoriaus adaptacijai nereikia papildomy proceso kintamyjy matavimy. Reguliato-
riaus parametry adaptavimas grindZiamas statistine reguliatoriaus jvesties ir iSvesties
duomeny analize kultivacijos metu. Taciau optimalios algoritmy derinimo parametry
vertés nustatomos taikant ,,bandymuy ir klaidy* metoda, kuris reikalauja daug laiko.
Ivairis kiti PID reguliatoriaus parametry adaptavimo metodai pateikti [74, 75, 77].

1.2.3.  pH valdymas

Vienas i§ daznai biotechnologiniuose procesuose valdomy parametry yra terpés pH ly-
gis. pH lygio reguliavimas padeda uZtikrinti produkto kokybg ir sumazina kontroliuo-
jamo objekto jrangos korozija. Pakankamai veiksminga pH kontrolé taupo pH lygiui
kontroliuoti naudojama reagenta. pH lygio kontrolé naudojama jvairiose srityse:

1. Auginant mikroorganizmus [90].
. Drusky kristalizavimo procesuose chemijos pramonéje [91].

. PavirSiy apdorojimo procesuose [92].

2
3
4. Fermentacijos procesuose [93].
5. Farmacijoje [94].

6

. Vandens minkStinimo, valymo ir kituose procesuose [95, 96].
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Kokybiska pH kontrolg sunku uztikrinti dél daugelio priezasCiy: labai didelio biochemi-
niy procesy, titravimo kreiviy ir paties pH matavimo netiesiSkumo, didelio mikroorga-
nizmy jautrumo net maziems laikiniems pH lygio nuokrypiams auginimo terpéje ir pH
jutikliy dreifo [97, 98].

Akademiné bendruomené pasitlé jvairiy PID reguliatoriaus parametry adap-
tavimo metody kokybiskam pH valdymui. Vis délto dauguma ju turi trakumy [100,
105], pavyzdZiui, sudétingas reguliatoriaus projektavimas, didZiulés laiko investicijos
ktrimui, brangi aparatiné jranga arba daug derinimo parametry. Todél labai svarbu
parengti paprastus, patikimus ir lengvai jgyvendinamus tikslaus pH valdymo meto-
dus.
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2. SUKURTI ADAPTYVUS BIOTECHNOLOGINIU PROCESU VALDYMO
ALGORITMAI

Siame darbe naudojami jau sukurti ir identifikuoti matematiniai biotechnologiniy pro-
cesy modeliai, kurie pateikiami fundamentaliomis matematinémis iSraiSkomis. Siuo-
se modeliuose nefigiiruoja juodosios dézés elementai, todél modeliams nereikia tirti
parametry neapibréZtumy jtakos. Jie naudojami tiriant valdymo algoritmus, atliekant
imitacin} modeliavima.

2.1. Neraiskiyju aibiu logika pagristas adaptyvus santykinio augimo greicio
valdymas

2.1.1. Biotechnologinio proceso matematinio modelio sudarymas

Siame tyrime biotechnologinis procesas buvo modeliuojamas naudojant Escherichia
coli BL21 matematinj modelji MATLAB aplinkoje. Si lastelé taip pat turéjo pBR322
plazmidés darinj ir buvo auginama rekombinantinio maitinimo proceso metu. Sis
rekombinantinis baltymas daznai naudojamas tipiniuose bioreaktoriy masto procesuo-
se. Pasirinkto rekombinantinio baltymo kultivavimg galima apibudinti kaip dviejuy
faziy procesa. Pirmojo etapo tikslas — bioreaktoriuje sukaupti biomasg. Santyki-
nis augimo greitis Sioje fazéje paprastai yra santykinai didelis. Antrojo etapo metu
gaminamas rekombinantinis baltymas. Aprasyty dvieju faziy metu kiekvienai fazei
buvo nustatyta ir palaikoma skirtinga optimali temperatiira. Modeliuojamame procese
pirmojo etapo metu buvo palaikoma 37 °C temperatiira, taip maksimaliai padidinant
biomasés augima iki optimalaus lygio. Gamybos proceso pradZioje temperatiira buvo
sumazinta iki 32 °C. Substrato tiekimo greicio profiliai ir indukcijos laikas taip pat turi
didelg jtaka proceso nasumui. Todél jie taip pat optimizuojami pagal modelj. Induk-
cijos laikas (8 val.) buvo nustatytas [106] taikant modeliais pagristus optimizavimo
metodus. Atliekant modeliu pagrista proceso optimizavima [106], buvo naudojamas
proceso nasumo (produktyvumo) rodiklis, lygus bendram siektinam baltymuy kiekiui
proceso pabaigoje. Tiriamame procese biomasés ir tiksliniy baltymy analizei taikomi
realaus laiko matavimo metodai iSsamiai apraSyti [106]. Pagrindiniai proceso kin-
tamieji Sivo atveju buvo modeliuojami programiniais jutikliais. ApraSytam biotech-
nologiniam procesui modeliuoti buvo naudojamas [106] pateiktas matematinis mo-
delis. Remiantis kitais tyrimais, biomasés augimui ir baltymy gamybai kontroliuoti
naudojami i§ anksto optimizuoti substrato tiekimo profiliai [106]. Tokio tipo atviro
kontiiro sistema gali biti efektyviai valdoma tik tada, kai néra dideliy proceso salygu
nuokrypiy ar jrangos sutrikimy ir (arba) gedimy. To nepadarius, gali atsirasti san-
tykinio augimo greicio nuokrypiy, kurie sumazinty proceso nasuma. Todél santykinis
augimo greitis buvo pasirinktas kaip pagrindinis kontroliuojamas §io tyrimo kintama-
sis, kuris biity palaikomas kontroliuojant substrato padavima. Siame tyrime optimaliai
santykinio augimo greicio trajektorijai palaikyti buvo naudojamas adaptyvus valdymo
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algoritmas.

2.1.2. Adaptyvaus valdymo algoritmo kiirimas

Siekiant realizuoti adaptyvy santykinio augimo greicio valdymo algoritma, buvo sukur-
tas ir iStirtas PI reguliatorius su neraiSkiyjy aibiy logika pagristu reguliatoriaus paramet-
ry adaptavimu. Jprasto PID reguliatoriaus taikymas yra ribotas dél nestacionaraus
ir netiesinio apraSyty biotechnologiniy procesy elgesio. Todél buvo suprojektuotas
ir jgyvendintas neraiSkusis modelis, skirtas PI reguliatoriaus parametrams adaptuoti
kultivacijos metu. Kadangi santykinis augimo greitis negali biiti matuojamas tiesio-
giai, signalui apskaiciuoti buvo naudojamas biisenos jvertis ir pagalbinis kintamasis
[58]. Sie kintamieji véliau naudojami griztamajame rySyje. Siame tyrime nuspresta,
kad deguonies suvartojimo greitis biity tinkamas papildomas kintamasis dél to, kad
jis ne tik atspindi kultiiry fiziologing bukle, bet ir turi gera koreliacija su santykiniu
augimo greiciu. Gauti rezultatai rodo, kad biomasés koncentracijos, apskaiciuotos pa-
gal nustatyta santykinj augimo greitj, gerai atitinka iSmatuotas (etalonines) biomaseés
koncentracijas. 2.1.1 pav. pavaizduota bendra sukurto reguliatoriaus strukttra.

MNeraigkia logika
paremta adaptacija |

- h 4 h 4
h 4 OUR. w

+ PI{D) reguliatorius Bioreaktorius

¥
¥

2.1.1 pav. Neraiskiyjy aibiy logika paremto valdymo algoritmo struktiiriné schema

Norint sukurti neraiskiyjy aibiy logikos pagrindu veikiantj adaptyvyjj PI regulia-
toriy, reikia apibréZti sistemos jvesties ir iSvesties kintamuosius. Kadangi $io mode-
lio paskirtis yra adaptuoti PI reguliatoriaus parametrus, kaip iS§¢jimo kintamieji buvo
pasirinkti reguliatoriaus stiprinimo K. ir integravimo laiko konstantos 7; parametrai.
Tiek T; , tiek K. priklauso nuo proceso kintamuyjy, kaip aprasyta [58]:

K.ockow, 2.1)

k1

Tor—— b 22
“OURJw + ks 2.2
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¢ia kg, ki ir ko yra pastoviis parametrai, kuriy reik§més buvo apskaiciuotos bei
iSsamiai aptartos [58]. Optimizavimo tikslas — rasti parametry rinkinj, kuris minimizuo-
ty suprojektuoto valdymo algoritmo sekimo paklaida (pvz., integraling laiko absoliuting
paklaida), kai reguliatoriaus parametrams pritaikyti naudojamos prie$ tai paminétos
lygtys. Kadangi PI reguliatoriaus parametrai daugiausia priklauso nuo deguonies su-
vartojimo grei¢io OU R ir kultiiros svorio w, abu proceso kintamieji turi biiti naudo-
jami valdymo algoritme. Siekiant sumazinti algoritmo sudétinguma, Siy dviejy pro-
ceso kintamyjy santykis buvo naudojamas kaip algoritmo jvestis, o neraiskiyjy aibiy
sistemoje panaudota klasikiné versija. Remiantis turimomis euristinémis Ziniomis,
buvo sukurtos Sios taisyklés, skirtos nagrinéjamam algoritmui:

Jei OU R/w santykis yra mazas, tada 7; yra didelé;
Jei OU R/w santykis yra didelis, tada T; yra maZza;
Jei OU R/w santykis yra mazas, tada K. yra mazas;
Jei OU R/w santykis yra didelis, tada K. yra didelis.

Tiek neraiskiojo modelio jéjimui, tiek ié¢jimui buvo pasirinktos dvi Gauso narys-
tés funkcijos. Siekiant iSvengti didelio narystés funkcijy persidengimo ir sumaZzinti
modelio kompleksiSkuma, kiekvienam parametrui naudojamy narystés funkcijy skai-
¢ius buvo sumaZzintas iki dviejy. Narysc¢iy funkcijy parametrai buvo nustatyti panau-
dojant genetinj algoritma. K. ir T; priklausomybés pateiktos 2.1.2 pav.

x10° ' ' '
(a) (b)

0.76

0.74 1

0.72 1

0.7

; : ‘ : 0.68 : : : ‘
0 0.5 I L5 2 0 0.5 1 L5 2

OUR/w OUR/w

2.1.2 pav. PI reguliatoriaus parametry kitimas fuzzy modelyje: integraliné laiko pastovioji
T;(a), stiprinimas K. (b)

Genetinio algoritmo vertés buvo perskaiciuotos 20 karty, siekiant uZtikrinti parametry

patikimuma.
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2.2, IStirpusio deguonies koncentracijos valdymas panaudojant stiprinimo
numatyma

IStirpusio deguonies koncentracijos (DOC) dinamika kultiiros terpéje gali biiti iSreiksta
paprasta diferencialine lygtimi, pagrista DOC masés balansu:

d
d{ = Kra(csar — ) — OUR, 2.3)

¢ia Kra deguonies perdavimo koeficientas, s~ !, ¢ yra iStirpusio deguonies koncen-
tracija, %, csqt — Sios vertés jsisotinimo koeficientas, %, OU R yra deguonies suvarto-
jimo greitis, mmols™!.

Atlikus Sios lygties tiesinima tasko ¢, aplinkoje, pridéjus vélavima bei jvertinus,
kad reguliatoriaus stiprinimo koeficientas K. yra proporcingas Ty,,/K,, /T, o laiko
pastovioji T} yra proporcinga 7,., gaunama 2.4 priklausomybé. Atsizvelgiant j funkci-
nes priklausomybes ir darant prielaida, kad kultivavimo proceso metu kontroliuojama
iStirpusio deguonies koncentracijos verté yra artima nustatytosios vertés vertei, ga-
lima jvertinti reguliatoriaus derinimo parametry ir reguliatoriaus i$¢jimo bei nuostato
signalo priklausomybiy pobudj:

o Kke
Kelth) = ) (Cont — cout ) @4

Ky
T, = , 25
= lultn))? )
1
Krp; = i (2.6)

Cia kr; ir K. yra koeficientai, skirti reguliatoriui derinti, kad bty pasiektas
pageidaujamas valdymo sistemos veikimas (apytikslg koeficiento verte galima paimti
i§ pageidaujamy reguliatoriaus derinimo taisykliy). » yra maiSymo greitis (valdymo
kintamasis), s~ ', ¢ oro tiekimo greitis, Is71, o ir ~ yra parametrai, -. Biotech-
nologiniam procesui imituoti buvo naudojamas E.coli maitinimo proceso matematinis
modelis, pateiktas [25]. Sukurtos valdymo sistemos struktiiriné schema pateikiama
2.2.1 paveiksle.
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| Stiprinimo numatymo |
algoritmas

v DoC

DOC nuostatas N
+ PI(D) reguliatorius » Bioreaktorius >

2.2.1 pav. Adaptyvaus istirpusio deguonies koncentracijos valdymo strukttriné schema

Kaip parodyta 2.2.1 pav., iStirpusios deguonies koncentracijos adaptyvusis valdy-
mo algoritmas reguliatoriaus parametrams apskaiciuoti naudoja tik reguliatoriaus jves-
ties ir (arba) iSvesties signalus, taip iSreiSkiant sistemos unikaluma. IStirpusios deguo-
nies koncentracijos matavimai buvo modeliuojami pridedant Gauso triuk§Sma;:

Celm(tk) = Cel(tk) + aRandn, (2.7)

éia cepy, — iSmatuota DOC verté; o — standartinis nuokrypis, apskaifiuotas pa-
gal realius matavimus (o= 0.2%), Randn — normalizuoty Gauso atsitiktiniy skai¢iy
seka. Modeliuojant stiprinimo numatymo ir PI valdymo algoritmus, visy modelia-
vimo eksperimenty metu buvo naudojamas laiko diskretizacijos Zingsnis At = 0,18 s.

2.3. pH valdymas panaudojant stiprinimo numatyma

Periodiniuose su pamaitinimu kultivavimo procesuose vandenilio jony koncentracija
gali biiti modeliuojama atsizvelgiant j mikroorganizmy augimo, rigsciy ir Sarmy tirpaly
dozavimo jtaka kontroliuojant pH:

dC+
dt

For(Che —Cuv)  FiCp+
Vv |72

Cia C(}H ir C'y+ yra vandenilio jony koncentracijos atitinkamai bioreaktoriuje ir Sarmi-

niame tirpale. Tikrosios ir apskaiciuotos C’IO{Jr vertés gali skirtis, tad turi buti identi-

= (a1 px + asgx) + (2.8)

fikuotos. = — biomasés konsentracija terpéje, g/l, ;1 — biomasés santykinis augimo gre-
itis, 1/h, I,y — Sarminio tirpalo srautas (valdymo kintamasis), I/h, Fs — pamaitinimo
srautas, I/h, V' —kultivavimo terpés tiris, 1, a1, ao — modelio parametrai, kurie turi biiti
identifikuoti i§ eksperimentiniy duomeny. Pradiné C'+(0) verté yra lygi 107 mol/l,
kas prilygsta pH 7. Sios lygties istiesinimas tasko t;, aplinkoje bei jvertinus, jog reg-
uliatoriaus stiprinimo koeficientas K. yra proporcingas T, /K, /T, o laiko pastovioji
T; yra proporcinga Tj,, gaunamos funkcinés priklausomybés, darant prielaida, kad
auginimo proceso metu kontroliuojama pH verté yra artima nustatytosios vertés vertei.
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Tokiu atveju reguliatoriaus parametry priklausomybes galima iSreiksti lygtimis:

Kg.V
Rell) = o3 ) — Core () 2
FpH(tk) + Fs(tk) ’
¢ia K. ir kp; yra koeficientas, skirtas reguliatoriui derinti, kad biity pasiektas
pageidaujamas valdymo sistemos veikimas. Remiantis turimais realaus laiko matavi-
mais, galima sukurti Siuos valdymo algoritmus:

Ti(ty) =

(2.10)

1. Valdymo algoritma, kuriame F,y, Fj, ir V matuojami kultivacijos metu.

2. Valdymo algoritma, kuriame F), g ir Fs matuojami kultivacijos metu, o naudo-
jama pastovi vidutiné V' verté.

3. Valdymo algoritma, kuriame £,y ir V' matuojami kultivacijos metu, o Fs ap-
skaiCiuojamas kaip Fy = kF,p.

4. Valdymo algoritma, kuriame kultivacijos metu matuojamas tik /77, V' laikomas
pastoviu ir lygiu vidutinei vertei, o I apskai¢iuojamas kaip Fy = kF),p , Cia k
yra derinimo parametras.

IStirto adaptyvaus pH valdymo algoritmo, jgyvendinancio PI reguliatoriaus parametry
adaptacijq su reguliatoriaus i§¢jimo ir j€jimo signalais kaip stiprinimo numatymo kintamai-

siais, schema pavaizduota 2.3.1 pav.

Stiprinimo numatymo
algoritmas

h

¥ h 4

¥
pH nuostatas Fon pH
) =

v PI{D) reguliatorius Bioreaktorius

¥

¥

A

2.3.1 pav. Adaptyvios pH valdymo sistemos struktiiriné schema

Veélgi nagrinéjamame algoritme PI reguliatoriaus parametrai yra adaptuojami
panaudojant tik reguliatoriaus jéjimo ir i$€¢jimo parametrus.

24. PI reguliatoriaus parametry adaptavimas remiantis griZtamojo rysio
signaly statistine analize

Ankstesni bioreaktoriy pH valdymo sistemy tyrimai parodé, kad dél proceso dinamikos
poky¢iy bty tikslinga adaptuoti PI reguliatoriaus parametrus, ypac integraling laiko

106



konstantg 77, kuri, kaip paaiskéjo, yra pagrindinis derinimo parametras, priklausan-
tis nuo proceso apkrovos. Optimali valdymo parametro K. verté priklauso tik nuo
kulturos turio, kuris proceso metu Siek tiek kinta [103]. PrieS tai aptartas valdymo
algoritmas reikalauja giliy matematikos Ziniy, todél nuspresta pasitlyti paprastesng
alternatyva, kur reguliatoriaus parametro 7; derinimas grindZiamas statistine siste-
mos griztamojo rysio signalo analize. Reguliatoriaus parametry adaptavimo algoritme
griztamojo ryS$io signalo cgy. paklaidos vidutiné verté apskaiciuojama kultivacijos
metu i§ slenkancio lango:

1
Cave(k) = E A Cel(i% (2.1

Offset(k) = Cset — Cave(k), (2.12)

¢ia n yra slenkancio lango ilgis, s, c¢; — griZtamojo rySio signalo verté, -, 0 cge¢ yra uz-
duota verté, -. Be to, absoliuti vidutiné nuokrypio verté apskaiiuojama i§ griZtamojo
rysio signalo:

k—1
Dabsave(k) = Z |Cel(i) - Cave(k)|~ (2.13)
=k—n

S|

Pirmiau nurodyti statistiniai parametrai taikomi reguliatoriaus integravimo konstantai
T; adaptuoti realaus laiko rezimu pagal §ig taisykle:

Jei |Offset(k)| > Omaz arba Dabsave(k) > Dmaa:’
tada T (k) = Ty(k — 1)(1 — a10; poet (k).
Kitu atveju T;(k) = T;(k — 1),

¢ia a1, Omaz It D, yra derinimo parametrai. Reguliatoriaus stiprinimas K.
S$iuo atveju nebuvo keiciamas ir valdomo proceso metu isliko pastovus. Adaptyvusis
valdymo algoritmas buvo iSbandytas pH valdyti. F},y buvo pasirinktas kaip valdymo
kintamasis. Sios sistemos struktiiriné schema pateikta 2.4.1 paveiksle.
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Reguliatoriaus
parametry M Griztamojo rySio
adaptavimo N statisting analize  [¢
algoritmas
T Ke
- ¥ ¥
¥
pH nuostatas Fon pH
4>©—> PI{D) reguliatorius m > Bioreaktorius >
OUR
¥
Uk
OUR kompensatorius

2.4.1 pav. Adaptyvaus pH valdymo algoritmo struktiiriné schema

Kad biity atsizvelgta j bioproceso busenos kitima, adaptyvusis PI reguliatorius
papildomai palaikomas kompensatoriaus bloko [122], kuris sukuria valdymo poveikj,
pagrista iStirpusio deguonies greicio jvertinimu kultivacijos metu. Pagrindinius bio-
proceso biisenos pokycius gali atspindéti iStirpusio deguonies greitis, kuris taip pat
gerai koreliuoja su sistemos dinamika. Sis signalas gali bati naudojamas kaip pasitlyto
hibridinio adaptyviojo valdymo pagrindas. Kompensatoriaus dalis apibréZia pagrin-
ding valdymo signalo dalj, o PI i$¢jimo signalas naudojamas nustatytai pH vertei
tiksliau sekti. Vien tik valdymo algoritmo kompensatoriaus dalis negali uZtikrinti
pakankamai tikslaus pH reik§més sekimo realiomis salygomis dél kultiiroje vykstanciy
nenu-spéjamy medziagy apykaitos pokyciy. Be to, kompensatoriaus dalis yra neveiks-
minga, nes negali kompensuoti dideliy trikdziy, sukeliamy pereinamyjy procesy, net
jei naudojama su standartiniu PI algoritmu. Yra jvairiy galimy technologiniy ar specifi-
niy su augimo kontrole susijusiy priezasciy, dél kuriy pH reik§Smé gali kisti arba ja gali
buti manipulivojama, ir viena i§ jy gali buti sistemos veikimo sutrikimai. Reikéty at-
sizvelgti j tai, kad manipuliuojant pH uZduotaja verte valdomo proceso metu iSkraipomi
judancio lango duomenys, taigi ir statistiniy parametry jver¢iai. Kadangi Sios reikSmés
naudojamos reguliatoriaus parametrams adaptuoti, griZtamojo rySio signaly statisti-
niais parametrais pagrjstas adaptyvusis valdymo algoritmas yra tinkamesnis pH valdyti
tik esant pastoviai uzZduotai vertei.

2.5. Istirpusio deguonies koncentracijos valdymas netipiniuose procesuose

Pagrindinis fermentacijos tikslas yra gauti didZiausig jmanoma produkto kiekj per
apibrézta laikq ir torji. Didelis lasteliy tankis tokiu atveju yra bitina didelio pro-
duktyvumo salyga [123]. Modeliuojant netipinius augimo procesus, kur iStirpusio
deguonies kiekio dinamika kinta pla¢iame diapazone, daromos $ios prielaidos:
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1. Netipiniuose procesuose deguonies suvartojimo greitis yra tris kartus didesnis,
palyginti su jprastu augimo procesu.

2. | kultivavimo terpe reguliariai jpilama putojima mazinancios medziagos, kuri
30 s labai sumaZina deguonies suvartojimo greitj (parametras « per §j laika
sumazéja 70 procenty).

Siuose netipiniuose auginimo procesuose gali atsirasti itin dideliy itirpusio deguo-
nies koncentracijos trikdziy. Paprastai trikdziai atsiranda tuo metu, kai j auginimo
terpe ipilama putojima mazinancio tirpalo, kad biity iSvengta intensyvaus putojimo,
kuris gadina svarbius bioreaktoriaus prietaisus ir kenkia auginimo procesui. Siekiant
to i§vengti, paprastai atliekamos puty alinimo procediiros. Sis veiksmas labai sumazi-
na deguonies perneSimo bioreaktoriuje pajéguma. Kadangi trikdZiai yra tiesiogiai
susije¢ su deguonies suvartojimo greiciu, nuspresta §j parametra naudoti adaptuojant
PI reguliatoriaus parametrus. Tam naudotas antro laipsnio polinomas:

K, = a1 + a20UR + a30U R?, (2.14)
T, = by + byOUR + bsOU R?. (2.15)

Optimalts polinomo parametrai buvo nustatyti naudojant genetinj algoritma.
Parametry nustatymas buvo vykdomas 20 karty, siekiant patvirtinti jyu patikimuma.
Genetinio algoritmo parametrai pateikiami 2.5.1 lenteléje.

2.5.1 lentelé. Genetinio algoritmo parametrai

Generacijy skai¢ius  Individy kiekis vienoje gen.  Mutacijos tikimybé  KryZminimosi tikimybe

130 300 0,1 0,9

Optimizavimas buvo atliktas minimizuojant integralinés kvadratinés paklaidos
verte. Adaptyvus valdymo algoritmas sumazino ISE vertg beveik tris kartus, palyginti
su standartiniu reguliatoriumi, kurio derinimo parametrai pastoviis (PI ISE = 18198,
adaptyvaus PI ISE = 6468).

2.6. Maitinimo profiliy, skirty pusiau periodiniams rekombinantiniu E. coli
kultivavimo procesams valdyti, formavimas ir adaptavimas, panaudojant OUR
ir substrato tiekimo srautu pagrista rodikli

Kaip teigiama [124], kuriant veiksmingas substraty tiekimo strategijas E.coli kulti-
vavimo procesams, svarbiausia yra nustatyti etaloninius substraty tiekimo profilius
auginimo ciklams. Tam pirmajame projektavimo proceduros etape, naudojant neri-
bojancio augimo kultivavimo eksperimenty duomenis, turi biiti nustatytas gliukozés
suvartojimo greicio profilis biomasés augimo ir tikslinés baltymy gamybos fazéje.
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Veéliau reikia suprojektuoti jvairius gliukozés tiekimo profiliy scenarijus, nustatant
skirtingus gliukozés suvartojimo greicio apribojimo lygius kultivavimo proceso metu.
Tada, remiantis $iy etapy eksperimentiniais duomenimis, reikia parinkti patikima ir
veiksmingg etaloninj gliukozés pamaitinimo profilj, kurj rekomenduojama taikyti pa-
kartotiniuose gamybos procesuose. Etaloninis pamaitinimo profilis, sukurtas taikant
siiloma gliukozés ribojimo metoda, geba kompensuoti trumpalaikius trikdZius, taip
nedarant jtakos kultivavimo proceso kokybei. Esant didesniems trikdziams, kulti-
vavimo procesas gali tapti nestabilus ir neefektyvus dél bioreaktoriuje susikaupusio
didelio gliukozeés kiekio. Deja, gliukozés koncentracijos matavimas realiu laiku la-
boratoriniuose jrenginiuose ir pramoniniuose bioreaktoriuose tebéra neiSspresta prob-
lema ir Sie matavimai paprastai negali buiti naudojami pramoniniams kultivavimo pro-
cesams stebéti. Tokiais atvejais reikia netiesiogiai stebéti gliukozés kaupimasi kul-
tivavimo terpéje ir kultivacijos metu keisti etaloninj pamaitinimo profili. 2.6.1 pav.
parodyta siiloma substrato tiekimo valdymo sistemos struktira.

Your/Fal nuostatas Pamaitinimo profilio Fgl
B adaptavimo I Bioreaktorius —
algoritmas

A

v

Your/Fol

2.6.1 pav. Substrato pamaitinimo valdymo sistemos strukttiriné schema

Ji pagrista deguonies suvartojimo greicio jvertinimu, kai E.coli kultivavimo pro-
ceso metu yra maitinama gliukoze. [vertinimas atliekamas taikant judancio lango
metoda, integruojant deguonies suvartojimo greitj ir gliukozés padavimo greitj per
Si laikotarpj ir nustatant iSeiga Yoy r/rgi- Si iSeiga taip pat nustatoma etaloniniam
auginimo procesui. Gauti iSeigos rodikliai priklauso nuo E.coli kultivavimo fazés ir
kinta kultivavimo proceso metu. Jei E.coli dél dideliy sutrikimy gliukozés visiSkai
nesuvartoja, deguonies pasisavinimo iSeiga i§ paduodamos gliukozés pradeda mazéti.

Proceso reguliatorius lygina tikraja iSeiga su etalonine ir, naudodamas PI algo-
ritmo forma, keicia etaloninj profilj:

E(i) = YOUR/Fgleruionini. (1) — YoUR/Fgi(i) (1), (2.16)
UG) = Ui —1) + KJ1+ %E(z’) _Bi—1)], 2.17)
Fgl(l) = Fgletalonim's(i) - U(Z)’ (2.18)

dt = (i) — (i — 1), (2.19)

110



Cia E(i) yra skirtumas tarp etaloninio ir tikrojo jvercio, U (i) — reguliatoriaus
iS¢jimas, K., T; — reguliatoriaus parametrai, dt — diskretizavimo Zingsnis.

Svarbu pazyméti, kad Siuolaikiniuose laboratoriniuose ir pramoniniuose biore-
aktoriuose gali buti jrengti prietaisai, kuriais galima matuoti aeracijos dujy sudétj
iéjime ir iS¢jime bei molinj srauta. Taigi deguonies jsisavinimo greitj galima apskai-
Ciuoti pagal gerai Zinoma paprasta lygti. Si aplinkybé suteikia gera galimybe taikyti
siiloma maitinimo profiliy pritaikymo algoritma pramoniniuose bioreaktoriuose.

Valdymo metodo efektyvumas jvertintas remiantis trimis eksperimentais, atlik-
tais Kauno technologijos universiteto laboratorijoje. Profiliy tikslumui jvertinti buvo
pasirinktos vidutinés absoliutinés paklaidos (MAE) ir vidutinés kvadratinés paklaidos
(RMSE) vertés [126].
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3. SUKURTU METODU EFEKTYVUMO VERTINIMAS
3.1. Uzduoty verciy apzvalga

Siekiant jvertinti suprojektuoto valdymo algoritmo elgsena, buvo pasirinkti ir sumo-

deliuoti tipiniai skirtingy ilgiy ir amplitudZiy uzduotyjy verciy modeliai, jskaitant
matuojamo kintamojo trikdZius:

1. Santykinis augimo greitis buvo modeliuojamas 0-0,8 1/h réZiuose, uzduota vertg
keiciant kas 1-2 valandas.

2. IStirpusio deguonies koncentracija buvo kei¢iama 0-20 procenty réZiuose.

3. pH buvo palaikomas ties 7 verte.

Tiriant nuostato sekima, buvo pasirinktas platus parametro kitimo diapazonas. TrikdZiai
buvo parenkami taip, kad sukelty maksimaly poveikj valdomam kintamajam siekiant
imituoti ekstremalias darbo salygas.

3.2. Neraiskiaja logika pagristo adaptyvaus santykinio augimo greicio valdymo
efektyvumo vertinimas

Sukurto valdymo algoritmo efektyvumui jvertinti ir palyginti buvo pasirinktas ITAE
kriterijus. NeraiSkiaja logika pagristas adaptyvusis PI reguliatorius buvo lyginamas su
[58] istirtais stiprinimo numatymo ir MFA algoritmais, taikant ta patj biotechnologinio
proceso matematinj modelj [106]. Sukurto neraiskigja logika pagristo adaptyvaus PI
reguliatoriaus valdymo efektyvumo pavyzdys pateiktas 3.2.1 pav. Sistema iSlieka sta-
bili plac¢iame uzduotosios vertés diapazone. Modeliuojant OUR signalg naudotas adi-
tyvusis baltasis Gauso triukSmas. Tyrimas atliktas MATLAB aplinkoje.

08 T T T T T T T
206 \ (a)-|

10.2 ~ -

x
e L]

0 1 ! ! ! ! ! ! !

8 T T T ]
367 // 7
<4 4

2 4

L L L L L L L (d)

0 1 2 3 4 6 7 8 9 10

5
Laikas, h

3.2.1 pav. Santykinio augimo greicio (SGR) (sistemos i§¢jimo kintamasis) (a), substrato
pamaitinimo grei¢io (reguliuojamas kintamasis) (b), deguonies suvartojimo greicio (OUR) (c)
ir biomaseés koncentracijos (d) kitimas simuliacijos metu
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Sukurto adaptyvaus PI reguliatoriaus derinimo parametry pokytis laike pavaiz-
duotas 3.2.2 pav. Reguliatoriaus stiprinimo parametras K, laikui bégant pasikeicia
mazdaug 10 procenty tik dél to, kad Sis parametras koreliuoja su kultdiros svoriu
w, kuris imituojamo proceso metu padidéjo nedaug. Integravimo laiko konstanta 7;
atitinka OU R profilio pokycius, todél atspindi gerokai kintancia proceso dinamika.

0.78

()

Laikas, h

x1073

(b)

0 2 4 6 8 10
Laikas, h

3.2.2 pav. Stiprinimo koeficiento K. (a) ir integralinés laiko pastovosios 7; (b) kitimas
simuliacijos metu

Visy metody efektyvumo vertinimo suvestiné pateikta 3.2.1 lenteléje. ITAE

vertés rodo, jog neraiskiaja logika pagristas adaptyvusis PI reguliatorius geba kom-
pensuoti santykinio augimo grei¢io sumazéjimo sukeliamus trikdZius ir neatsilieka
nuo stiprinimo numatymu ar MFA paremty modeliy. Sis metodas labiausiai tinka

trikdZiy kompensavimo valdymo sistemoms.

3.2.1 lentelé. Algoritmy rezultaty palyginimas

Valdymo tipas ITAE
MFA modelis GS modelis  Fuzzy modelis
Uzduotos vertés sekimas 0,6865 0,6592 0,6723
TrikdZiy kompensavimas 0,3783 0,3962 0,3431
UZduotos vertés sekimas ir trikdZiy kompensavimas 0,7598 0,7357 0,7349
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3.3. Stiprinimo numatymu paremto iStirpusio deguonies koncentracijos valdymo
efektyvumo vertinimas

Kultivavimo proceso metu iStirpusio deguonies koncentracija buvo valdoma PI regu-
liatoriumi. Valdymui jvertinti buvo lyginami PI reguliatoriai su pastoviais ir stiprinimo
numatymo principu adaptuojamais reguliatoriaus parametrais. MaiSymo greitis NV
buvo pasirinktas kaip valdymo kintamasis. Modelio parametrai pateikiami [25, 106,
103]. Pirmiausia buvo iStirtas adaptyviosios valdymo sistemos veikimas, siekiant sekti
nustatytaja vertg. Atliekant imitacinius eksperimentus MATLAB/Simulink aplinkoje,
buvo pasirinktas paveiksle pavaizduotas iStirpusio deguonies koncentracijos uzduoto-
sios vertés pokycio laiko profilis, kad biity galima imituoti tikroviSkas proceso salygas.
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(b) (d)
3.3.1 pav. DOC (sistemos i$¢jimas) (a), T; (c), maiSymo greic¢io IV (valdymo kintamasis)

(b), ir K. (d) trajektorijy kitimas laike. Nuostato sekimas: PI reguliatorius su pastoviais
parametrais (raudona), adaptyvus PI reguliatorius (mélyna); DOC nuostato signalas (juoda)

Siekiant jvertinti trikdZiy kompensavimo efektyvuma, sistema buvo modeliuo-
jama esant pastoviai 10 procenty nustatytai vertei. TrikdZiams imituoti buvo pasirink-
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tas oro tiekimo grei¢io pokytis. Sistemos atsakas ir valdymo charakteristikos pavaiz-
duoti 3.3.2a paveiksle. Valdomo maiSymo greicio trajektorija pateikta 3.3.2b pav.
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(b) (d)

3.3.2 pav. DOC (sistemos i$¢jimas) (a), T; (c), maiSymo grei¢io N (valdymo kintamasis)
(b), ir K. (d) trajektorijy kitimas laike. TrikdZiy kompensavimas: PI reguliatorius su
pastoviais parametrais (raudona), adaptyvus PI reguliatorius (mélyna); DOC nuostato signalas
(juoda)

Modeliavimo rezultatai rodo, kad PI reguliatorius su stiprinimo numatymu uztik-
rina gerag DOC valdymo kokybe placiame nuostato kitimo diapazone bei kompensuo-
jant trikdZius ir akivaizdZiai lenkia jprastinj PI reguliatoriy. Integravimo laiko kon-
stanta 7; ir reguliatoriaus stiprinimas K. keitési placiame diapazone, todél atspindi
kintanciag proceso dinamika. Modeliavimo rezultaty analizé rodo, kad adaptyvioji sis-
tema sumazino tirty valdymo schemy viduting absoliuting paklaida daugiau kaip 2
kartus. Pereinamyjuy procesy, kuriuos sukélé uZduotosios vertés pokytis, trukmé adap-
tyviojoje sistemoje buvo maZzdaug 2 kartus trumpesné. Tirty sistemy valdymo efek-
tyvumas apibendrintas 3.3.1 lenteléje. Pagal viduting absoliuting paklaida adaptyvusis
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valdymo algoritmas standarting sistema lenkia mazdaug 2 kartus.

3.3.1 lentelé. Reguliatoriaus parametrai ir iStirty sistemy efektyvumo palyginimo rezultatai

Vidutiné absoliutiné paklaida

Valdymo tipas Reguliatoriaus parametrai TrikdZiy kompensavimas Nuostato sekimas
Standartinis DOC K, =50% 'h~!, T, =3e-4 h 0,1660 0,0710
Adaptyvus DOC Kp; =0,6e5, Ki.=1,5€e5 0,0630 0,0280

34. PI reguliatoriaus parametry adaptavimo, remiantis griztamojo rysio

signaly statistine analize, valdymo efektyvumo vertinimas

Siekiant jvertinti modelio efektyvuma palaikant pastovig pH 7 vertg, sukurtas algorit-
mas palygintas su standartiniu PI reguliatoriumi, kurio parametrai palaikomi pastovis.
Imitaciniai eksperimentai buvo atliekami MATLAB/Simulink programiniu paketu.
Bazés tirpalo (S8armo) padavimo srauto greitis F, iy buvo pasitinktas kaip valdymo kin-
tamasis. Modelio parametrai pateikiami [103]. Modeliavimo rezultatai rodo, kad tiria-
mas pH valdymo algoritmas su tinkamai parinktomis derinimo parametry reikSmémis
uztikrina patikima reguliatoriaus integravimo parametro 7; adaptavima ir stabily veiki-
ma. Modeliavimo rezultatai, jskaitant OUR (3.4.1a pav.), Sarmo padavimo srauto
(3.4.1c pav.) ir reguliatoriaus derinimo parametro 7; adaptacijos (3.4.1b pav.) tra-
jektorijas, pateikti 3.4.1 paveiksle.
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3.4.1 pav. Adaptyvi valdymo sistema: (a) OUR laiko profilis, (b) 7; parametro adaptavimas,
(c) padavimo srauto greitis F}, 7 (valdomas kintamasis), (d) adaptyvios (mélyna) ir
standartinés (raudona) valdymo sistemos palyginimas

Adaptyvioji valdymo sistema geriau veiké kompensuojant trikdZius, kur adap-
tyvusis reguliatorius IAE kriterijy sumazino beveik 2,5 karto (3.4.1 lentelé).
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3.4.1 lentelé. Standartinés ir adaptyvios valdymo sistemy efektyvumo palyginimo rezultatai

Valdymo tipas IAE
Y P Standartinis PI ~ Adaptyvus PI
TrikdZiy kompensavimas 0,0041 0,0017
Nuostato sekimas ir trikdZiy kompensavimas 0,0126 0,0099

3.5. Stiprinimo numatymu pagristos adaptyvios pH valdymo sistemos efek-
tyvumo vertinimas

Sukurtos adaptyviosios pH valdymo sistemos veikimas buvo iStirtas atliekant kompiute-
rinj modeliavima MATLAB/Simulink programine jranga. Modelyje santykinis augimo
greitis buvo palaikomas pastovus, taip imituojant artimas realioms darbo salygas.
Sistemos gedimas buvo imituojamas santykinj augimo greitj sumazinant nuo 0,5 iki
0,25 1/h kas 2 valandas. Sarmo tirpalo padavimo srauto greitis buvo pasirinktas kaip
valdymo kintamasis. Simuliacijoje naudoto matematinio modelio parametrai pateikia-
mi [103]. Atlikus preliminarius eksperimentus buvo nustatytos fiksuotos derinimo
parametry vertés (K. = —3,3 - 10% b/, T; = 0,3 h), kurios uZtikrina patenkinama pH
valdymo tiksluma ir stabily F),; signalg (be dideliy svyravimy) laikui bégant.

3.5.1.  Adaptyvios pH valdymo sistemos efektyvumo vertinimas kultivacijos metu
matuojant V ir Fy vertes

Kaip matyti i§ lygc¢iy (2.9) ir (2.10), PI reguliatoriaus reguliavimo parametrai K ir
T; priklauso nuo reguliatoriaus jéjimo ir iS¢jimo parametry C'i+ bei F,p, substrato
pamaitinimo greiio F, ir kultiiros tirio V. Zemiau pateiktas grafikas atvaizduoja
sukurtos sistemos ir standartinés sistemos veikima, kai minéti parametrai matuojami
kultivacijos metu:

Laikas, h

3.5.1 pav. Adaptyvios (mélyna) ir standartinés (raudona) pH valdymo sistemos kokybés
palyginimas
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3.5.2.  Adaptyvios pH valdymo sistemos efektyvumo vertinimas kultivacijos metu
matuojant Fy vertg

Siekiant sumazinti sistemos sudétinguma, adaptyvus valdymo algoritmas supaprasti-
namas darant prielaida, kad terpés turis proceso metu kinta nedaug, ir vietoje realios
reik§més naudojama vidutiné verté:

kTi Vavg

T, = —Titavg 2.20
! FpH + F ( )
K.V,
K, = C[)K% 2.21)
H+ — YH*

Si sistema Siek tiek padidina ITAE verte, kai sekama uZduotoji verté, bet Siek
tiek sumazina, kai trikdZiai kompensuojami. Pasitlyta adaptyvioji sistema (toliau
vadinama C sistema) vélesniuose proceso etapuose geriau susidoroja su trikdZiais nei
standartinis PI reguliatorius.

3.5.3.  Adaptyvios pH valdymo sistemos efektyvumo vertinimas kultivacijos metu
matuojant V' verte

Kadangi substrato suvartojimo greitis F yra apytiksliai proporcingas pH reguliato-
riaus iS¢jimo signalui (valdymo kintamasis F},; ), galima daryti prielaida, kad:

Fy = kF,q, (2.22)

¢ia k yra derinimo parametras, kuris turi biiti identifikuotas. Tokia supaprastinta
valdymo sistema (toliau vadinama D sistema) veiké panaSiai, kaip anksciau apraSyta
C sistema, ir gali buti naudojama kaip alternatyva, jei substrato padavimo greitis néra
matuojamas kultivacijos metu.

3.54. Adaptyvios pH valdymo sistemos efektyvumo vertinimas naudojant tik
reguliatoriaus jéjimo ir i§¢jimo parametrus

Patraukliausias PID (PI) reguliatoriaus parametry stiprinimo numatymas yra pagristas
tik reguliatoriaus jvesties ir iSvesties signalais, todél nereikia papildomai matuoti pro-
ceso kintamyjy, kad biity galima adaptuoti reguliatoriaus parametrus. Kadangi re-
guliatoriaus parametrai K, ir 1T; priklauso nuo terpés turio V, bazés bei substrato
srauty F,p, Fs ir vandenilio jony koncentracijos Cg+, tokiu atveju reguliatoriaus
parametry adaptacija gali biiti aprasSyta:

T; (2.23)

K
For’
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C

K =—-— -
‘T CY, —Cu+’

(2.24)

.- kriViwo - .. . .

Cia K = % ir C = Kg:Vaug yra reguliavimo parametrai. Pasitilytas adaptyvus
valdymo algoritmas veikia geriau nei PI reguliatorius su pastoviais parametrais, taciau
modeliavimo rezultatai rodo, kad proceso pradzioje 7; smarkiai svyruoja.

|||H T T T T

Laikas, h

3.5.2 pav. Reguliatoriaus derinimo parametro 7; kitimas laike

Sistemos stabilumui uztikrinti rekomenduojama adaptyvy valdyma jjungti antroje
proceso puséje. Simuliacijos rezultatai pateikti 3.5.3 paveiksle.

7.03 T T T T T T
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7
I
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Laikas, h

3.5.3 pav. Adaptyvios (mélyna) ir standartinés (raudona) pH valdymo sistemos kokybés
palyginimas
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3.6. Adaptyvaus DOC valdymo algoritmo netipiniuose kultivavimo procesuose
efektyvumo vertinimas

Sukurtas valdymo algoritmas buvo lyginamas su PI reguliatoriumi, kurio parametrai
laike iSlieka pastoviis. Modeliavimo eksperimentai buvo atlikti MATLAB/Simulink
aplinkoje. Matematinio modelio parametrai pateikiami [25, 85]. Siame tyrime maisy-
mo greitis N buvo pasirinktas kaip valdymo kintamasis. Adaptyvusis valdymo al-
goritmas buvo pranaSesnis uz standarting valdymo sistema kompensuojant trikdZius.
Modeliuojamy sistemy DOC pokycio palyginimas pateiktas 3.6.1 pav.

25
20 - bl
< 15+ | -
g h M 4‘* \
010 e '
] |
‘d
51 i
O 1 1 1 1 1
1 1.5 2 25 3 3.5 4
Laikas, h

3.6.1 pav. Adaptyvios (mélyna) ir standartinés (raudona) DOC valdymo sistemos kokybés
palyginimas

PI reguliatorius su pastoviomis K, ir 7; reikSmémis buvo derinamas Zieglerio ir
Nikolso metodu. Adaptyvioji valdymo sistema 20 procenty sumaZzino sistemos IAE ir
geriau kompensavo trikdzius. Reguliatoriaus parametry kitimas laike pateiktas 3.6.2
paveiksle:
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3.6.2 pav. Reguliatoriaus parametry kitimas laike
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3.7. Pamaitinimo profiliu adaptavimo, panaudojant OUR ir substrato tiekimo
srautu pagrista rodiklj, efektyvumo vertinimas

Sukurto substrato tiekimo valdymo algoritmo efektyvumas buvo patikrintas atliekant
imitacinius tyrimus MATLAB/Simulink aplinkoje ir realius eksperimentus KTU la-
boratorijoje. Modeliavimo tikslas — imituoti realaus auginimo proceso elgseng inter-
ferono alfa 5 (IFNaS5) baltymui gaminti, iSreiSkiant ji rekombinantinéje E.coli bakte-
rijoje, gaminancioje IFNa5 [125, 107].

Buvo atlikti limituoti auginimo eksperimentai su jvairiais gliukozés pamaitinimo
scenarijais. Pamaitinimo profiliai su jvairiais gliukozés suvartojimo greicio apribo-
jimais generuojami pratgsiant auginimo laika atvirksciai proporcingai apribojimo ly-
giui, kol pasiekiamas neribojancio eksperimento metu uzfiksuotas suvartotos gliukozés
kiekis. Remiantis Siy eksperimenty rezultatais, turi biiti parinktas etaloninis gliukozés
pamaitinimo profilis F'gletaioninis, Kuris uztikrina pakankama proceso stabiluma, pa-
kartojamumag ir didelg¢ tiksliniy baltymy gamyba. Etaloniniam procesui taip pat turi
biti registruojamas deguonies suvartojimo greitis ir nustatomas deguonies suvarto-
jimo i§ paduodamos gliukozes iSeigos profilis You r/rgl. cuionims. -

Pasirinktg etaloninj gliukozés pamaitinimo profilj rekomenduojama taikyti rea-
livose auginimo procesuose. Pagal pasiilyta gliukozés limitavimo metoda sukurtas
etaloninis pamaitinimo profilis yra pakankamai patikimas, o tipiniai trumpalaikiai
proceso sutrikimai neturi jtakos proceso kokybei. Esant didesniems trikdZiams, ypac
kai maksimalus savitasis gliukozés suvartojimo greitis sumazéja daugiau kaip 5-8 %,
auginimo procesas gali tapti nestabilus ir neefektyvus dél bioreaktoriuje susikaupusio
didelio gliukozeés kiekio. Sukurtam valdymo algoritmui vertinti pasirinktas substrato
tiekimo reZimas (etaloninis procesas), kai gliukozés limitavimo lygis yra 90 %. Siuo
atveju E.coli kultivavimo procesas yra patikimas, todél tipiniai trumpalaikiai proceso
trikdZiai (santykinio gliukozés suvartojimo grei¢io sumazéjimas 30 % per 15 minuciy
ivairiuose kultivavimo proceso etapuose) neturi jtakos kultivavimo proceso kokybei.
Tikslinio baltymo P kiekis (P = 0, 01p,zw) tokiu kultivavimo atveju buvo mazdaug
toks pat, kaip ir etaloninio proceso atveju, P = 6, 32g.

Tokie trikdZiai yra biidingi realiuose kultivavimo procesuose, ypac kai i bioreak-
toriy jlaSinamas putojima maZinantis skystis. Tai gali smarkiai sumaZzinti gliukozés
suvartojima ir biomasés augimo greitj, taciau dél maitinimo profilio atsparumo tai
reikSmingos jtakos kultivavimo procesui neturi, jei santykinis gliukozés suvartojimas
sumazéja ne daugiau nei 3 %.

Galima daryti iSvada, kad, veikiant nedideliems trikdZiams, maitinimo profilio
adaptavimas néra butinas, jei profilis sudarytas pries§ tai apraSymu biidu, o sisteminiai
trikdZiai nedideli. O tai itin svarbu pramoniniuose kultivavimo procesuose, kadangi
bet kokios papildomos procesy korekcijos reikalauja sudétingy proceso taisykliy ir
recepty pakeitimo.
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3.7.1 pav. Biomasés x, substrato s, substrato suvartojimo greicio ¢; koncentraciju bei bendro

10
Laikas, h

15

20

—Sutrikdytas
15 —Etaloninis

Bendras P, g
[N IS

o

0
Laikas, h

produkto kiekio P kitimas sutrikdytame ir nesutrikdytame procese

Taciau pramoniniuose kultivavimo procesuose gali pasitaikyti ir didesniy trik-
dziy, kuriy atveju etaloninis maitinimo profilis nepajégia uZtikrinti proceso stabilumo
del perteklinio gliukozés kiekio. Tokio trikdZio pavyzdys biity maksimalaus san-
tykinio gliukozés suvartojimo sumazéjimas daugiau nei 5 procentais, kuris nulemty
gliukozés kaupimasi ir pagaminto produkto sumaZéjima, ar, pavyzdZiui, trikusi sub-

strato tiekimo Zarnelé.

Bendras P, g

3.7.2 pav. Biomases z, substrato s, adaptacijos rodiklio Yoy r/rgi, substrato tiekimo Fgl,

Tokiems atvejams yra numatytas kultivavimo proceso valdymo Zingsnis netiesio-
giai stebéti gliukozés kaupimasi kultivavimo terpéje ir kultivacijos metu adaptuoti
etaloninj gliukozés maitinimo profilj. Siuo tikslu kultivacijos metu atliekamas deguo-
nies sunaudojimo tiekiamai gliukozei santykio vertinimas, naudojant slenkancio lango
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metoda (30s langas), kuris lyginamas su etaloniniu indikatoriumi. PI reguliatoriu-
mi etaloninis gliukozeés suvartojimo profilis yra adaptuojamas. Sis etaloninio pro-
filio adaptavimo Zingsnis leido paSalinti perteklinj gliukozés kaupimasi bioreakto-
riaus terpéje ir pagerino tikslinio baltymo gamybos efektyvuma. Profilio adaptavimo
Zingsnis padéjo iSvengti per didelio gliukozés kaupimosi ir pagerino proceso kokybe.
Pagaminto tikslinio baltymo kiekis buvo artimas etaloniniam (5,9 g ir 6,3g atitinka-
mai). O sutrikdytame procese, kuriame adaptavimas nebuvo taikomas, tikslinio pro-
dukto kiekis pasieke tik 4,3g.

Sio metodo veikimas buvo testuojamas eksperimentiskai. Pirmojo eksperimento
metu buvo nustatytas etaloninis substrato pamaitinimo ir Yo g/rg profilis kultivaci-
jos metu matuojant OU R ir F'gl vertes. Kultivacijos metu apskaiciuotos indikato-
riaus Yoy g/pgr vertes buvo palygintos su teorinémis indikatoriaus vertemis mode-
liuotame procese (matematinio modelio parametrai, naudoti simuliacijoje, pateikiami
pagrindinio teksto 2.11 lenteléje).

2

Y our/Fgl

0.5

Laikas, h
3.7.3 pav. Eksperimento metu gauty Yoy g/ g (mélyna) ir modelivoty Yorr g/ p g (raudona)
verciy palyginimas
Eksperimenty rezultatai pateikti 3.7.1 lenteléje.

3.7.1 lentelé. Vidutinés absoliutinés ir kvadratinés paklaidos palyginimas

Eksp. numeris  Vidutiné absoliutiné paklaida  Vidutiné kvadratiné paklaida

1 0,0110 0,0230
2 0,0230 0,0580
3 0,0220 0,0790

Vidutinés absoliutinés paklaidos vidurkis buvo 0,0180, o vidutinés kvadratinés
paklaidos vidurkis sieké 0,0530. Eksperimentiniai rezultatai patvirtina, kad Sis in-
dikatorius yra tinkamas substrato padavimo profiliui adaptuoti biotechnologiniuose
kultivavimo procesuose. Sukurtas algoritmas geba reaguoti j trikZius ir kompensuoti
ju poveiki (substrato Zarnelés trikimas vieno i§ eksperimenty metu), taip uZtikrinant
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sklandy veikima. Etaloninio ir adaptuoto profilio kitimo kreiviy palyginimas pateiktas
3.7.4 paveiksle.
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3.7.4 pav. Pamaitinimo profilio adaptavimas. Juoda linija atvaizduoja etaloninj profilj,
mélyna — eksperimento metu gauta adaptuota profilj, raudona — modeliuota adaptuota profilj

I8 grafiko matyti, jog kultivacijos metu algoritmas adaptuoja etaloninj pamaiti-
nimo profilj, taip reaguodamas j besikeiciancius proceso parametrus ar trikdZius. Simu-
liacijos ir eksperimenty rezultatai patvirtina biiting salyga modeliui verifikuoti. Dél
dideliy eksperimenty atlikimo kasty planuojama modelio validavima atlikti ateityje.
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ISVADOS

1. Sukurtas neraiskiaja logika pagristas adaptyvaus valdymo algoritmas, kompen-
suojant nuokrypius, pranoksta kitus adaptyviuosius metodus. ITAE reik§me
buvo sumazinta 9 % kompensuojant trikdZius ir 0,11 % — sekant uZduotaja verte
ir kompensuojant trikdzius, todél Sis algoritmas tinka periodiniams su pamaiti-
nimu biotechnologiniams procesams valdyti.

2. Vidutiné absoliutiné paklaida sumaZzinta daugiau nei 60 % kompensuojant trik-
dZius ir sekant uzduota signala tiek pH, tiek DOC valdymo atveju, naudo-
jant stiprinimo numatymu pagristus adaptyvius valdymo algoritmus. Naudojant
tik reguliatoriaus jvesties ir iSvesties kintamuosius, valdymo algoritmui sukurti
nereikia atlikti papildomy proceso kintamyjy matavimy realiu laiku. Tai neis-
plecia valdymo algoritmui jgyvendinti reikalingos jrangos kiekio.

3. Polinomais pagristas adaptyvus valdymo algoritmas sumazino ISE verte 3 kar-
tus, o griztamojo rysio statistine analize paremtas adaptyvus valdymo algorit-
mas 2,5 karto. Bazinémis matematinémis funkcijomis paremtas PI(D) regulia-
toriaus parametry perskai¢iavimas leidZia Siuos adaptyvius algoritmus jdiegti
pramoniniuose valdikliuose.

4. Gliukozés kaupimosi periodiniuose su pamaitinimu procesuose galima iSvengti
matuojant OUR ir substrato tiekimo srautu pagrista rodiklj, kuris naudojamas
substrato padavimo srautui adaptuoti kultivacijos metu. Substrato padavimo
srauto adaptavimas sumaZzino galutinio produkto nuostolius nuo 37% nevaldo-
mame procese iki 3,8%, taip iSvengiant substrato kaupimosi.
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APPENDIXES

Appendix 1. MATLAB/Simulink initialization

In this doctoral dissertation, numerical simulations were carried out by using Mat-
lab/Simulink. To calculate the differential equations, the Euler’s method was used that
is represented by the odel function in Matlab. In Simulink, the odel can be selected

in the modeling parameters:

Solver

Simulation time

Data Import/Export

Math and Data Types
» Diagnostics

Hardware

Start time: [0.0 Stop time: [10.0

Solver selection
Implementation

Model Referencing Type: |Fixed-step ~ | Soiver: [odef (Euler)
Simulation Target
» Code Generation v Solver details

Coverage

» HDL Code Generation Fixed-step size (fundamental sample time)

The simulation duration and step size is selected based on the modeled process.

Time discretization is set to 0.18 s. Relative tolerance for the integration routine is set
to le-6. This tolerance measures the error relative to the magnitude of each solution
component. A pseudo-code example for the modeling of a biotechnological process

is presented bellow:
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% Declaration of global parameters

<Global parameters>

% Parameters needed for ODE numerical integration function
eps=1e-6;

options = odeset(’RelTol’, eps);

9% Model parameters

<Model parameter variables>

% Define process time and intial conditions
<process time and intial conditions variables>

% Call of ODE numerical integration function

[t,c] = odel(@model,tspan,cO,options);

function dcdt=model(t,c)

% Redefinition of the state variables for convenience
<State variables>

% Define growth rates

<specific reaction rates>

% Define feeding profiles

<Feeding profiles>

% Differential equations

<Differential equations>



Appendix 2. Simulink DEE block set-up

To solve differential Equations in Simulink, the Differential Equation Editor function
block was used. As of 2020, this function block needs to be implemented separately
in Matlab. When opened, the DEE block has the following available inputs:

1. Name

2. Number of inputs

3. First order equations f(x,u)

4. Initial conditions for the state variables
5. Output equations

The differential equations of the biotechnological process are entered in the first order
equations field, where x(n) represents the n* state variable, and u(n) represents the
n'" DEE block input. An example of the DEE block for a biotechnological process is
presented in the following figure.

E Model_of DOC_control_dynamics_PID_final/ — O x

(1ufd)) (u(13)x(1)).

{1/u(5))"(u(14)-x{2));

~(u(15Vu(12)) %3N (u( P31 (2 P0(2) 1 Pul3) (4 Pu10)-x(
3

)
(el 12))"(VuS}1)7{0 2134 )}ul1) (2 Pu(2) (1 Puf3) (18} 1)
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