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Abstract: This study introduces a theoretical bioprocess of ideally stirred Chemostat. Chemostat models 
give an insight to real-life bioprocess systems, in particular biological water treatment. The studied process 
is very nonlinear due to inhibition of desired reactions by high substrate concentration. The aim of this 
study is to demonstrate the possibilities of modelling and state detection of this system. This report gives 
some basic knowledge about bioprocesses and reviews the latest work done for modelling and control of 
biological waste water treatment. Data-based modelling and state detection are studied thoroughly. Also a 
couple of control designs are proposed.  
 
The theoretical bioprocess is described by a set of differential equations. Steady-state and dynamic models 
were both derived from the differential equations. The steady-state model was used to obtain knowledge 
about system’s behaviour and the dynamic model to generate data for data-based modelling. The dynamic 
model was also used in testing of developed models and control designs. Two separate operating points 
were identified from the data and first order models were identified for both operating points. Based on the 
knowledge from the steady-state model and data analysis a rulebase was defined. The rulebase and 
operating point models were integrated to form a Takagi-Sugeno-type fuzzy process model. Testing with 
the dynamic model showed that the developed fuzzy model performed well. The fuzzy model with slight 
changes was also used in state detection with good results.  
 
Two control designs were developed. One utilizes the recycling of the process output back to the reactor 
while the other is based on the developed process model. The prior control design is of feedback type and 
the latter is of feed-forward type. Both control designs performed well while tested with the dynamic 
process model. 
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1 INTRODUCTION 

Due to increasing environmental requirements and the importance of reliable wastewater 
treatment, efficient monitoring and control methods are becoming more and more 
important. A clear necessity for reliable monitoring and control techniques of biological 
wastewater treatment plants exists to keep the system performance as close to optimal 
conditions as possible. An adequate model enhances the understanding of the biological 
processes and it can be a basis for better process design, control, and operation (Yoo et al. 
2003). On the other hand, process monitoring and early fault detection methods in the 
biological process are very efficient to execute corrective actions well before severe 
disturbances occur. 
 
The activated sludge process is the most generally applied biological wastewater 
treatment method (Gernaey et al. 2003). In the activated sludge process, a bacterial 
biomass suspension (the activated sludge) is responsible for the removal of pollutants. 
The process involves the biochemical reduction of carbonaceous material and other toxic 
compounds commonly found in municipal and industrial wastewater (Sánchez 2002). 
Within the process, numerous biochemical reactions occur, most of them with highly 
non-linear dynamics. Depending on the design and the specific application, an activated 
sludge plant can achieve biological nitrogen removal and biological phosphorus removal, 
besides removal of organic carbon substances. Evidently, many different activated sludge 
process configurations have evolved during the years. 
 
This study introduces a theoretical bioprocess of ideally stirred Chemostat (Smith and 
Waltman 1995) adopted by (Vesterinen and Ritala 2005). Chemostat models give an 
insight to real-life bioprocess systems, in particular biological water treatment. The 
studied process is very nonlinear due to inhibition of desired reactions by high substrate 
concentration. The aim of this study is to demonstrate the possibilities of modelling and 
state detection of this system. Also a couple of control designs are proposed. 
 
The modelling of bioprocesses needs knowledge about the chemical engineering and 
biological principles. Chemical engineering principles are not presented here but some 
basics about biological systems are presented in chapter 2. A review about the most 
previous work for modelling and control of biological waste water treatment is provided 
in chapter 3. Chapter 4 introduces the theoretical bioprocess and presents steady-state and 
dynamic models derived from the original model. The steady-state model is used to 
analyze the system’s behaviour in order to obtain knowledge for modelling. The dynamic 
model is used to generate data for data-based modelling of the theoretical bioprocess. 
Dynamic model is also used in testing of developed models and control designs. Data 
generation with short data evaluation is presented in chapter 5 while the data-based 
modelling and state detection is presented in chapter 6. Two control designs are 
developed in simulator environment. One utilizes the circulation of the process output 
back to the reactor while the other is based on the developed process model. The prior 
control design is of feedback type and the latter is of feed-forward type. Both control 
designs are presented in chapter 7.  
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2 BIOCHEMICAL PROCESSES 

In biochemical processes, biological agents such as cells, enzymes or antibodies are used 
in chemical processes as catalysts (Shuler and Kargi 1992). Successful operation of 
biochemical processes needs knowledge and understanding of both the biological and 
chemical engineering principles governing the process behaviour (Bailey and Ollis 1986). 
As ordinary chemical processes, also biochemical processes produce desired substances 
or remove undesired ones (Shuler and Kargi 1992). In this chapter, basic knowledge is 
provided for understanding the biological properties of biological agents. The chemical 
engineering principles are not presented here, but can be reviewed for example from 
(Luyben 1973). Later in this chapter, basic biochemical reactor designs are presented.  

2.1 Cells 

Cells can be found from almost everywhere. Different cells flourish in different 
environments. Others live in extreme temperatures or pH:s, while others survive only in 
more gentle environments. Cells can be classified according to their structure, living 
environment or metabolic pathways. The naming and classification of cells is not 
presented here but can be reviewed for example from (Shuler and Kargi 1992). Cells 
construct from basic elements such as proteins, nucleic acids, polysaccharides and lipids. 
Cells require besides favourable living environment some nutrients to maintain metabolic 
activity and to avoid early destruction. The word “metabolism” refers to all chemical 
reactions occurring inside the cell. As the living conditions are favourable, cells grow and 
produce new cells. Following is a more detailed description of cell construction and 
required nutrients. Metabolism is discussed in more detail in chapter 2.3. (Shuler and 
Kargi 1992) 

2.1.1 Cell construction 

Organisms except viruses contain mainly water. Of the dry weight, cells typically contain 
about 50% proteins, 10-20% nucleic acids and 5-15% lipids (Shuler and Kargi 1992). 
Cells contain also other compounds. For example, carbohydrates has significant role as 
structural compounds in cells. They are one of the building blocks of nucleotides forming 
a DNA molecule. Carbohydrates are also the major source of energy to many cells 
(Shuler and Kargi 1992).  
 
Lipids are biological components insoluble in water, but soluble in non-polar solvents. In 
most lipids, major components are fatty acids having a hydrophobic hydrocarbon chain 
with a hydrophilic carboxyl group at the end (Shuler and Kargi 1992). Lipids are usually 
present in the non-aqueous biological phases such as membranes. Due to their 
hydrophobic-hydrophilic nature, lipids form oriented layers (Figure 1). Also, more 
complex molecules, such as lipoproteins and liposaccharides, constitutes partly of lipids. 
Those molecules are the major constituent in biological membranes of cells (Bailey and 
Ollis 1986).  
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Figure 1. Lipids. (Mathews et al. 2000) 
 
 
Proteins are polymers constructed from amino acids. The functionality of a protein is not 
only determined by the sequence of amino acids constructing the protein. The amino acid 
sequence only determines the proteins’ primary structure (Figure 2). The secondary 
structure is a result of hydrogen bonding between parts of the amino acid chain, which 
are close to each other in amino acid sequence. Major types of secondary structure are 
helixes and sheets (Figure 2). The tertiary structure refers to the folding of the amino acid 
chain such that it forms a three dimensional structure (Figure 2). The three dimensional 
structure has a major role in the functionality of a protein. Proteins with more than one 
amino acid chain can have quaternary structure. Quaternary structure is determined by the 
interactions between amino acid chains (Figure 2). (Shuler and Kargi 1992) 
 
Proteins have several tasks in cells. They serve as structural compounds and regulatory 
(for example insulin) or protective agents (antibodies). Proteins also catalyze chemical 
reactions (enzymes) and transport molecules (for example hemoglobin). The majority of 
the proteins serve as enzymes, which are further discussed in chapter 2.2. Proteins’ other 
tasks are not examined here in more detail, but can be reviewed for example from (Bailey 
and Ollis 1986). (Shuler and Kargi 1992) 
 
Nucleic acids are in essential role in cell reproduction. Deoxyribonucleic acid (DNA) 
stores genetic information and ribonucleic acid (RNA) is significant in protein synthesis. 
Nucleic acids constitutes of nucleotides. There are five different kinds of nucleotides all 
having same three components: phosphoric acid, ribose or deoxyribose and a nitrogenous 
base. Nucleotides are named after the nitrogenous base. Of the nucleotides, adenine, 
guanine and cytosine are common to both nucleic acids while thymine is found only in 
DNA and uracil in RNA. The sequence of nucleotides in DNA carries the whole genetic 
information of cells. The DNA molecule constitutes of two polynucleotide chains 
forming a double helix construction (Figure 3). The nitrogenous bases in those chains are 
arranged so that adenine in other strand is paired with thymine in the other. Similarly, 
guanine is paired with cytosine. This is significant considering the reproduction of cells 
as both polynucleotide chains contain the genetic information. Separating those chains 
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and reconstructing the base pairs produces two new DNA molecules (Figure 3). (Bailey 
and Ollis 1986) 
 
 

 
Figure 2. Protein structure. (Mathews et al. 2000) 
 
 

 
Figure 3. DNA molecule. (Mathews et al. 2000) 
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There are three types of RNA molecules in cells. Messenger RNA is a compliment of a 
gene in DNA. A gene can be defined as a segment of DNA coding holding information 
for building an RNA molecule of specific base sequence and length. Messenger RNA 
serves as a gene transportation mechanism between different parts of cells. Messenger 
RNA is read in the ribosome constituting mainly of ribosomal RNA molecules. The third 
type of RNA is transfer RNA. They assist the gene translation in the ribosome. The 
output of this gene transmit system is a protein molecule, which hold the information 
stored by the DNA molecule. (Bailey and Ollis 1986) 

2.1.2 Cell nutrients 

Cells need to extract compounds selectively from its surroundings and keep other 
compounds inside. This selectivity is obtained with a semi-permeable membrane. Three 
mechanisms for molecule transfer from surroundings to cell are known. Passive diffusion 
is caused by concentration difference (Figure 4). Diffusion rate is affected not only by the 
magnitude of the difference but also by the permeability of a certain molecule. The 
permeability correlates strongly with molecule’s solubility in lipids, which are the 
predominant compounds in cell membranes. Facilitated diffusion is another mechanism 
for molecule transport through the membrane. Compound outside the cell binds to carrier 
molecule forming a compound that diffuses inside the cell (Figure 4). While entered the 
cell the compound is released. In facilitated diffusion, high specificity is obtained as 
carrier molecules binds only to specific compounds. This type of molecule transport can 
be also regulated by inhibitors. Active transport is rather similar to facilitated diffusion. 
The difference is that active transport moves against the concentration gradient (Figure 
4). For such a task, some energy must be expended. (Bailey and Ollis 1986) 
 
Cells require certain nutrients to maintain metabolic activity. These nutrients include 
among others carbon, nitrogen, hydrogen, sulphur, phosphorus and traces of Zn2+, Cu2+, 
Fe2+ and vitamins. Carbon compounds are naturally major sources for carbon in structural 
compounds of cells. Carbon and especially carbohydrates serve as a main energy source 
for many cells. Nitrogen and phosphorus are needed in nucleic acids and proteins. 
Phosphorus as well as oxygen is in significant role in cell energetics. Minor nutrients are 
needed mainly as coenzymes in enzyme catalyzed reactions or as inhibitors in such 
reactions. (Shuler and Kargi 1992)  
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Figure 4. Various mechanisms of membrane transport. (Bailey and Ollis 1986) 
 

2.2 Enzymes 

Enzymes are usually proteins, which catalyzes the chemical reactions in cells. Enzymes 
are very effective catalysts with high specificity. Some enzymes need non-protein agents 
to become active. These non-protein agents can be metal ions, complex organic 
molecules or vitamins. The molecule certain enzyme affects is called the substrate of that 
enzyme. Enzymes lower the activation energy of reactions by binding to the substrate, 
thus forming an enzyme-substrate complex (Figure 5). Enzymes can also catalyze multi-
substrate reactions. The substrates bind to enzyme’s active sites which are located in such 
a manner that the substrates are in favourable position for reaction to occur. The binding 
of substrate may also cause slight changes in enzymes three-dimensional structure, which 
favours the reaction. (Shuler and Kargi 1992) 
 
Environmental conditions have great influence on enzyme activity as the three-
dimensional shape of an enzyme and ionic form of active site may change, thus inhibiting 
the forming of enzyme-substrate complex. Enzymes are sensitive especially for pH 
changes and usually are active only over a limited pH range. Temperature is also an 
important environmental variable for enzyme catalyzed reactions. Basically, higher 
temperatures yield higher reaction rates. However, there is a limit for temperature as the 
enzymes inactivate at too high temperatures. (Shuler and Kargi 1992) 
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Figure 5. Activation energies of uncatalyzed and enzyme catalyzed reactions. (Shuler 
and Kargi 1992) 
 

2.2.1 Enzyme kinetics 

Kinetic equations for enzyme catalyzed reactions can be written based on reaction 
mechanism. The very basic reaction mechanism assumes, that an enzyme and a substrate 
binds together forming an enzyme-substrate complex (Bailey and Ollis 1986). The 
enzyme-substrate complex then decomposes to a product and free enzyme. Such a 
reaction can be written as (Bailey and Ollis 1986): 
 
 PEESSE 2

1

1 k

k

k +⎯→⎯⎯→←+
−

       (1) 

 where S is the substrate, 
  E is the enzyme, 
  ES is the enzyme-substrate complex and 
  P is the product.  
 
Kinetics of the reaction described by equation 1 is known as Michaelis-Menten kinetics 
(Bailey and Ollis 1986). As there are no mass flows, the mass balances for each 
component can be written as: 
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 where [] indicates the molar concentration of certain compound. 
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The reaction rate can be defined as (Bailey and Ollis 1986): 
 

 [ ] [ ]
dt
Pd

dt
Sdr =−=         (3) 

 
Making a quasi-steady-state approximation and notifying that initial enzyme concen-
tration equals the sum of free and complexed enzyme concentrations gives (Bailey and 
Ollis 1986): 
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=          (4) 

 [ ] [ ] [ ]ESEE 0 +=         (5) 
 
Combining equations 2-5 gives (Bailey and Ollis 1986): 
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Different kinds of kinetics are also studied. For example, assumption of the second 
reaction in equation 1 being reversible can be made. More kinetic equations like equation 
6 are provided for example in (Bailey and Ollis 1986).  

2.2.2 Reversible inhibition 

An enzymatic reaction can be inhibited by inhibitors. Different mechanisms for inhibition 
are studied. In reversible inhibition, inhibiting reactions are reversible, thus allowing the 
regeneration of the enzyme. Competitive inhibition occurs as a substrate-like compound 
binds to enzyme’s active site (Shuler and Kargi 1992). Thus, the substrate competes with 
the inhibitor for the enzyme’s active site. Such an inhibition can be minimized by 
maintaining high substrate concentration. An enzymatic reaction with competitive 
inhibition can be written as (Shuler and Kargi 1992):  
 

 
EIIE
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I
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1

K

k
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 where I is the inhibitor. 
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A non-competitive inhibitor also binds to enzyme but not to the active site (Shuler and 
Kargi 1992). Thus, the inhibitor decreases the catalyzing efficiency of the enzyme. Such 
an inhibition can not be overcome with high substrate concentration but some reagents 
are needed to prevent the inhibitor from binding to the enzyme. An enzyme catalyzed 
reaction with presence of a non-competitive inhibitor can be written as (Shuler and Kargi 
1992): 
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k
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       (8) 

 
The third inhibition mechanism is uncompetitive inhibition. An uncompetitive inhibitor 
binds only to enzyme-substrate complex. An enzymatic reaction with uncompetitive 
inhibition can be written as (Shuler and Kargi 1992): 
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The last inhibition mechanism examined here is substrate inhibition. In substrate 
inhibition, high substrate concentrations inhibit the enzyme catalyzed reaction. A 
substrate inhibiting enzymatic reaction can be written as (Shuler and Kargi 1992): 
 

 
2

K

k

k

k
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2

1

1
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The reaction rates for enzyme catalyzed reactions with above presented reversible 
inhibition mechanisms are tabulated in table 1.  

2.2.3 Irreversible inhibition 

Some compounds bind to enzymes irreversibly inactivating them. Thus, irreversible 
inhibitors decrease the enzyme concentration without affecting the reaction kinetics. 
Almost all irreversible inhibitors are toxic compounds. (Mathews et al. 2000) 
 
 
 
 
 
 
 



 10

Table 1. Reaction rates of enzyme catalyzed reactions with reversible inhibition (Shuler 
and Kargi 1992). 
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2.3 Metabolism 

Organisms produce different products depending on their metabolism. Differences in 
metabolisms can be explained by genetic differences and environmental factors. The 
same cells may produce different products in different environmental conditions. Thus, 
the regulation of metabolic pathways is essential in bioprocess engineering. Regulation 
may be based on nutritional or environmental conditions. Metabolic reactions can be 
divided in three parts: degradation of nutrients, biosynthesis of small molecules such as 
amino acids or nucleotides and biosynthesis of large molecules. Furthermore, metabolic 
pathways can be classified to aerobic and anaerobic ones based on the presence of 
oxygen. Yet another classification can be made to catabolism and anabolism. In 
catabolism, large compounds are decomposed to smaller and simpler products. In 
contrast, more complex compounds are produced from simpler ones in anabolism. Energy 
is produced in catabolism while anabolism consumes energy. In this report, only 
metabolism concerning energy production is presented. (Shuler and Kargi 1992) 

2.3.1 Energetics 

Cells require energy for nutrient transport, maintenance and biosynthesis. Energy is 
obtained from the catabolism of carbon compounds. Adenosine triphosphate (ATP) is 
used as an energy carrier and storage (Shuler and Kargi 1992). ATP generating reactions 
are usually coupled with reactions freeing chemical energy. The excess chemical energy 
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is stored in ATP as high-energy phosphate bonds. The reaction generating ATP is called 
phosphorylation and can be written as (Shuler and Kargi 1992): 
 
 i2 PADPOHATP +⎯→←+        (11) 
 where ADP is adenosine diphosphate. 
 
Oxidation and reduction are essential reactions in cells. In reduction, a compound loses 
electrons while in reduction electrons are added to the compound. In biochemical 
reactions, hydrogen atoms are transferred instead of electrons. Thus, hydrogenation is the 
usual way of adding electrons and dehydrogenation is the usual way of losing them. 
Hydrogen atoms are carried by nucleotide derivatives, especially nicotinamide adenine 
dinucleotide (NAD) and its phosphorylated form NADP. NAD can either accept electrons 
or donate them. The oxidized form of NAD is NAD+ and reduced form is NADH. The 
function of NAD is similar to ATP as excess hydrogen atoms are added to NAD+ to be 
used in biosynthesis. NADH has also a major role in ATP formation. (Shuler and Kargi 
1992) 

2.3.2 Glycolysis 

Glucose is a major carbon and energy source for many organisms. It is usually derived 
from carbohydrates or polysaccharides. The first stage of the breakdown of glucose to 
CO2 and water is called glycolysis. In glycolysis, one molecule of glucose is decomposed 
to produce two molecules of pyruvate. Glycolysis can be divided into two stages based on 
energy consumption. In the first stage, two ATP molecules per one glucose molecule are 
required to produce required energy. In the second stage, energy is generated. Also the 
reduction NAD+ to NADH occurs during energy generation phase. The two phases and 
the net products of the glycolysis are presented in figure 6. Pyruvate is a key metabolite 
in metabolism. Under aerobic conditions it is converted to CO2 and NADH in the citric 
acid cycle. Under anaerobic conditions pyruvate may be converted to lactic acid, ethanol 
or other products. (Shuler and Kargi 1992) 
 
Glycolysis has also functions other than producing pyruvate and energy. The intermediate 
products can be used as substrates in biosynthesis. Thus, glycolysis serves as a catabolic 
pathway in decomposition of carbon and as an anabolic pathway in biosynthesis. (Bailey 
and Ollis 1986) 
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Figure 6. The two phases and the net products of glycolysis (Mathews et al. 2000). 
 

2.3.3 The citric acid cycle 

Pyruvate produced in glycolysis is further decomposed to CO2 and water through 
respiration. Respiration can be divided into two phases. In citric acid cycle, an organic 
compound is oxidized to CO2 and hydrogen atoms which are transferred to NAD. The 
hydrogen atoms continue to the respiratory chain where ATP is produced from ADP 
through sequence of reactions. Before entering the citric acid cycle, pyruvate is converted 
to a coenzyme named as acetyl-coenzyme A. The coenzyme enters the cycle and binds to 
oxalacetate thus forming citric acid. During the cycle two CO2 molecules are extracted. 
As pyruvate molecule has two carbon atoms, the citric acid cycle consumes all the carbon 
initially in pyruvate. As the citric acid cycle is about oxidation, it produces plenty of 
hydrogen atoms which are added to NAD+. Also some energy is produced as ATP. The 
intermediate products of citric acid cycle have a great significance as compounds used in 
biosynthesis. (Bailey and Ollis 1986) 

2.3.4 The respiratory chain 

In respiratory chain, the excess hydrogen atoms from citric acid cycle are oxidized to 
water (Shuler and Kargi 1992). This chain of reactions is the major source of energy for 
aerobic cells. The respiratory chain is also called the electron transport chain as the 
excess hydrogen atoms are transferred to oxygen by a series of electron carriers (Bailey 
and Ollis 1986). Along the reaction sequence ATP is produced through phosphorylation. 
ATP generation in the respiratory chain is called oxidative phosphorylation. The 
significance of the respiratory chain is to regenerate NAD+ for glycolysis and produce 
ATP for biosynthesis (Bailey and Ollis 1986). In anaerobic respiration, hydrogen atoms 
are added to some other electron acceptors than oxygen (Shuler and Kargi 1992). 
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2.3.5 End products of metabolism 

Cells release different kinds of compounds to their environment. Usually those 
compounds are the products of energy-yielding metabolism such as alcohols and organic 
acids. The products of energy-yielding metabolism are called primary metabolites. Also 
more complex compounds serving special functions in cells may be released. Such 
products are for example antibiotics, toxins, alkaloids and growth factors. These products 
are not required for cell growth and are called secondary metabolites. Economically the 
most significant product of anaerobic metabolism is ethanol. In alcohol fermentation, 
ethanol is formed from pyruvate. Some significant products of aerobic metabolism are 
citric acid and acetic acid. Those are produced due to incomplete oxidation of organic 
nutrient. In other words, they are the intermediate products of nutrient catabolism. (Bailey 
and Ollis 1986) 

2.4 Cell growth kinetics 

Although, cell growth is a very complex process, it obeys the conservation laws. Cells 
consume nutrients through metabolism and produce cell mass and products. Furthermore, 
the amount of some desired product is usually related to the consumption of some 
substrate or to the production of some other product such as CO2. Thus, material balances 
can be written for components and stoichiometric relationships examined. However, 
writing material balances for all components in system may be problematic as some 
substrate elements may be released in products, thus not assimilating into cell mass. Also 
the growth rate may be limited by some nutrient or some products may inhibit the 
reaction. Thus, the description of the system is usually simplified by identifying the factor 
limiting the growth. That factor can be the compound that will deplete first based on 
stoichiometry. It is also possible that some component limit the growth rate in certain 
environmental conditions. (Bailey and Ollis 1986) 
 
Kinetic models with different detail levels can be built. Model structures can be classified 
to unstructured or structured and further to segregated or non-segregated models (Figure 
7). The prior classification is based on the representation of cells while the latter one is 
based on the homogeneity of the cell mass. In unstructured models, cell mass is 
considered as a single component. Thus, it is assumed that the cellular composition 
remains unchanged despite the increase in the cell mass. In such a situation, the reaction 
rate is affected only by the extra-cellular conditions. In structured models, the 
intracellular composites, like DNA and enzymes, are also modelled. Thus, the reaction 
rate is affected not only by environmental conditions but also by intracellular 
composition. In non-segregated models, all the cells are assumed to behave equally while 
in segregated models cell mass is assumed to be heterogeneous. Actual processes are 
structured and segregated. However, it is common to use unstructured and non-segregated 
models while analyzing cell growth. In this chapter, only unstructured and non-
segregated models are presented. (Bailey and Ollis 1986) 
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Figure 7. Kinetic model classification. (Bailey and Ollis 1986) 
 

2.4.1 Yield coefficients 

The reaction stoichiometry can be defined through yield coefficients. In yield 
coefficients, the amount of formed products and cells is related to the amount of 
consumed substrate. Considering the modelling of the biochemical process, the most 
significant yield coefficients are presented in table 2. Some other yield coefficients can 
also be defined such as YATP and Ykcal. The prior one defines the amount of products and 
cells formed from the amount of ATP consumed and the latter one relates the amount of 
formed substances to the amount of released energy. (Blanch and Clark 1997) 
 
 
Table 2. Yield coefficients (Blanch and Clark 1997). 
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2.4.2 Unstructured kinetic models 

Cell mass growth can be represented analogous to Michaelis-Menten kinetics (Blanch 
and Clark 1997): 
 
 ⎯→⎯⎯→←+ kK XSSX S new cells      (12) 
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Growth is usually characterized by the specific growth rate. It is defined as (Shuler and 
Kargi 1992): 
 

 [ ]
[ ] [ ] [ ]X

dt
Xd

dt
Xd

X
1

μ=⇔=μ        (13) 

 where μ is the specific growth rate and 
X is cell mass. 

 
The specific growth rate is usually saturating meaning that there exists a maximum 
achievable growth rate which can not be exceeded despite the increase in limiting 
substrate. Substrate limited growth with such kinetics (assuming the reaction in equation 
12) can be described by Monod equation (Shuler and Kargi 1992): 
 

 
[ ]
[ ]SK
S

S

max

+
μ

=μ          (14) 

 
From equation 14, it can be noticed that, if [S] >> KS the maximum growth rate is 
achieved. Monod kinetics is similar to Michaelis-Menten kinetics for enzyme catalyzed 
reactions. The Monod equation represents substrate limited growth only as growth is slow 
and population density is low. In table 3, other equations for substrate limited balanced 
growth are presented. (Shuler and Kargi 1992) 
 
 
Table 3. Kinetic equations for balanced growth (Shuler and Kargi 1992). 

Blackman equation maxμ=μ , if [S] ≥ 2KS 
[ ]
S

max

K2
Sμ

=μ , if [S] < 2KS 

Tessier equation [ ]( )SK
max e1 −−μ=μ  

Moser equation [ ]
[ ]n

S

n
max

SK
S

+

μ
=μ  

Contois equation [ ]
[ ] [ ]SXK

S

SX

max

+
μ

=μ  

 
 
Multiple substrates may limit the growth rate simultaneously. In such cases, the 
description of the specific reaction rate may be difficult. Each limiting substrate may be 
modelled with equations presented above. For combining those reaction rates to one 
describing the overall reaction rate, three alternatives exist. Interactive form of the 
reaction rate is obtained via multiplication, additive form via summing and non-
interactive form by choosing the minimum of the limiting substrates’ reaction rates 
(Shuler and Kargi 1992): 
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 Interactive:  ( )∏μ=
μ

μ
i

max

S      (15) 

 Additive:  ( )∑μ=
μ

μ
i

max

S      (16) 

 Non-interactive: ( )[ ]iSmin μ=μ      (17) 
 
There is also an alternative approach for managing with two limiting substrates. In this 
approach, the reactions are assumed to follow the reaction presented in equation 12. 
Reaction rates are written for both limiting substrates independently. The reaction rates 
for substrates are assumed to follow competitive inhibition model (Table 1). Thus, the 
first substrate inhibits the second reaction and the second substrate inhibits the first 
reaction. The overall reaction rate is formed in additive manner described by equation 16. 
(Blanch and Clark 1997) 

2.4.3 Inhibition models 

The reactions can be inhibited by substrate, product or other inhibitor. The kinetic 
equations of inhibited reactions are analogous to enzyme kinetics as the reactions are 
assumed to follow equation 12. The equations presented in table 1 are readily usable for 
inhibited reaction kinetics with replacements presented in table 4 (Shuler and Kargi 
1992). Some other product inhibition models are also used. Those are (Shuler and Kargi 
1992): 
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 where Pm is the product concentration at which the growth stops. 
 
 
Table 4. Replacements for equations in table 1. 

All inhibitors Km → KS 
Substrate inhibition [I] → [S] 
Product inhibition [I] → [P], KI → KP 
Other inhibitor - 

 

2.4.4 Maintenance and endogeneous metabolism 

ATP is consumed in biosynthesis, DNA repair and maintenance. The energy used for 
maintenance is usually produced through the catabolism of the substrate. The amount of 
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energy consumed in maintenance depends on the type of substrate and environmental 
conditions. If the cell can not extract required substrates for maintenance from 
environment, it may decompose some of its cell mass. This decomposing is called 
endogeneous metabolism and leads to a decrease in cell mass. Endogeneous metabolism 
may occur even though substrate is present. (Blanch and Clark 1997) 

2.5 Product formation 

There exist a wide variety of products cells can produce. These microbial products can be 
classified in three groups. Growth-associated products are produced during cell growth. 
They are typically primary metabolites. The production of non-growth-associated 
products occurs when cell mass growth is zero. These products are typically secondary 
metabolites such as antibiotics. Mixed-growth-associated products are formed when cell 
mass growth is slow or zero. Different phases of cell growth are examined in chapter 
2.6.1. (Shuler and Kargi 1992) 

2.6 Bioreactors 

Bioreactors combine the principles of chemical engineering and biology. Usually 
bioreactors are multiphase systems. Oxygen is supplied and CO2 removed in gaseous 
phase while nutrients are supplied and reactions occur in liquid phase. Thus, heat and 
mass transport phenomena must also be taken into account in modelling of a bioreactor. 
The bioreactor must supply optimal environmental conditions for micro-organisms 
supplying required nutrients. In this chapter, some basic knowledge is provided for 
different kinds of bioreactors. (Shuler and Kargi 1992) 

2.6.1 Batch reactor 

In batch reactor, the medium containing nutrients and other required compounds are 
added to reactor prior the reaction is started. As the reactions start, the micro-organisms 
begin to extract nutrients from medium producing cell mass and products. Considering 
the cell mass growth, five different phases can be typically identified (Figure 8) (Shuler 
and Kargi 1992): 
 1. lag phase, 
 2. logarithmic or exponential growth, 
 3. deceleration phase, 
 4. stationary phase and 
 5. death phase. 
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Figure 8. Cell growth in a batch reactor. (Shuler and Kargi 1992) 
 
 
In lag phase, cells adapt to their environment. Cell mass may increase a little. In 
exponential growth phase, cells multiply rapidly increasing the cell mass significantly 
and produce primary metabolites. This is a period of balanced growth. The exponential 
growth phase lasts as long as there is enough nutrients for cells or inhibiting factors are 
not present in the reactor. The exponential growth phase is followed by deceleration 
phase, where cell mass growth rate decreases due to depletion of nutrients or 
accumulation of inhibiting compounds. In stationary phase, cell mass growth rate is 
constant. Cells are still active producing secondary metabolites. The last phase is the 
death phase, where cell mass decreases due to nutrient depletion or toxic product 
accumulation. (Shuler and Kargi 1992) 

2.6.2 Fed-batch reactor 

In fed-batch reactors, nutrients are continuously added. Fed-batch reactors can be used to 
improve growth rates especially if cell growth is substrate limited. With continuous 
substrate addition, the concentration of substrate can be kept low. Consequently, the 
volume is increased, which must be noticed in modelling. Part of the culture is removed 
occasionally in some fed-batch operations as the reactor volume is limited. (Shuler and 
Kargi 1992) 

2.6.3 Continuous reactor 

In continuous bioreactors, fresh nutrient medium is continuously added to reactor while 
products and cell mass are removed. Thus, cell mass growth and product formation can 
be maintained for longer time periods than in batch or fed-batch operations. As in 
continuous chemical reactors, bioreactors also reach steady-state where cell mass growth, 
product formation and substrate concentrations remain constant. If a continuous 
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bioreactor is operated at constant environmental (chemical) conditions, it is called a 
chemostat. Cell growth in a chemostat is usually limited by one nutrient while other 
nutrients are abundant. Chemostats need usually some control elements to maintain 
constant environmental conditions such as pH control. To maintain higher cell 
concentration and thus higher productivity in the reactor, cells can be recycled back to the 
reactor. (Shuler and Kargi 1992) 
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3 MODELLING AND CONTROL OF BIOLOGICAL 
WATER TREATMENT 

An activated sludge plant for wastewater treatment is a complex system due to its 
nonlinear dynamics, large uncertainty in uncontrolled inputs and in the model parameters 
and structure, multiple time scale of the dynamics, and multi input-output structure 
(Brdys et al. 2002). Rather scarce measurements are available during plant operation; 
therefore using mathematical models is essential in the controller design. However, there 
is significant uncertainty in these models and their identification is still an open problem. 
Until recently, an intensive work on physical modelling of the wastewater plant was 
rather separated from using these models for controller design. Recent developments in 
control technology and particularly in model predictive trajectory tracking in nonlinear 
systems and intelligent control triggered out new research and applications in combining 
physical (white-box) models with intelligent methods (Brdys et al. 2002, Gernaey et al. 
2003).  
 
There are several approaches for modelling and control of biological water treatment 
processes reported in the literature. Some of the most previous ones are referred in the 
following. 

3.1 Reviews 

Gernaey et al. (2003) present an extensive review (more than 70 references) on modelling 
and simulation of activated sludge process. They start with white-box methods and 
especially ASM model family that has found extensive use in municipal waste water 
treatment, but is also applicable to industrial systems. They also deal with black-box, 
stochastic grey-box and hybrid modelling and illustrate how the different modelling 
methodologies can complement and support the process knowledge included in the white-
box models. AI methodologies and white-box models can interact in many ways – in 
supervisory control systems, in model calibration tools, in design tools and in knowledge 
representation tools. 
 
Lee et al. (2006) present a review of modelling and control of biological nutrient removal 
(BNR)-activated sludge processes for wastewater treatment using distributed parameter 
models described by partial differential equations. Numerical methods for the solution to 
the BNR-activated sludge process dynamics vary including method of lines, global 
orthogonal collocation and orthogonal collocation on finite elements. A critical analysis 
on the advantages of the distributed parameter approach over the conventional modelling 
strategy shows that the former describes the activated sludge process more adequately 
and the method is recommendable for applications in the wastewater industry. 
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3.2 Control strategies 

Yong et al. (2006) compare six different strategies for integrated control of nitrate 
recirculation flow rate and external carbon addition in a predenitrifying biological 
wastewater treatment system using the COST simulation benchmark. The proposed 
control strategies consist of two or three feedback control loops, which manipulate the 
nitrate recirculation and the flow rates of carbon dosage in an integrated manner, such 
that the consumption of external carbon minimises while meeting the nitrate discharge 
limits. After a number of simulations the results show that the control strategies can 
maintain the designated effluent quality in the presence of external disturbances, while 
obtaining excellent results in terms of consumption of external carbon, as well as meeting 
the general plant performance and controller criteria. 
 
Zarrad et al. (2004) compare three control strategies for the optimal operation of activated 
sludge processes. The first approach describes the design and the implementation within 
an ASP benchmark model of an industrial control strategy composed of two decentralized 
PID controllers. The second and third approaches use a state space model of the system. 
Even though the second and third approaches need more additional sensors than the first 
one – but only during the identification stage – when implemented properly, they allow 
the user to estimate unknown inputs that can be useful for diagnosis purposes. 
 
Cadet and Béteau (2002) have developed an accurate reduced order model of the very 
complex ASM1 model. The model is sufficiently simple to be included in a control law. 
The analysis of candidates of measured and manipulated variables have led to a rather 
different control strategy than the benchmark classical strategy, L/A control strategy. The 
proposed strategy is tested in similar benchmark plant as in (Alex et al. 2002). The 
effluent quality is improved, and violations of nitrate have disappeared. The process is 
consuming more energy, because it also treats more effluent. 
 
Zeybek and Alpbaz (2005) present an experimental application of fuzzy-dynamic matrix 
control (FDMC) to study the coagulation process of wastewater treatment in a dye plant. 
Also this study includes a series of tests in which an FDMC was used for pH control. The 
performance results of the FDMC controller are compared with the results obtained by 
using conventional PID algorithm. Experimental results show that this technique is 
adequate for the output tracking performance. 
 
Betancur et al. (2005) compare different control strategies, in regard to issues associated 
to biomass inhibition when treating toxic wastewater, to operate sequencing batch 
bioreactors. In particular, the problem of time optimal operation and also the problem of 
handling sudden unknown toxicant peak concentrations are addressed. Because of the 
application characteristics, it is not feasible to measure all of the important variables, thus 
little information is available on-line for controlling the process. Event-Driven Time 
Optimal Control offers to solve all problems, using only the practically available 
variables, even if uncertainties are present. 
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3.3 Predictive control 

Alex et al. (2002) describe control possibilities for the nitrogen removal process within 
activated sludge plants for wastewater treatment. They use a predictive controller, which 
aims to reduce the peaks in effluent concentration for ammonia nitrogen. Additionally, 
the controller improves the overall nitrogen removal using less aeration energy. A 
parsimonious observer model predicts the effluent ammonia concentration. The model 
adapts to the load changes. The performance evaluation of the developed controller uses a 
benchmark simulation model of a wastewater treatment plant. 
 
Sánchez et al. (2002) use an earlier approximate reduced-order linear model. The model 
is an approximation due to the use of a truncated Fourier series. They use also a 
predictive control algorithm, similar to GPC. The algorithm minimizes a quadratic cost 
function, which includes the mean value of the predictions of the controlled variables and 
the change in the control input. Two types of simulations have been performed. The first 
one considers a reference trajectory to approach the set point, and the second uses the set 
point directly. For the reference trajectory case, a time constant of 12 hours for the 
reference trajectory, with a sampling time of 3 hours has been chosen. The prediction 
horizon is of one cycle (3 hours) for both cases. The simulations show that the algorithm 
converges to the proximity of the predetermined set point. Also, they show that the 
maximum values cannot be directly controlled, which means that in this case (i.e. 
unconstrained case) permissible limit violations are almost inevitable. 
 
Brdys et al. (2002) propose two-level controllers to track prescribed dissolved oxygen 
trajectory for activated sludge processes. Both the nutrient and the phosphorous removal 
from a wastewater by biological treatment are considered. An aeration system is a 
complicated hybrid nonlinear system with faster dynamics compared to internal dynamics 
of the dissolved oxygen at a bio-reactor. It is common approach to neglect this dynamics 
and also important operational limitations of this system such as a limited frequency of 
allowed switching of the blowers. The upper level control unit produces desired aeration 
flow set points. This controller unit applies the nonlinear model predictive control 
algorithm, and the aeration system as a whole is the actuator. The predictive control is 
also in use at the lower level control unit based on a linear hybrid dynamics of the 
aeration process. Validation uses real data sets and ASM2d model of the biological 
reactor. 
 
Brdys and Díaz Maíquez (2002) have also used a fuzzy Takagi-Sugeno type model of the 
nonlinear dynamics based on its local linearisation. The fuzzy predictive control strategy 
is applied to obtain a nonlinear fuzzy predictive controller. The controller maintains good 
performance and it is much more computationally efficient compared with the earlier 
controllers. Therefore, it is able to respond in time to fast changes of disturbances and 
large changes of the set-points. 
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3.4 Principal Component Analysis 

Yoo et al. (2003) propose a new approach to nonlinear modelling and adaptive 
monitoring using fuzzy principal component regression. First, principal component 
analysis (PCA) is used to reduce the dimensionality of data and to remove collinearity. 
Second, the adaptive credibilistic fuzzy-c-means method is used to appropriately monitor 
diverse operating conditions based on the PCA score values. Third, a FPCR method is 
proposed, where the Takagi-Sugeno-Kang (TSK) fuzzy model is employed to model the 
relation between the PCA score values and the target output to avoid the over-fitting 
problem with original variables. The result shows that it has the ability to model the 
nonlinear process and multiple operating conditions and it is able to identify various 
operating regions and discriminate between a sustained fault and a simple fault occurring 
in the process data. 
 
Pons et al. (2005) propose the estimation of wastewater composition (COD and nitrogen-
related species such as ammonia and organic nitrogen) for on-line control based on 
Principal Components Regression (PCR) and Partial Least Squares (PLS) applied to 
spectrometric data (turbidity, UV-visible and synchronous fluorescence spectra). It was 
noticed that the models need to be adaptive to take into account the variations of human 
activity with respect to time. Satisfactory models resulted on the basis of the total UV-
visible spectra.  
 
Pan et al. (2002) report that the application of conventional statistical monitoring methods 
to periodic processes can result in frequent false alarms and/or missed faults due to their 
common non-stationary behaviour seen over a period. To address this, they propose to 
identify and use a stochastic state space model that describes the statistical behaviour of 
the changes occurring from period to period. This model, when retooled as a periodically 
time-varying model, can be used for on-line monitoring and estimation with the aid of the 
Kalman filter. The same model can also be used for inferential estimation of the variables 
that are difficult or slow to measure on-line. The proposed approach is applied to a 
simulation benchmark of the wastewater treatment process, which exhibits strong diurnal 
changes in the feed stream, and compared against the Principal Component Analysis 
(PCA) and Partial Least Squares (PLS) methods. 

3.5 State detection 

Murnleitner et al. (2002) considered the state detection of wastewater plants. The two-
stage anaerobic wastewater pre-treatment was modelled and controlled. The biological 
state of the reactors could be predicted using a fuzzy logic system and based upon this, 
proper control actions were taken automatically in order to avoid an overload. The system 
was designed to handle very strong fluctuations in the concentration of the substrate and 
the volumetric loading rate. Hydrogen concentration together with methane 
concentration, gas production rate, pH and the filling level of the acidification buffer tank 
were used as input variables for the fuzzy logic system. The manipulated variables were 
the flow rate from the acidification buffer tank into the methane reactor, the temperature 
and pH of both reactors, the circulation rate of the fixed bed reactor, backflow from the 
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methane reactor into the acidification, and the control of the feed into the acidification 
buffer tank. The developed control system was successfully tested on a fully automated 
lab scale two-stage anaerobic digester. Different types of wastewater from food 
processing industries were successfully applied. 
 
Schaum et al. (2005) propose a new general approach to the global analysis of 
observability and detectability for nonlinear systems. Based on the definition of 
indistinguishability it is possible to derive the dynamics of the non-observable part of the 
system and thus to study its stability properties using methods of nonlinear systems 
theory. The method is first introduced in general and then applied to a class of nonlinear 
models for biological processes, as e. g. in wastewater treatment. Finally, detectability 
conditions for the reactor model are deduced. 

3.6 Optimisation 

Schütze et al. (2002) use an evolutionary algorithm to solve an optimisation problem with 
multiple objectives for achieving optimum performance of the urban wastewater system 
with regard to oxygen and ammonium concentrations in the river. Control is applied to a 
semi-hypothetical case study and testing uses the urban wastewater system simulator. 
 
Fikar et al. (2005) deal with the determination of the optimal aeration strategies for small-
size activated sludge plants based on dynamic optimisation. They use the standard ASM1 
model. This model represents a system with one manipulated input, sequence of 
aeration/non-aeration times and with primary output, total nitrogen concentration in the 
effluent. Based on the problem specifications, the optimisation task has been defined and 
solved using the dynamic optimisation solver. The basic period for the optimisation is 
one day, based on the periodicity of the disturbances, and the composition and flow rate 
of the influent. Based on the optimal stationary state profiles, a simple feedback policy 
connects the starting and stopping of aeration with the nitrate and dissolved oxygen 
levels, respectively. The application of this controller during several days showed only a 
very small deterioration compared to the dynamic optimal solution. 
 
Gutierrez and Vega (2002) consider the integrated design of activated sludge processes 
and of their control system as a multi-objective constrained optimisation problem. The 
proposed approach allows include dynamic closed loop characteristics, through some 
controllability measures and physical and process operation constraints in the design. The 
conventional PI-controller is used. The results are better, in terms of the disturbances 
rejection at the dominant frequencies when some controllability measures are constrained 
while the costs (building and operation costs) are of about the same magnitude as in the 
designs carried out without those constraints.  

3.7 Expert Systems 

Populaire et al. (2002) present a methodology for combining expert knowledge with 
information from statistical data, in classification and prediction problems. The method is 
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based on (1) a case-based approach allowing predict a quantity of interest from past cases 
in the form of a belief function, (2) Bayesian networks for modelling expert knowledge 
and (3) a tuning mechanism allowing optimally discount information sources by 
optimizing a performance criterion. This methodology is applied to the prediction of 
chemical oxygen demand solubility in wastewater. The approach is expected to be useful 
in situations where both small databases and partial expert knowledge are available. 
 
In the system proposed by Flores et al. (2000), the expert system combines the 
information and control actions of the individual control loops. This modular structure 
allows the addition of further control modules. The local controller allows the plant to 
start up faster than an operator can, and also detects and solves the occurrence of 
acidification. The start-up module decreases the start-up period, thereby increasing the 
efficiency of the equipment. The remote control or central system supervises the 
operation of the local plants by means of an expert system, stores the information in a 
relational database, and uses a graphic interface to make the information visible to the 
users. To enable the connection of the local equipment with the central system, different 
communication channels are possible. The ISDN is the best choice to balance 
price/speed; nevertheless, GSM provides a good alternative when an ISDN channel is not 
available. 

3.8 Neural networks 

Çinar et al. (2006) modelled a submerged membrane bioreactor receiving cheese whey 
using artificial neural network and its performance over a period of 100 days at different 
solids retention times was evaluated. A cascade-forward network was used to model the 
membrane bioreactor and normalization was used as a pre-processing method. The 
network was fed with two subsets of operational data, with two-thirds being used for 
training and one-third for testing the performance of the artificial neural network. The 
training procedure for effluent chemical oxygen demand (COD), ammonia, nitrate and 
total phosphate concentrations was very successful and a perfect match was obtained 
between the measured and the calculated concentrations. The results of the confirmation 
(or testing) procedure for effluent ammonia and nitrate concentrations were very 
successful; however, the results of the confirmation procedure for effluent COD and total 
phosphate concentrations were only satisfactory. 
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4 THEORETICAL BIOPROCESS 

Chemostat is a continuous biological reactor operating with the constant feed rate. It is 
potentially a multi-stable system, if the substrate at high concentrations is toxic for micro-
organisms [Vesterinen and Ritala 2005]. Then an increase of substrate flow turns a linear 
behaviour with quite normally distributed data, into a strongly nonlinear one with 
complex state distributions. Chemostat models give an insight to real-life bioprocess 
systems, in particular biological water treatment. This study is based on the original 
model of ideally stirred Chemostat [Smith and Waltman 1995] adopted by [Vesterinen 
and Ritala]. The aim is to demonstrate the possibilities of the modelling and state 
detection of this bi-stable system. 

4.1 Reactor model 

Bioreactor feed consists of substrate and biomass. High substrate concentrations inhibit 
the reaction and decrease the reaction rate constant, μ, according to Haldane kinetics 
(substrate inhibited reaction in table 1). Following equations describe the system: 
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In equation 20, cs and cb denote the concentrations of the substrate and the biomass, Qin 
and Qout the inflow and outflow, V is the volume of the reactor, μ reaction rate and μo, K~  
and K are constants. Simulations use the values presented in table 5, if not separately 
stated. In Table 5, csin and cb,in are the input concentrations for the substrate and the 
biomass. 
 
 
Table 5. The values used in simulations (Vesterinen and Ritala 2005). 

Qin Qout cs,in cs,in cb,in μ0 K~  K 
100 100 300 65 10 0,74 15 9,28 
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4.2 Steady-state model 

Steady-state model is used to study the influence of input variables to steady-state 
behaviour. Steady-state model is got by setting the derivates of equation 20 to zero: 
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4.2.1 Biomass concentration 

Biomass concentration is solved from equation 16: 
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Figure 9 shows the biomass concentration as a function of substrate concentration with 
different volumes. It is clear that the biomass concentration achieves its maximum value 
always with the same substrate concentration. This value can be calculated analytically. 
Assuming cb,in, Q and V constant, equation 22 shows that the biomass concentration is at 
its maximum when μ(cs) reaches its maximum. It can be solved starting from equation 
20. The derivative of μ(cs) is: 
 

2
s

2
s

1
0

2
s0

1

2
s

2
s

1
s0s

1
s

2
s

1
0

s

s

)KccK~(
KcK~

)KccK~(
c)1cK~2()KccK~(

dc
)c(d

++
μ+μ−

=
++

μ+−++μ
=

μ
−

−

−

−−

 (23) 

 
Now, the maximum of μ(cs) is found by setting the derivative to zero. This gives: 
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Equation 22 can be used also to study the influence of the input concentration of biomass. 
Figure 10 shows how the biomass concentration varies when its concentration in the input 
flow changes. Comparing Figures 9 and 10 shows that the changes in volume and 
biomass input concentrations have almost similar influence on biomass concentration.  
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Figure 9. The concentration of biomass as the function of substrate concentration and the 
reactor volume. 
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Figure 10. The concentration of biomass as the function of substrate concentration and 
its input concentration. 
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4.2.2 Substrate concentration 

Next, the input concentration of substrate, cs,in is solved from equation 21: 
 

 
)c(VQ

c)c(V
cc

s

in,bs
sin,s μ−

μ
+=        (25) 

 
Figure 11 shows the substrate concentrations as a function of its input concentration 
together with the corresponding plots for biomass concentration. Both plots show also the 
effect of the reactor volume. Figure 11 shows two possible operating points with the same 
input concentration of the substrate. Of course, the target operating point is the one 
leading to high conversion and to high biomass concentration. With the increasing 
volume, the maximum biomass concentration also increases. This increases the risk to 
end up at the area of low conversion, because the variations in volume effect more 
strongly at high biomass concentrations. When the volume is small, there is only one 
(stable) operating point, but the conversion remains small. The changes in the input 
concentration of the biomass have the same effect as the changes in volume. 
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Figure 11. Substrate and biomass concentrations as the function of the input 
concentration of the substrate. 
 
 
Equation 25 defines the input concentration of the substrate that leads to the maximum 
concentration of the biomass: 
 

 
( )

( )K~KVQ

cK~KV
K~K)c(c in,b

max,bin,s
μ−

μ
+=       (26) 

 
The input concentration for the substrate calculated from equation 26 is the maximum 
value above which the process remains in the area of lower conversion. Furthermore, 
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higher conversion might not be reached even by staying exactly at the value given by 
equation 26. The only way to reach high conversion is to approach this limit from the 
region of low input concentration of the substrate, as shown in Figure 11. Figure 12 
shows the maximum input concentration for substrate defined by equation 26. 
 
 

 
Figure 12. Substrate input concentration that leads to the maximum biomass 
concentration. 
 

4.3 Dynamic model 

The dynamic model of the process is done using Matlab® Simulink®. Model is tested by 
changing the input concentration of the substrate first from zero to 100 and then from 100 
to zero. Figure 13 shows the results together with the concentration profile calculated 
using the steady-state model. The Figure shows that a certain input concentration can lead 
to two different biomass concentrations, which was found already as the result of the 
steady-state model. 
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Figure 13. Results from the dynamic model. 
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5 SIMULATED DATA 

5.1 Data generation 

Simulink® model is used in generation of data for modelling and state detection purposes. 
Input variables are the input concentrations of the substrate and biomass and the reactor 
volume. Input concentration for the substrate is allowed to vary between [35 90], and for 
the biomass between [5 20]. The reactor volume varies between [275 325]. The variables 
are taken from the uniform distribution at 30 minutes intervals. The sampling time is kept 
fixed at 30 minutes throughout this study. Table 6 shows the main statistical values of the 
input variables and the simulated output variables, the concentrations of the substrate and 
the biomass.  
 
 
Table 6. Statistical values of the variables.  

 Mean Std dev Min Max 
cs,in 62,2 15,8 35,0 89,9 
cb,in 12,4 4,1 5,0 20,0 
V 300,4 14,7 275,1 325,0 
cs 38,5 26,6 2,4 87,1 
cb 36,1 18,9 7,9 99,9 

 

5.2 Data evaluation 

Some data evaluation was performed prior modelling. Table 7 shows the correlations 
between the variables. The reaction rate μ was also included to variables as it was seen as 
a possible variable for modelling. It can be noticed that the output variables have quite a 
strong correlations to each other. Of the past values of inputs, the input concentration of 
the substrate shows greatest correlation to the output variables. Table 7 shows also that 
the values delayed more than 30 minutes does not have significant influence on the 
output variables. Figure 14 shows the histograms of output variables. It can be clearly 
seen that the theoretical process truly has two stable operating points.  
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Table 7. Correlation coefficients. 
h = 30   cs(k) cb(k) μ(k) 
kh cs 1,00 -0,84 -0,96 
  cb -0,84 1,00 0,80 
  μ -0,96 0,80 1,00 
(k-1)h cs,in 0,83 -0,41 -0,76 
  cb,in -0,19 0,52 0,07 
  V -0,15 0,21 0,09 
  cs 0,23 -0,35 -0,25 
  cb -0,27 0,39 0,31 
  μ -0,23 0,35 0,25 
(k-2)h cs,in 0,11 -0,17 -0,10 
  cb,in -0,10 0,11 0,11 
  V -0,02 0,06 0,03 
  cs 0,08 -0,16 -0,09 
  cb -0,12 0,18 0,12 
  μ -0,10 0,17 0,10 
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Figure 14. Histograms of the output variables. 
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6 DATA BASED MODELLING 

Next, the possibilities to model the process from simulated data are studied. The substrate 
concentration is the model output, because it is the most important one for process control 
purposes. It can be seen from Figures 9, 10 and 11 that the substrate concentration has a 
great influence on the prevailing operating point of the process. Also, the results of the 
correlation analysis (Table 7) show that the greatest correlation occurs between input and 
output concentrations of substrate. Because there are two distinct operating points for the 
process (Figure 14) the modelling is done separately for both of them. The model 
selection uses the state detection method shown below. Modelling occurs first without 
disturbances and their effect is studied later. 

6.1 Used methods 

Some mathematical tools were used in modelling. Those are briefly described in the 
following. 

6.1.1 The method of least squares 

The method of least squares is used in parameter identification of linear models. The 
model is given by: 
 
 Axy =          (27) 
 
Above, A is the measurement data matrix, y is the output measurement vector and x is the 
parameter vector. The objective is to solve the parameter vector such that the squared 
prediction error is minimized. The cost function for minimization is given by: 
 

 ( )∑
=

−=
n

1i

2
ii ŷyJ         (28) 

 x̂Aŷ =          (29) 
 
The parameter vector minimizing the cost function is solved by (Ikonen and Najim 2002): 
 
 ( ) yAAAx̂ T1T −

=         (30) 
 

6.1.2 Takagi-Sugeno-type fuzzy models 

Generally fuzzy systems include fuzzification, fuzzy inference and defuzzification steps 
(Figure 15) (Driankov et al. 1996). Fuzzy inference utilizes the rulebase comprising fuzzy 
if-then rules such as:  
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 IF <input 1> is Linput 1 AND <input 2> is Linput 2 THEN <output> is Loutput (31) 
 
Above, L represents the linguistic value of a certain fuzzy set (membership function). The 
belonging of a crisp value (measurement) to a fuzzy set is quantified by the degree of 
membership, μ. The degree of membership gets values between [0 1]. In fuzzification, 
crisp values (measurements) are converted to degrees of membership through 
membership functions. An illustration of membership functions and fuzzification is given 
in figure 16. A crisp value of 0,3 belongs to the fuzzy sets “Low” and “High” degrees of 
membership being 0,75 and 0,25 respectively. After fuzzification, the fuzzified inputs are 
introduced to fuzzy inference. A rule is generated by combining different membership 
functions of different variables with logical operators “and” and “or”, thus creating a 
linguistic statement such as equation 31. Rules can be divided into two parts: antecedent 
(conditional part) and consequent. Solving the antecedent part gives a measure of rule 
being eligible (rule firing). In solving the rule firing, T- and S-norms are used to combine 
fuzzified inputs. Different kinds of T- and S-norms can be found from for example 
(Driankov et al. 1996). As the eligibility of rules is defined, the consequent part can be 
solved. In Mamdani-type fuzzy systems, the outputs are also presented as membership 
functions. Thus, each rule gives a fuzzy set as a solution. The rule solutions are 
aggregated and the crisp output is defined with different kinds of defuzzification 
methods. However, defuzzification methods can be complex and computationally 
expensive. Defuzzification methods can be reviewed from for example (Driankov et al. 
1996). In Takagi-Sugeno-type fuzzy systems, the rule consequents are linear functions of 
input variables. Thus, the rule outputs are crisp values instead of fuzzy sets and complex 
defuzzification methods are not needed. Instead, the output of the system is solved as a 
weighted average of rule outputs (Driankov et al. 1996):  
 

 
( ) ( )
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∑
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Above, α is the measure of rule eligibility solved from each rules antecedent part, f is the 
rule output, N is the number of input variables and M is the number of rules. Takagi-
Sugeno-type fuzzy systems can be considered as a multi-model system, where the 
antecedent parts of rules define, which linear model is valid for certain operating 
conditions. Using Takagi-Sugeno-type fuzzy model as a multi-model system has an 
advantage as the changing between sub-models is smooth.  
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Figure 15. General structure of fuzzy systems (Driankov et al. 1996). 
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Figure 16. Fuzzification. 
 

6.2 Models 

Based on the correlation analysis, only one previous measurement is used in modelling. 
Thus, first order models are identified for both operating points. Figure 17 shows the 
behaviour of the substrate concentration to its previous input concentration. Notice that 
the notations are abbreviated as sampling time h is left aside. Visual analysis of Figure 17 
shows the strong linear correlations between variables of interest especially at different 
operating points. Thus, first order models are accurate enough for predicting the substrate 
concentration (Figure 17). The least squares method is used in parameter identification of 
the linear models. The linear regression model for the low conversion area is: 
 
 56,26)1k(c225,1)k(c in,ss −−=       (33) 
 
The corresponding model for the high conversion area is: 
 

636,3)1k(c052,0)k(c in,ss +−=       (34) 
 

6.3 Theoretical approach to state detection 

State detection uses the analytical model and a simple rule-based system. First, a 
theoretical rulebase is developed for the process. It is derived based on the calculations 
and evaluations of the analytical model in chapter 4.  
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Figure 17. Substrate concentration as the function of its previous value.. 
 
 
The threshold values for state detection are specified by equations 24 and 26. Using these 
threshold values process behaviour can be explained by the following two rules:  
 

IF cs,in(cb,max)(k) – cs,in(k) ≥ 0 AND cs(k) ≤ K~K  
THEN 636,3)k(c052,0)1k(c in,ss +=+  

IF cs,in(cb,max)(k) – cs,in(k) < 0 OR cs(k) > K~K     (35) 
THEN 56,26)k(c225,1)1k(c in,ss −=+  

 
The first term of the rule antecedents compares the maximum allowable input 
concentration of substrate (equation 26) to measured input concentration. If this value is 
positive, high conversion can be reached. However, previous substrate concentration 
must be also lower than the limit value specified by equation 24 to reach high conversion 
(see for example Figure 13). The second rule simply states that if either one of above 
mentioned criteria is not satisfied, the process will operate at low conversion area. The 
rule consequents are the regression models for low and high conversion areas (equations 
33 and 34). 
 
The theoretical rulebase is tested through simulation. Figure 18 shows the results. As can 
be seen, process state is not estimated correctly at all time instants. Actually, about 25 
percent of state detections are incorrect as 2000 state detections presented in Figure 18 
include 524 erroneous ones. This indicates that the rulebase is too strict for state 
detection. This can be noticed also directly from the rulebase as it states that once the 
process finds its way to the low conversion zone it never can reach the high conversion 
zone again with inputs specified as in table 6. This is due to the low conversion zone 
model, which states that substrate concentration can not decrease below the threshold 
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value (equation 19) with input substrate concentration being equal to or higher than 35. 
Thus the criterion 
 
 ( ) K~Kkcs ≤          (36) 
 
can be satisfied never again. Seemingly, this is not the case as the high conversion zone 
can be reached even though the criterion above is not satisfied.  
 
 

 
Figure 18. Modelling results with the theoretical rulebase. 
 

6.4 Fuzzy approach to state detection 

A Takagi-Sugeno-type fuzzy model is developed for the process. Figure 17 shows that 
some data points can not be exclusively classified to be either on low or high conversion 
areas. Thus the smooth changing between operating point models is desired. As 
mentioned earlier, Takagi-Sugeno-type fuzzy model is suitable for such a task. 
Furthermore, if the operating point models are used as rule consequents the state detector 
becomes a process model. Prior modelling, the data is further analyzed based on the 
knowledge obtained from the theoretical rulebase model. 

6.4.1 Data analysis 

Data analysis is performed based on the knowledge obtained from the theoretical rulebase 
model. The aim is to evaluate the significance of state determining variables (cs,in, cb,in, V 
and cs). First, data is divided into the low and high conversion zone data sets. Plotting low 
conversion zone data points gives results presented in figure 19. The area depicted in 
figure 19 corresponds to the variable space leading always to high conversion. A 
threshold value for the process operating at low conversion is identified to be:  
 
 ( ) 16cc6,0c,cf in,bin,sin,bin,s1 −−=       (37) 
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Figure 19 shows also that low input concentration of substrate and high input 
concentration of biomass improves the possibility of the process operating at the high 
conversion. Surprisingly, the reactor volume does not have a significant effect on the 
threshold value defined by equation 37. 
 
 

 
Figure 19. Low conversion zone data points. 
 
 
Plotting high conversion zone data points gives results presented in figure 20. The figure 
shows the variable space always leading to low conversion. The threshold value for this is 
given by: 
 
 ( ) 85,259Vc33,3c91,0V,c,cf in,bin,sin,bin,s2 +−−=     (38) 
 
Figure 20 shows that the reactor volume is indeed a significant variable in determining 
the process state.  
 
 

 
Figure 20. High conversion zone data points. 
 



 40

To continue data analysis, the data points satisfying 
 
 0f1 ≤           (39) 
 0f 2 ≥           (40) 
 
are removed. The histograms of the remaining high and low conversion data sets are 
presented in figure 21. The figure shows that low substrate concentration is required to 
reach high conversion. However, low substrate concentration does not necessarily lead to 
high conversion. The histograms indicate that low input concentration of substrate and 
high reactor volume promotes the possibility of the process operating at high conversion. 
Thus, a third threshold value must be defined to distinguish these operating points from 
each other. The threshold value is given by: 
 
 67,11Vc33,3c5f in,bin,s3 +−−=       (41) 
 
The operating points can not be distinguished perfectly with f3 as the data points overlap 
(Figure 22).  
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Figure 21. Histograms of high and low conversion data points satisfying equations 39 
and 40. 
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Figure 22. The values of f3 for data points satisfying equations 39 and 40. 
 

6.4.2 Rulebase from data 

The information from the data analysis presented in the previous chapter is summarized 
in figure 23. If the threshold value f1 is negative, the process operates at high conversion. 
High conversion is reached also if the threshold value f3 is negative and the substrate 
concentration is low. Otherwise the process will operate at low conversion. The rulebase 
is defined based on figure 23 (Table 8).  
 
 

f1 = 0

f2 = 0

High conversion

Low conversion
+

-

f3 = 0

( ) K~Kkcs ≤
f1 = 0

f2 = 0

High conversion

Low conversion
+

-

f3 = 0

( ) K~Kkcs ≤

 
Figure 23. The threshold values defining process state. 
 
 
Table 8. The rulebase from data. 

‘Low conversion’f3 is ‘Positive’4

‘Low conversion’f1 is ‘Positive’ AND f3 is ‘Negative’ AND cs is ‘High’3

‘High conversion’f1 is ‘Positive’ AND f3 is ‘Negative’ AND cs is ‘Low’2

‘High conversion’f1 is ‘Negative’1

THENIFRule

‘Low conversion’f3 is ‘Positive’4

‘Low conversion’f1 is ‘Positive’ AND f3 is ‘Negative’ AND cs is ‘High’3

‘High conversion’f1 is ‘Positive’ AND f3 is ‘Negative’ AND cs is ‘Low’2

‘High conversion’f1 is ‘Negative’1

THENIFRule
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6.4.3 Takagi-Sugeno-type state detector 

Takagi-Sugeno-type fuzzy state detector is developed based on the rulebase presented in 
the previous chapter. The input variables are the substrate concentration and the threshold 
values f1 and f3. The output of the detector is a value between [0 1]. The process operates 
at high conversion if the output is zero and at low conversion if the output is one. The 
membership functions used for input variables are presented in figure 24. The functions 
used in rule consequents are defined to be constants 0 and 1 for low and high conversion, 
respectively. The rulebase is as presented in table 8.  
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Figure 24. Used membership functions. 
 
 
The performance of the developed state detector is tested through simulations. The state 
detector shows good performance as about 10 percent of state detections are erroneous. 
Table 9 summarizes the results of the simulations. The output of the state detector is a 
continuous value between zero and one. In order to obtain results in table 9, the output is 
rounded to closest integer. However, the fact that the estimated state can be other than 0 
or one can be utilized in process control.  
 
 
Table 9. State detections in simulations. 

States High Low All
Observed 190 310 500
Estimated 193 307 500
Erroneous 24 27 51  

 

6.4.4 Takagi-Sugeno-type process model 

The state detector can be easily converted into a process model. Replacing the constants 
in rule consequents with low and high conversion zone models (equations 28 and 29) and 
adding the input substrate concentration as an input variable are only required. The 
rulebase and membership functions are the same as in the state detector. No membership 
functions for substrate’s input concentration are required as it is used only in the rule 
consequents. The process model is tested through simulations. The results are presented 
in figure 25. The correlation coefficient between observed and estimated substrate 
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concentration is 0,90. The mean of the modelling error is -0,7 while the standard 
deviation is 12,8. High standard deviation is explained by the erroneous state detections 
which lead to great modelling error.  
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Figure 25. Observed against estimated substrate concentration. 
 

6.4.5 Model behaviour under disturbances 

The developed process model is tested also under disturbances. The disturbances are 
implemented as variations in the process model parameters. Model behaviour is evaluated 
through statistical values and erroneous state detections. Erroneous state detection is 
identified if the absolute value of the modelling error exceeds 20. This differs from the 
method used in chapter 6.4.3 and thus the results can not be directly compared to those 
presented in that chapter. Table 10 shows the most significant results when K~  is 
changed. The added disturbance follows Gaussian distribution with specified parameters 
(mean and variance). It can be seen that model behaviour degrades with increased mean 
and variance of disturbance. Disturbance mean has a great effect to state detection and 
thus to overall behaviour of the model. Variance can be associated with process noise and 
thus it does not have influence on the mean of the modelling error. However, increased 
variance leads to increased erroneous state detections. Similar results are obtained by 
changing K (Table 11).  
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Table 10. Simulation results when K~  is changed. 

Mean Variance Mean St. dev Correlation % err. state det.
0 0 -0.74 12.76 0.90 5.80
1 0 -3.59 15.17 0.87 8.40
2 0 -8.39 19.77 0.77 14.40
4 0 -16.01 24.71 0.62 26.40
0 0 -0.74 12.76 0.90 5.80
0 1 -0.85 14.39 0.88 8.00
0 4 -0.05 14.30 0.88 8.60
0 9 -0.17 16.03 0.84 11.20
0 16 -0.20 17.17 0.82 14.20

Disturbance Modelling error

 
 
 
Table 11. Simulation results when K is changed. 

Mean Variance Mean St. dev Correlation % err. state det.
0 0 -0.74 12.76 0.90 5.80

0.2 0 -2.61 15.04 0.87 7.40
0.4 0 -4.80 17.68 0.82 9.60
0.6 0 -9.28 22.19 0.72 15.80
0.8 0 -13.35 24.93 0.65 20.80
1 0 -15.83 26.30 0.60 24.20
0 0 -0.74 12.76 0.90 5.80
0 0.04 -0.70 12.99 0.90 6.60
0 0.16 -0.69 13.25 0.90 7.40
0 0.36 -0.83 14.18 0.88 8.00
0 0.64 -1.31 15.29 0.86 8.80
0 1 -1.62 16.27 0.84 10.20

Disturbance Modelling error
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7 CONTROL DESIGNS 

In this chapter, a couple of control designs are proposed for controlling a bioprocess 
described in chapter 5. Both designs aim to maximize the substrate consumption in the 
reactor. This is achieved by operating the process at high conversion zone. First control 
design is based on recycling a fraction of the outlet flow back to the reactor. Thus the 
input concentration of biomass is higher favouring high conversion. The other control 
design utilizes the process model described in chapter 7.3. Based on model output the 
input variables are manipulated in order to achieve high conversion. The normal flow 
rates for the process are 100 and the normal reactor volume is 300. 

7.1 Feedback control based on circulation 

The proposed control design is presented in figure 26. This design includes two 
controllers. The primary controller manipulates the circulation flow Qcir in order to keep 
the substrate concentration low in the reactor. As the circulation flow changes, the reactor 
volume (ie. surface level) changes as well. To avoid uncontrollable changes in the reactor 
volume, an additional controller is needed for input flow rate. The effect of the primary 
controller is two-fold. It increases the input concentration of biomass and also decreases 
the input concentration of substrate. Both of these effects favour high conversion.  
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Figure 26. Control design based on circulation. 
 
 
The primary controller is implemented as a P-controller while PI-control is used in the 
secondary controller. PI-controllers can not be used for both tasks due to instability. P-
controller is used as the primary controller, because the exact substrate concentration may 
be hard to achieve. It is easier to define the set point low enough for achieving high 
conversion even though steady-state error is present.  
 
The controllers are tuned and tested through simulations. The input concentration of the 
biomass is defined to vary between [2 5] thus deviating from the values presented in table 
6. The output flow is defined to be 100. The set points are defined to be 11,8 and 300 for 
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the substrate concentration and the reactor volume, respectively. The input concentrations 
for a short time period is presented in figure 27. The input concentration of substrate 
exhibits great changes between 40 and 90. The defined changes for the biomass 
concentration are almost negligible concerning the overall system. Figure 28 shows the 
system’s response for the changes in the input concentrations. It can be seen that the high 
input concentration of substrate would cause the process to operate at low conversion. 
However, as the substrate concentration in the reactor increases over the set point value 
the primary controller increases the circulation flow forcing the process back to high 
conversion. As the circulation flow is increased, the secondary controller decreases the 
input flow thus eliminating great fluctuations in the reactor volume.  
 
 

 
Figure 27. The input concentrations of substrate and biomass.  
 
 

 
Figure 28. System’s response for the changes in input concentrations. 
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7.2 Model-based control 

The proposed model-based control design is presented in figure 29. Controlled variables 
are the reactor volume and input flow rate. Set points for those controllers are calculated. 
The set point calculation is hierarchical as high conversion is tried to achieve primarily 
by changing the reactor volume. If high conversion can not be reached through volume 
changes with high enough confidence then the input flow rate is changed. The change in 
input flow rate changes the residence time in the reactor. The process model (or state 
detector) presented in chapter 7.3 is utilized in set point calculation. The threshold value 
f3 is of particular interest as it states whether the process operates at low or high 
conversion if the substrate concentration is assumed to be low. The set point calculation 
routine is presented in figure 30.  
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Figure 29. Model-based control design. 
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Figure 30. The set point calculation routine. 
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The calculation of V* simply defines the appropriate reactor volume for f3 equalling zero. 
As the highest possible reactor volume is 325, the calculation of V* can be expressed as: 
 
 ( )325;67,11c33,3c5minV in,bin,s +−=∗      (42) 
 
The calculation of Qin is a bit more complex. The effect of changing the flow rates is 
similar to the effect of changing the reactor volume as both actions change the residence 
time in the reactor. The residence time is given by: 
 

 
Q
Vt res =          (43) 

 
As the residence time has been kept constant so far, the change in the reactor volume can 
be interpreted as the change in the residence time. Thus f3 = 0 can be rearranged to (Q = 
100): 
 

 ( )67,11c33,3c5
100

1t in,bin,sres +−=       (44) 

 
Substituting equation 44 into 43 and noticing that V = 325 due to the hierarchical 
structure of the set up calculation gives: 
 

 
67,11c33,3c5

32500Q
in,bin,s +−

=∗        (45) 

 
However, there exists a computational minimum for Q*. It is due to the denominator of 
equation 22, which must be positive to avoid discontinuity of the model. Thus, the 
minimum of Q* is defined by: 
 

 ( ) ( )
5,93Q

K~K325cVQ s

>→

μ=μ>
∗

∗

       (46) 

 
The control design is tested through simulations. As there is no circulation, the input 
concentration of biomass is defined as in table 6. Table 12 summarizes the results of the 
control design. The table shows that the proposed control design enhances process 
behaviour significantly. The input variables for a short time period are presented in figure 
31. The calculated set points and the substrate concentration are presented in figure 32. 
The output substrate concentration shows a region, where the process operates constantly 
at low conversion. This is due to the assumption that the substrate concentration is always 
low. Thus, once the process degrades to operate at low conversion, the control actions are 
not sufficient for returning the process to high conversion zone. This is natural as the 
proposed control design is of feed-forward type and thus does not have any feedbacks for 
evaluation of the success of control actions. The low conversion region is followed by a 



 49

high conversion region, where the control actions are sufficient to keep the process at 
desired operating point.  
 
 
Table 12. Simulation results without control and with model-based feed-forward control. 

Low High All
No control 311 189 500
FF control 138 362 500

States

 
 
 

 
Figure 31. The input concentrations for substrate and biomass.  
 
 

 
Figure 32. Calculated set points and the output substrate concentration. 
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8 CONCLUSIONS 

The mathematical modelling is very significant in improving the efficiency of 
bioprocesses. This is due to unavailability and unreliability of measurements of key 
variables. In this study, a theoretical, very nonlinear Chemostat model was used to 
evaluate the possibilities of modelling and control of a waste water treatment process.  
 
The steady-state model was derived from the original model and process behaviour was 
analyzed. The model showed that the process was bi-stable thus having two stable 
operating points with the same input concentration of substrate. It also showed that the 
main controlled variable of the process was the concentration of substrate. The dynamic 
model was also derived. It was used in generating data for data-based modelling and 
testing of developed models and control designs. The input variables for data generation 
were randomly taken from a uniform distribution. A correlation analysis was performed 
for the generated data. The results of the correlation analysis showed that measurements 
delayed more than one sampling time (30 minutes) did not have significant effect on the 
state detection.  
 
The first-order models were identified for both stable operating points. The input 
concentration of substrate was only used as an input variable. To distinguish between the 
operating points, a theoretical rulebase was developed for state detection. It was primarily 
based on the analysis performed with the steady-state model. The rulebase was tested 
with rather poor results as 25 percent of the state detections were incorrect. It was noticed 
that the rulebase was too strict for estimating the process state correctly. However, the 
process model based on the theoretical rulebase gave some knowledge about system’s 
behaviour and motivated a more thorough data analysis. The data analysis uncovered 
some important threshold values, which were able to be defined by the state determining 
variables. These threshold values were used in building a new rulebase. A Takagi-
Sugeno-type fuzzy state detector was developed based on the rulebase and tested. The 
state detector showed good results as only 10 percent of the state detections were 
incorrect. Such results were expected based on the thorough data analysis. The state 
detector was further refined to the process model. The process model showed also good 
results with correlation coefficient being 0,9. The Takagi-Sugeno-type process model 
(and state detector) behaviour was also tested under disturbances. The disturbances were 
implemented by changing the model parameters randomly. The results showed that the 
process model is rather sensitive to changes in means of parameter values. However, the 
model remained rather accurate for disturbance with high variance.  
 
Two control designs were developed for the theoretical bioprocess. The first one utilized 
the circulation of process output back to the reactor. The main controlled variable was the 
concentration of substrate, which was controlled by manipulating the circulation flow 
with a P-controller. Another controller was added for the reactor volume to avoid volume 
changes due to the actions of the primary controller. The secondary controller 
manipulated the input flow rate and was implemented as a PI-controller. The actions of 
the presented control design decreased the input concentration of substrate and increased 
the input concentration of biomass if the substrate concentration exceeded the set point 
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value. Both of these effects favoured the high conversion. The results with such a control 
design were very good as the controllers were able to keep the process at high 
conversion. The other control design was a feed-forward model-based control. The 
controlled variables were input and output flow rates. The aim of this design was to 
define such set points for the reactor volume and input flow rate that the process would 
operate at high conversion. The process model was used in set up calculations. The set up 
calculations were hierarchical, because the primary manipulated variable was the reactor 
volume. If high conversion could not be reached with changing the reactor volume, the 
input flow rate was also changed. This control design showed also good results as the 
time of process operating at high conversion was almost doubled.  
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