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Abstract 

Abstract 

Heterogeneous conditions caused by non-ideal mixing could cause worse process 

performances in large-scale reactors compared to lab-scale processes. To date, the industrial 

scale-up process often relies on empirical rules and costly experiments. Mathematical models 

and physical scale-down systems are rarely used for industrial scale-up, especially for 

bioeconomic processes, despite their potential to address scale-up challenges. 

This thesis employs a physical scale-down system with two interconnected stirred tank 

reactors, and a novel mathematical model using a network of zones approach for the 

simulation of non-ideally mixed conditions. Model-based techniques are utilised to design the 

operational strategies in processes under controlled non-ideal conditions. 

Two different research questions were formulated and answered in this thesis: 

1. Is a structured, mechanistic mathematical model, calculating several interconnected 

ideally mixed zones, able to approximate the flow patterns in stirred tank reactors and 

describe the effects caused by non-ideal mixing in biotechnological processes with 

complex kinetics? 

2. How can feeding strategies for biotechnological processes in non-ideally mixed reactors 

be systematically designed? 

To answer the first question, a comprehensive experimental study was conducted with 

19 cultivations in an ideally mixed lab-scale reactor and the non-ideally mixed scale-down 

system. After parameterising the mathematical model with data from 16 experiments, the 

model described the experimental data with high accuracy and was successfully validated with 

data of three experiments. 

The model was also used in a modified model-based design of experiments to maximise 

biomass density under controlled heterogeneous conditions, predicting an experiment with 

high accuracy (R² = 0.94). In a second study, process differences between laboratory and pilot 

scale were investigated. Non-linear model-based predictive control was employed for the first 

time to design a process in the scale-down system, aiming to reduce differences to pilot-scale 

data. The mathematical model was then used to find potential explanations for these 

differences, identifying the different zones (and their volumes) in the large-scale system as the 

probable reason for the performance differences between scales. 

In the future, this combination of physical and mathematical modelling techniques with model-

based control methods may accelerate process development and scale-up, while increasing 

efficiency and reliability.  
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Abstract 

Kurzfassung 

Heterogene Bedingungen, die durch nicht ideale Durchmischung verursacht werden, können 

dazu führen, dass die Prozessperformance in großtechnischen Reaktoren schlechter ist als im 

Labormaßstab. Zudem basiert der industrielle Scale-Up häufig auf empirischen Regeln und 

kostspieligen Experimenten. Mathematische Modelle und physikalische Scale-Down Systeme 

werden nur selten für das industrielle Scale-up verwendet, insbesondere für bioökonomische 

Prozesse, obwohl sie das Potenzial besitzen, die Problematik des Scale-up zu bewältigen. 

In dieser Thesis wird ein physikalisches Scale-Down System eingesetzt, welches aus zwei 

miteinander verbundenen Rührkessel besteht und mit einem neuartigen mathematischen 

Modell kombiniert wird, welches ein „Network of Zones Modell“ verwendet, um nicht ideale 

Mischbedingungen zu simulieren. Modellgestützte Techniken werden eingesetzt, um Betriebs-

strategien unter kontrollierten, nicht-ideal durchmischten Bedingungen zu designen. 

In dieser Arbeit wurden zwei verschiedene Forschungsfragen formuliert und beantwortet: 

1. Ist ein strukturiertes, mechanistisches mathematisches Modell mit mehreren ver-

bundenen ideal durchmischten Zonen in der Lage, Strömungsmuster in Rührreaktoren 

zu approximieren und die Auswirkungen nicht idealer Durchmischung in biotechnischen 

Prozessen mit komplexer Kinetik zu beschreiben? 

2. Wie können Fütterungsstrategien für biotechnologische Prozesse in nicht ideal 

durchmischten Reaktoren systematisch gestaltet werden? 

Zur Beantwortung der ersten Frage wurde eine umfassende experimentelle Studie mit 

19 Kultivierungen in ideal gemischten Reaktoren und dem nicht ideal gemischten Scale-down-

System durchgeführt. Nach der Parametrierung des mathematischen Modells mit Daten von 

16 Experimenten beschreibt das Modell die experimentellen Daten mit hoher Genauigkeit und 

wurde zudem erfolgreich mit Daten aus drei Experimenten validiert. 

Das Modell wurde auch in einer modifizierten modellbasierten Versuchsplanung eines 

Experiments mit dem Ziel der Maximierung der Biomassedichte im Scale-Down System einge-

setzt werden und konnte dies mit hoher Genauigkeit (R² = 0,94) voraussagen. In einer zweiten 

Studie wurden Prozessunterschiede zwischen Labor- und Pilotmaßstab untersucht. Zum 

ersten Mal wurde adaptive, modellbasierte Prozesssteuerung genutzt, um einen Prozess in 

einem Scale-Down System zu entwickeln, der die Unterschiede zwischen dem Scale-Down 

System und dem Pilotmaßstab reduzieren sollte. Das mathematische Modell wurde 

anschließend verwendet, um potenzielle Erklärungen für Unterschiede zu finden, wobei 

verschiedene Zonen (und deren Volumina) im Produktionsmaßstab als mögliche Ursache für 

unterschiedliche Performance identifiziert wurden.  

In Zukunft könnte diese Kombination physikalischer und mathematischer Modellierungs-

techniken mit modellbasierten Strategien die Prozessentwicklung und den Scale-up 

beschleunigen und gleichzeitig deren Effizienz und Zuverlässigkeit erhöhen.   
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Introduction of the art 

1 Introduction 

The process performance on the production scale is often different or even worse compared 

to the laboratory scale (George et al. 1998; Takors 2012). Nonetheless, the scale-up 

procedure of industrial biotechnological processes is often based on rather empirical 

approaches (e.g. constant volumetric oxygen mass transfer coefficient (kLa) or volumetric 

power input) (Yang 2007). According to Formenti (2014), industrial scale-up is rarely but 

increasingly based on mathematical models which consider the interaction between 

process scale and metabolism of cells (Formenti et al. 2014). In academic research, 

mathematical models are employed that integrate biokinetic (mechanistic and/or data-

driven models) with hydrodynamic modelling (e.g. computational fluid dynamics). This 

approach enables the description of large-scale process behaviour using data obtained 

from laboratory experiments (Du et al. 2022; Monsalve-Bravo et al. 2015; Wang et al. 2020; 

Cappello et al. 2021). Nonetheless, industrial scale-up is still expensive, of high-risk, and 

usually more expensive than the development of the lab-scale process (Junker 2004; Crater 

and Lievense 2018). Experiments (e.g., optimisation experiments) in production scale 

reactors are economically not feasible and are performed on the pilot and laboratory scale 

e.g. in physical scale-down models. (Formenti et al. 2014; Neubauer and Junne 2016) 

The performance loss is most likely attributed to non-ideal mixing conditions which cause 

heterogeneities and gradients (heterogenous conditions) within large scale bioreactors. The 

mixing times in production scale bioreactors can be longer than a minute, whereas small 

laboratory reactors are considered to be ideally mixed with mixing times of only a few 

seconds (< 5 s). For yeasts, mostly oxygen gradients and/or substrate concentration 

gradients might influence process performance (George et al. 1998; Larsson et al. 1996). 

Even for well-known microorganisms such as Saccharomyces cerevisiae, lower biomass 

densities are achieved on the production scale as compared to laboratory scale even if 

identical strains of S. cerevisiae and identical substrates are used (George et al. 1998; 

Bohrer 2020).  

Physical laboratory and micro-scale reactors are used for the improvement of process 

understanding and the parameter identification of mathematical process models. Another 

special case of laboratory reactors are physical scale-down models (SDMs). SDMs are 

utilised to replicate large scale, heterogeneous conditions and often are parallelised 

millilitre-scale reactors or consist of two (or more) connected reactors, which are either 

combinations of stirred tank reactors (STR) and plug flow reactors (PFR) or two 

connected STRs. The conditions are controlled to resemble certain effects occurring in 

large-scale reactors such as the size ratio of zones, dissolved oxygen concentrations or 
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mixing time. (Oosterhuis and Kossen 1984; Neubauer and Junne 2016; Nickel et al. 2017; 

Heins and Weuster-Botz 2018; Delvigne et al. 2017) 

Besides physical models, mathematical models are simulating bioprocesses and are able 

to accelerate research and process development by reducing costly and time-consuming 

experiments. Especially, the combination of biokinetics and hydrodynamics has potential 

for the application during scale-up as well as for the optimisation of large-scale production 

processes (Delvigne et al. 2017). The biokinetics form the core of the mathematical model 

and are usually described by systems of ordinary differential equations with a mechanistic 

background or by empirical equations and relationships. The hydrodynamics can be 

calculated using computational fluid dynamics (CFD) or may be accounted for by 

compartment modelling approaches (CMA) (e.g. network of zones) (Delafosse et al. 2014). 

CMA are considering networks of ideally mixed zones. The properties of these zones and 

the exchange flows between zones can be based on experimental observations or CFD 

simulations. CFD simulations are excellent for reactor design and process understanding, 

but their main drawbacks are their complexity, and the computing power required. So far, 

mostly simple biokinetic models have been coupled with hydrodynamic modelling. 

(Formenti et al. 2014; Delvigne et al. 2017; Fitschen et al. 2023) 

The process control strategy must be modified during the scale transfer due to influences 

of the heterogeneous conditions on the process performance. Therefore, the mathematical 

model does not only need to be valid for ideally mixed and non-ideally mixed systems but 

as well for different process control strategies, such as different batch or fed-batch feeding 

strategies. 

The long computation times make an application of biokinetics coupled with CFD and 

detailed CMA models difficult or impossible within algorithms for process control and 

optimisation. This so far untapped direct application potential could be realised through a 

CMA model with a limited number of zones. The application of a CMA model might enable 

parameter identification with data from ideally mixed laboratory processes and from scale-

down models with controlled heterogeneous conditions. For this reason, a new validated 

mathematical model was developed which couples a structured biokinetic submodel with a 

network of zones model.  

Model-based process design as well as the optimisation of the process performance require 

suitable methods (e.g. model-based design of experiments) and are required to be 

performed with experiments on the laboratory scale. The design and optimisation of the 

process is scale-dependent and must lead to a robust process in which small changes to 

the control do not cause large changes to the process performance (Formenti et al. 2014). 

In order to achieve comparable process behaviour and performance in different scales, 
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process operational or control strategies must therefore be adapted to each scale. The 

adaption of these strategies usually necessitates considerable experimental effort, which 

might be reduced through the implementation of adaptive feeding strategies. For this 

reason, the potential heterogeneous mixing conditions must be investigated and described 

with a mathematical model in order to be able to design and optimise the process. 

Possible model-assisted design methods include the calculation and optimisation of fixed-

feeding profiles or adaptive feeding profiles. Fixed feeding profiles are calculated before the 

start of the process and include methods like model-based design of experiments (Möller 

et al. 2015; Moser et al. 2021). In the case of adaptive feeding profiles, new process data 

is acquired and used to identify the model parameters. The adjusted model is then used for 

the calculation of adaptive feeding profiles with strategies like adaptive non-linear model 

predictive control (Witte 1996; Santos et al. 2010; Hass et al. 2013).  

Cultivations in physical bioreactor systems including non-ideal mixing conditions are 

investigated in this work with the assistance of a mathematical process model and the 

utilisation of model-based design methods. This combination has the potential to lead to 

innovative applications for scale-up, scale-down and even optimisation of industrial 

processes based on lab-scale experiments and mathematical modelling. 
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2 State of the art 

The process performance of industrial processes on the production scale, is often different 

compared to the laboratory scale (George et al. 1998; Takors 2012). This difference is 

probably caused by heterogenous conditions, which mainly occur in large-scale production 

systems for example in stirred tank reactors. In this work heterogenous substrate 

concentrations (incl. DO) are defined as non-uniform, locally different substrate 

concentrations in non-ideally mixed bioreactors or bioreactor systems. In non-ideally mixed 

bioreactors, the reactor medium exhibits heterogeneous concentrations which might impact 

the process performance (Enfors et al. 2001; Hewitt and Nienow 2010).  

This is even the case for well-known and industrially relevant processes such as the 

production Saccharomyces cerevisiae, e.g. for the production of commercial and organic 

yeast (as defined in the EU regulation on organic production), including the growth on 

sustainably produced substrates (European Parliament 2018). These industrial 

S. cerevisiae processes are still producing less biomass per reactor volume on the 

production scale compared to the laboratory scale which was reassured by an industrial 

partner. 

For example, George et al. (1998) reported that a S. cerevisiae cultivation in a large scale 

reactor with a volume of 120 m³ had a 7% lower biomass yield compared to a 10 L 

laboratory scale reactor, which was mainly attributed to a substrate distribution in the 

production scale (George et al. 1998).  

Non-ideally mixed conditions might also cause a limitation of oxygen availability (Garcia-

Ochoa and Gomez 2009), population heterogeneities (Heins and Weuster-Botz 2018; 

Lemoine et al. 2017) or the accumulation of byproducts (Junne et al. 2012; Bylund et al. 

1998; Enfors et al. 2001) such as ethanol for yeast cultivations (Sweere and Mesters et al. 

1988). These consequences of heterogeneities often negatively affect the process 

performance (George et al. 1998). 

Therefore, an effective scale-up and scale-down procedure is necessary, ideally with similar 

performances on the large-scale production systems and laboratory scale. Usually heuristic 

approaches are selected and applied, utilising physical scale-up criteria such as geometric 

similarity (Najafpour 2007), volumetric oxygen mass transfer (kLa) (Yawalkar et al. 2002) or 

volumetric power input (Ju and Chase 1992).  

Chapter 2.1 introduces the properties, cultivations, and applications of the selected 

organism S. cerevisiae. Different bioreactor scales are briefly introduced in chapter 2.2. In 

chapter 2.3, relevant scale-dependent effects and gradients are described. In chapter 2.4, 

several types of scale-down models are introduced. This is followed by chapter 2.5 which 

summarises mathematical model types and modelling approaches for cultivations and 
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applications under ideally mixed and non-ideally mixed conditions. The last chapter of the 

state of the art presents different model based control and optimisation methods 

(chapter 2.6). 

2.1 Saccharomyces cerevisiae cultivations 

Saccharomyces cerevisiae (or baker’s yeast) is an industrially relevant microorganism with 

an estimated worldwide production of over 3 million tons (Lesaffre 2020). The industrial 

production of S. cerevisiae is performed mostly with fed-batch processes in large scale 

bioreactors ranging from tens up to over 100 m³. At that scale, non-ideally mixed conditions 

are expected and the resulting gradients might have a negative impact on the process 

performance (e.g. resulting biomass density) (George et al. 1998; Bohrer 2020). 

The main applications of S. cerevisiae are the production of alcoholic beverages like wine 

and beer and the usage in the baking industry. Other applications are the production of 

bioethanol as fuel, as well as biobased alcohols for biosynthesis processes and drug 

production (e.g. recombinant proteins) (Parapouli et al. 2020; Nandy and Srivastava 2018). 

Furthermore, Hirschmann (2021) optimised a whole cell biocatalysis process with 

S. cerevisiae for the production of ethyl(3)hydroxybutyrate (E3HB) (Hirschmann 2021).  

Yeasts are eukaryotic single cell organisms. S. cerevisiae is a well-known yeast and one of 

the most researched microorganisms. As an example, the chromosome III of S. cerevisiae 

became the first completely sequenced chromosome of any organism in 1992 (Oliver et al. 

1992), and the genome was completely sequenced in 1996 (Goffeau et al. 1996).  

The growth of S. cerevisiae (and other yeasts) can be divided into five distinct growth 

phases, which were described by Kolehmainen et al. (Kolehmainen et al. 2003): 

1. Phase: Lag phase (acclimation to new environmental conditions) 

2. Phase: Exponential growth (decreasing glucose and oxygen concentration while 

ethanol is produced) 

3. Phase: Exponential growth (glucose present, with oxygen limitation, while ethanol is 

produced) 

4. Phase: Respiratory growth using both glucose and ethanol carbon substrates. 

5. Phase: Respiratory growth solely on ethanol 

During the 4th and 5th phase growth is decelerated and eventually a stationary phase and 

afterwards a death phase without growth are reached (Herskowitz 1988). 

S. cerevisiae is a facultative anaerobic microorganism and is able to produce ethanol under 

both aerobic and anaerobic conditions (van Dijken et al. 1993). Under anaerobic conditions, 

ethanol is produced through alcoholic fermentation and under aerobic conditions through 

an overflow metabolism when the glucose concentration is above 3.6 mg L-1 to 210 mg L-1 
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(0.02 to 0.85 mM) as shown by multiple research groups (Woehrer and Roehr 1981; 

Rose 1993). The glucose uptake rate under anaerobic conditions might be higher compared 

to aerobic conditions (Hollander et al. 1986). However, more glucose is needed under 

anaerobic conditions for the same generation of energy since only 2 ATP are produced per 

glucose molecule (instead of 36 ATP for the full aerobic respiration of glucose). During 

fermentative growth on glucose, pyruvate is formed through glycolysis which is further 

fermented to ethanol and CO2 (Hollander et al. 1986; Rodrigues et al. 2006). 

S. cerevisiae also produces ethanol under aerobic conditions through an overflow 

metabolism of glucose which is commonly known as the Crabtree effect (Deken 1966; 

Crabtree 1929). At first, the Crabtree pathway may appear inefficient, as it produces only 

2 ATP (equal to fermentation under anaerobic conditions) compared to the direct oxidation 

of glucose (Thomson et al. 2005). However, many yeasts (including S. cerevisiae) have an 

increased tolerance to ethanol of up to 60 g L-1, in contrast to other microorganisms (Casey 

and Ingledew 1986; Thomson et al. 2005; Fleet 1993). Additionally, S. cerevisiae can 

metabolise ethanol for the supply of energy and for biomass growth.  

Historically, this production of ethanol has been used by humankind for consumption and 

preservation and is still one of the main industrial application cases of S. cerevisiae. 

However, in controlled bioprocesses with the aim of maximising the biomass density, the 

Crabtree effect should be minimised in order to optimise biomass growth (Sonnleitner and 

Käppeli 1986; Fiechter et al. 1981; Deken 1966; Lemoigne et al. 1954; Crabtree 1929; 

Thomson et al. 2005). 

The overall metabolic pathway of glucose to ethanol and the pathway of the total oxidisation 

of glucose are: 

If glucose is at low levels under aerobic conditions, S. cerevisiae is able to consume ethanol 

for growth and energy production. The oxidisation of ethanol has the following stoichiometric 

equation: 

This two-phase growth on two different substrates is known as diauxic growth (Battley 1960; 

Lemoigne et al. 1954).  

S. cerevisiae was chosen for the investigations of the influence of heterogeneous 

concentrations (non-ideally mixed conditions) on the process performance because even 

well-known S. cerevisiae cultivation processes often yield lower biomass densities on the 

industrial scale compared to processes on the laboratory scale (George et al. 1998; 

Bohrer 2020). This reduction of the process performance might be caused by gradients 

𝐶6𝐻12𝑂6 → 2 ∙ 𝐶2𝐻6𝑂 + 2 ∙ 𝐶𝑂2  (2.1) 

𝐶6𝐻12𝑂6 + 6 ∙ 𝑂2 → 6 ∙ 𝐶𝑂2 + 6 ∙ 𝐻2𝑂 (2.2) 

𝐶2𝐻6𝑂 + 3 ∙ 𝑂2 → 3 ∙ 𝐻2𝑂 + 2 ∙ 𝐶𝑂2  (2.3) 
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such as dissolved oxygen and substrate concentration gradients within industrial scale 

reactors. One viable way to investigate these heterogeneous conditions is by monitoring 

the ethanol concentration, since ethanol is only produced at elevated glucose 

concentrations or under oxygen limitation. Furthermore, ethanol is consumed at low glucose 

levels under aerobic conditions (Sweere and Matla et al. 1988; Sweere and Mesters et 

al. 1988). In addition, the cultivation of yeast is relatively easy, robust, and short with 

cultivation times of 1 to 2 days. All these features are important for acquiring reliable data 

for the development and adaption of mathematical process models (Karathia et al. 2011).  

2.2 Bioreactor scales  

There are several scales of bioprocesses; the boundaries and transitions between the 

scales are not strictly defined and vary from author to author (Venus and Richter 2007; 

Crater and Lievense 2018). 

The smallest scale are microfluidic devices with volumes close to the volume of single cells. 

This allows for a direct observation of single cell dynamics under accurately adjustable 

environmental conditions. Since single cells are used, the cellular state can directly be 

observed, which is not possible with other bioreactor systems (Dusny and Schmid 2015; 

Täuber et al. 2022). 

Microreactors or millilitre-scale bioreactors range from about 50 µL to 10 mL (e.g. microtiter 

plates). They are often run in parallel and are used for high-throughput screening to test 

microorganisms, improve process efficiency during process development or to determine 

model parameters (Fink et al. 2021; Tajsoleiman et al. 2019). They also might be used to 

provide the inoculum for the next scale (laboratory scale) within seed-trains (Bareither and 

Pollard 2011; Formenti et al. 2014; Weuster-Botz 2005).  

Laboratory scale (lab-scale) reactors are often shake flasks with maximum volumes of 

about 1 L or stirred tank reactors with maximum volumes of about 50 L. One important field 

of applications for lab-scale reactors are assessment of the process performance and the 

optimisation of the process control (Dusny and Schmid 2015).  

Above this range the pilot scale starts. Pilot reactors are defined with varying maximum 

volumes of up to 10 m³ (Crater and Lievense 2018). They are used for process scale-up 

and as a pre-stage of industrial production reactors.  

The production scale starts above 1 m³ depending on the process. Industrial production 

reactors can exceed volumes of above 200 m³ for selected biotechnological processes like 

the production of yeasts (Crater and Lievense 2018; George et al. 1998). 
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2.3 Scale-dependent effects 

With increasing scale of bioreactors, heterogeneities and gradients are probable. These are 

caused by non-ideal mixing, since ideally mixed conditions would require unfeasible power 

input and stirrer speeds. The gradients might be substrate gradients (chapter 2.3.1), 

gradients of dissolved gas concentrations (chapter 2.3.1), and other gradients (e.g. 

gradients of pH value or shear forces) (Lemoine et al. 2017; Bylund et al. 1998; Neubauer 

and Junne 2016) (see Figure 1).  

 

Figure 1: Selection of hypothetical axial gradients and heterogeneities and their exemplary 

& simplified distributions that might be present in large-scale stirred tank bioreactors for 

yeast cultivations. Substrate concentration: Highest at inlet, decreases gradually until nearly 

depletion. Dissolved oxygen concentration: Highest at aeration inlet, raised by hydrostatic 

pressure at bottom and lowered by high metabolic reaction rates at the top. Dissolved 

carbon dioxide concentration: Raised by hydrostatic pressure and metabolic activity. pH 

value: Influenced by controlling agents, mixing times and dissolved oxygen concentration. 

Hydrostatic pressure: Highest in the bottom area of the bioreactor, gradually decreases to 

the top. Shear forces: Force peaks in the immediate vicinity of the stirring levels (graphic 

based on Neubauer and Junne (2016) and further developed with data from 

Oosterhuis (1984)). 

Heterogeneous conditions often occur near the inlet point of the feed medium, aeration gas 

and pH adjustment media (Neubauer and Junne 2016; Bylund et al. 1998). These 

heterogeneities are a major issue during scale-up and ultimately in large-scale production 

systems. They often cause a reduction of the process performance. 

In the case of industrial cultivations of many microorganisms such as S. cerevisiae or 

Escherichia coli, heterogeneous substrate and oxygen distributions in industrial large-scale 

stirred tank reactors are often causing a reduction of the biomass or product yield (Larsson 

et al. 1996; George et al. 1993).  
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Heterogeneous distributions (gradients) of substrate concentrations might cause overflow 

metabolisms and/or inhibition in many different microorganisms. For example, E. coli 

produces acetate under fully aerobic conditions, generally at high glucose uptake rates 

and/or high growth rates (Akesson et al. 1999; Andersen and Meyenburg 1980). 

S. cerevisiae produces ethanol through overflow metabolism when the glucose 

concentration exceeds levels between 3.6 mg L-1 and 210 mg L-1 (Woehrer and 

Roehr 1981; Rose 1993). Both, acetate in E. coli cultivations and ethanol in S. cerevisiae 

cultivations are able to inhibit biomass growth and metabolic activity. Acetate inhibits growth 

and protein formation even at low concentrations of 0.5 g L-1 (Eiteman and Altman 2006; 

Nakano et al. 1997; Koh et al. 1992; Reiling et al. 1985). For S. cerevisiae cultivations 

growth inhibition might start already at ethanol concentrations above 20 g L-1 (Casey and 

Ingledew 1986; Bajaj and Sharma 2010). 

Oxygen limitation affects microbial metabolism and causes anaerobic reactions and stress 

responses that might influence process performance. Some microorganisms are capable 

of surviving and growing under both aerobic and anaerobic conditions. Lactococcus lactis 

and S. cerevisiae are well-known facultative anaerobic microorganisms (Sijpesteijn 1970). 

S. cerevisiae consumes sugar and produces ethanol and carbon dioxide when oxygen is at 

low levels (Battley 1960). L. lactis generates lactic acid from sugar under anaerobic 

conditions. The respirative metabolism of L. lactis produces acetic acid and acetoin at the 

expense of lactic acid production (Cesselin et al. 2018; Kandler 1983). Both microorganisms 

are widely employed for production of fermented food and drinks as well as for food 

preservation (Neves et al. 2005). 

These examples illustrate the relevance of experimental investigations of these gradients 

with regard of the influence on process performance (e.g. biomass growth or product 

formation) (Neubauer and Junne 2016; Bylund et al. 1998).  

The gradients of shear forces also change during scale-up. The power input per volume 

during scale-up usually decreases and the diameter of the impellers increases, resulting in 

lower rotational speeds but increased tip speed of the impeller. This results in high peak 

shear forces but overall lower average shear forces in the large-scale (Humphrey 1998; 

Junker 2004). Simulations of radial and axial shear forces around the stirrer were performed 

for example for Rushton turbines (Torrez and André 1999) and pitched blade turbine 

(Márquez-Baños et al. 2019). 

Kar et al. (2008) investigated the influence of multiple gradients (pH and DO fluctuations, 

as well as methyl oleate dispersion) on the lipase production of Yarrowia lipolytica. 

pH gradients arise because pH-media is added at the top of the reactor. These pH gradients 
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(and methyl oleate gradients) led to a decline in cell growth and enzymatic activity (Kar et 

al. 2008). 

Heterogeneous conditions in reactors regarding limiting substrates, pH or DO are expected 

to increase with scale. (George et al. 1998) 

2.3.1 Heterogeneous substrate concentration 

Heterogeneous conditions (gradients) of substrates are mainly caused by feeding. 

Bylund et al. (1998) determined up to 400 times higher glucose concentrations when the 

feed was located in a stagnant mixing zone around the feeding spot compared to the mean 

concentration for an E. coli cultivation. This substrate gradient resulted in an elevated 

acetate production due to increased overflow metabolism. The increased acetate 

production led to a biomass reduction of up to 20% in a 12 m³ (initial volume of 8 m³) large-

scale cultivation compared to a 3 L (initial volume of 2.5 L) lab-scale process. (Bylund et 

al. 1998) 

Larsson et al. (1996) determined a twice as high glucose concentration (40 mg L-1) at the 

top of a 30 m³ bioreactor (liquid volume: 19.8 – 22.3 m³) compared to the bottom sampling 

level (20 mg L-1) for a S. cerevisiae cultivation. These substrate gradients were more 

pronounced when the feed was located in a stagnant zone at the top, compared to gradients 

of a process where the feed was located in a well-mixed zone around the bottom impeller 

(Larsson et al. 1996). 

George et al. observed glucose and fructose gradients in an industrial 215 m³ production-

scale bubble column reactor with 120 m³ medium volume for a fed-batch production process 

of S. cerevisiae. Sampling was performed at two levels in the production-scale reactor. 

At the bottom sampling level (at 2.7 m) a fructose concentration of up to 150 mg L-1 was 

determined, whereas at the same time at the top sampling (at 6.3 m) level a lower 

concentration of 110 mg L-1 was determined. When compared to a homogeneous 10 L 

reactor using identical strain, medium and process control, the biomass yield in the 

production scale was 6 - 7% lower whereas the maximum ethanol concentration during the 

process was up to 80% higher.  

2.3.2 Heterogeneous dissolved oxygen concentration 

Oxygen gradients may arise in large-scale bioreactors as a consequence of interactions 

between high mixing times, oxygen transfer and kinetics. Oxygen limitation resulting from 

gradients is predominantly occurring when the time constant for the oxygen uptake is 

smaller than the circulation time of the fluid. 

The circulation time is usually determined utilising regime analysis (Amanullah et al. 2004; 

Sweere and Mesters et al. 1988; Sweere et al. 1987; Oosterhuis 1984; Palomares et al. 
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2010). As a general guide, the circulation time 𝑡𝑐 can be determined as one-quarter of the 

mixing time 𝑡𝑀 until the medium is perfectly mixed and no gradients are within the reactor 

medium (Sweere et al. 1987): 

𝑡𝑐 = 𝑡𝑀/4 (2.4) 

In a study by Oosterhuis and Kossen, dissolved oxygen concentrations (DO or pO2) were 

measured at multiple vertical and radial locations in a 25 m³ bioreactor equipped with two 

Rushton turbines. The research revealed that DO ranged from 13 - 22% in direct proximity 

of the impeller down to 0% saturation at the reactor wall. Surface aeration at the liquid-gas 

phase boundary increased the DO again to values up to 8% (Oosterhuis and Kossen 1984; 

Oosterhuis 1984). As a result, cells in bioreactors circulate through and are exposed to 

regions with different dissolved oxygen concentrations. 

Sweere et al. simulated oxygen gradients within a 2 L bioreactor by periodically oscillating 

the oxygen concentration for a S. cerevisiae cultivation. These oscillations caused a 

reduction of biomass growth as well as an increased production of metabolites (acetic acid 

& glycerol) and ethanol. (Sweere and Mesters et al. 1988)  

Heterogenous dissolved oxygen concentrations were also physically measured in 

cultivations with Streptomyces niveus and Streptomyces aureofaciens in bioreactors with 

different sizes, including 112 m³ (Manfredini et al. 1983) as well as 20 L, 250 L and 15 m³ 

bioreactors (Steel and Maxon 1966). However, the axial oxygen gradients observed during 

these fermentations were amplified because the resulting suspensions were highly non-

Newtonian Bingham fluids. The radial gradients in these cultivations were negligible. (Steel 

and Maxon 1966; Manfredini et al. 1983) 

2.3.3 Population heterogeneity 

The concept of population heterogeneity is only briefly introduced in this work, as the 

simulation times of models considering population heterogeneity are usually too time-

consuming for model based process design methods. Segregated, population models were 

therefore not considered in the selection of the mathematical model, and instead an 

unsegregated modelling approach was chosen. Instead, only extrinsic factors such as 

substrate concentration distributions are considered in the model (chapters 2.5.3 and 4.5).  

Population heterogeneity is defined as the unequal behaviour of individuals of an otherwise 

isogenic population and is present in all biotechnological processes, even in ideally mixed, 

homogeneous environments (Schlüter et al. 2015). Nonetheless, heterogeneous conditions 

and the resulting fluctuations experienced by cells can favour the formation of cell 

populations (Heins and Weuster-Botz 2018). These fluctuations might be caused by long 

mixing times above 100 s. These mixing times are multitudes longer than metabolic 
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reactions or gene expression caused by stress reactions generated by the environmental 

fluctuations (Wang et al. 2015; Lara and Galindo et al. 2006). The heterogeneous 

populations might express different yields, productivity, biomass growth or an increased by-

product formation (Lidstrom and Konopka 2010).  

The description of population heterogeneity is a complex process, requiring the comparison 

of multiple individual cells during a cultivation over an extended time period. The 

heterogeneity of a population is influenced by a number of different factors, including the 

growth phases, the age of individual cells, as well as variable external conditions (Martins 

and Locke 2015; Heins and Weuster-Botz 2018). This may result in gaussian or even 

complex multimodal distributions of the cell population with regard to physiological 

parameters like growth, metabolic activity or respiration (Lemoine et al. 2017). 

In S. cerevisiae cultivations the formation of two distinct cellular populations was observed 

during ethanol production of 140 g L-1 in two days under fully aerobic conditions. The 

populations were isolated by centrifugation. The lower fraction was predominantly 

composed of uniform yeasts exhibiting a high respiratory activity whereas the upper fraction 

was heterogeneous in size with a lower respiratory but relatively high glycolytic activity 

(Benbadis et al. 2009). 

The consequences of population heterogeneities of S. cerevisiae may include an increased 

ethanol production and reduced biomass growth (Kortmann et al. 2009). These effects 

could also be direct consequences of non-ideally mixed reactor media. The quantitative 

description of population heterogeneity is complex, and the resulting mathematical models 

usually have long computation times. Therefore, the use of a structured model that does 

not consider population heterogeneity as the initial modelling approach is more suitable for 

the description and model-based control of S. cerevisiae processes under non-ideal mixing 

conditions.  

2.4 Physical scale-down models 

The chemical and physical gradients in large-scale stirred bioreactors may be replicated on 

laboratory scale using physical lab-scale reactors and configurations of multiple connected 

reactors also called (physical) scale-down models (SDMs) (Lara et al. 2016).  

The idea of considering non-ideal mixed conditions with a surrogate reactor model has 

already been proposed in the 1970s by Levenspiel (1972) for chemical reactors. The reactor 

model considers several compartments in order to represent the real non-ideal behaviour. 

For example, a physical mixed stirred tank reactor with a stagnant (dead) zone is 

mathematically represented by an ideally mixed compartment, which is connected to a 

second compartment representing the dead zone. (Levenspiel 1972) 
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This idea was transferred by Oosterhuis (1984) to biotechnological processes in order to 

investigate the influence of gradients which result in environmental fluctuations with scale-

down models (Oosterhuis 1984; Oosterhuis et al. 1985).  

Scale-down models can be grouped into mathematical and physical models. The physical 

scale-down models are described in this chapter; the mathematical models, which include 

CFD simulations and compartmentalised process models, are described in chapter 2.5.4.  

Physical scale-down models can be applied to various bioprocess development stages, 

from upstream cell line selection to growth medium optimisation (Olughu et al. 2019). Table 

1 provides an overview of SDMs which are explained in the following sections. Single 

compartment systems are described in chapter 2.4.1, two-compartment SDMs in 

chapter 2.4.2, and chapter 2.4.3 describes a three-compartment system. 
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Table 1: Examples for physical scale-down models consisting of single compartments, two 

compartments and multiple compartments often consisting of stirred tank reactors (STR) in 

combination with plug flow reactors (PFR). 

 Description Gradient Organism Reference 

Single 

compartment 

scale-down 

models 

(ch. 2.4.1) 

Reactor with 

controlled 

oscillations 

Glucose feeding 

in intervals 
E. coli 

(Lin and 

Neubauer 2000) 

Reactor with 

controlled 

oscillations 

Oxygen 

concentrations in 

oscillations 

S. cerevisiae 

(Sweere and 

Mesters et al. 

1988) 

Reactor with 

installed 

cylindrical discs 

Substrate gradient 

via longer mixing 

times 

Coryne-

bacterium 

glutamicum 

(Schilling et al. 

1999) 

Reactor with 

oscillating control 

and cell retention 

Oscillating pH 

conditions 
C. glutamicum 

(Täuber et al. 

2022) 

Loop reactor with 

forced circulation 

Substrate 

gradients 

Aspergillus 

niger 

(Papagianni et 

al. 2003) 

Two 

compartment 

scale-down 

models 

(ch. 2.4.2) 

STR-PFR 

configuration 
Glucose gradients S. cerevisiae 

(George et al. 

1993) 

STR-PFR 

configuration 

Seven different 

settings with pH, 

glucose, and 

dissolved oxygen 

gradients 

E. coli 
(Onyeaka et al. 

2003) 

STR-PFR 

configuration 
pH gradients 

Bacillus 

subtilis 

(Amanullah et 

al. 2001) 

STR-STR 

configuration 
Oxygen gradients 

Gluconobacter 

oxydans 

(Oosterhuis et 

al. 1985) 

STR-STR 

configuration 
Glucose gradients S. cerevisiae 

(Sweere and 

Matla et al. 

1988) 

STR-STR 

configuration 
Oxygen gradients E. coli 

(Sandoval-

Basurto et al. 

2005) 

STR-STR 

configuration 
Oxygen gradients C. glutamicum 

(Limberg et al. 

2017) 

STR-STR 

configuration 
Oxygen gradients E. coli 

(Lara and Leal 

et al. 2006) 

Multiple 

compartment 

systems 

(ch. 2.4.3) 

PFR-PFR-STR 

configuration 

Oxygen and 

substrate 

gradients 

C. glutamicum 
(Lemoine et al. 

2015) 



 

 

15 

 

State of the art of the art 

2.4.1 Single compartment physical scale-down models 

Figure 2 depicts schematic graphics of representations of physical single compartment 

scale-down models (see also Table 1 for examples).  

 

Figure 2: Examples of different scale-down models with a single reactor: a) Stirred tank 

reactor (STR) with oscillating control (e.g. feed) (Sweere and Matla et al. 1988); b) STR with 

installed cylindrical discs (Schilling et al. 1999); c) Plug-flow reactor with oscillating control 

and cell retention (Täuber et al. 2022); d) Loop reactor with forced circulation, valve for 

feeding and sampling (Papagianni et al. 2003). 

One of the most common single reactor scale-down models is a stirred tank reactor (STR) 

with controlled oscillations, which might be oscillations of the substrate or oxygen 

concentration (Figure 2a) (Lin and Neubauer 2000; Sweere and Matla et al. 1988). Other 

examples of scale-down models with one compartment include single STRs with installed 

cylindrical discs to prolong mixing time (Figure 2b) (Schilling et al. 1999), plug flow reactors 

(PFR) with cell retention and oscillating control (Figure 2c) (Täuber et al. 2022) as well as 

loop reactors where the cultivation broth circulates (Figure 2d) (Papagianni et al. 2003). 

Single reactor with controlled oscillations: 

Lin and Neubauer (2000) compared the results of a recombinant E. coli culture in an STR 

with oscillations through glucose feeding in fast (1 min) and slow (4 min) intervals against 

continuous glucose feeding. The results indicated a reduction in product (α-glucosidase) 

stability. (Lin and Neubauer 2000) 

Sweere et al. (1988) changed the oxygen concentration periodically for a S. cerevisiae 

cultivation by switching between air and nitrogen in the inlet gas flow. Oscillations of 1 min 

and 2 min led to a reduced biomass growth as well as an increased production of 

metabolites (acetic acid & glycerol) and ethanol. (Sweere and Mesters et al. 1988) 

Reactor with installed cylindrical discs: 

A 42 L STR with six stirrers and five cylindrical discs was designed by Schilling et al. (1999) 

for the scale-down of mixing time dependent cultivations. The installation of these discs 

resulted in an increase of the mixing time from 10 s to 130 s while the power input per liquid 

Substrate-Feed

time

x(t) Substrate-Feed

a) b) c)

time

x(t)

d)



 

 

16 

 

State of the art of the art 

volume remained constant. A fed-batch experiment with C. glutamicum was performed 

where the limiting substrate was fed onto the liquid surface. The 13 times longer mixing 

time, led to a reduced sugar and ammonium consumption rate, along with a decreased 

biomass growth and product formation (L-lysine). (Schilling et al. 1999) 

Reactor with oscillating control and cell retention: 

Recently Täuber et al. (2022) published a special scale-down model and compared it to an 

STR-STR configuration (see section 2.4.2) for C. glutamicum cultivations. The scale-down 

model is a single compartment “dynamic Microfluid reactor for Single Cell Cultivation” 

(dMSCC). The reactor is consisting of three zones, one zone with oscillating pH conditions 

and two control zones, with continuously high and low pH values. Oscillations of 

pH conditions (8 min at pH 7 & 2 min at pH 6) resulted in a reduced growth rate of 21% and 

the STR-STR configuration of 27% compared to homogeneous conditions at pH 7. (Täuber 

et al. 2022) 

Loop reactor with forced circulation: 

Papagianni et al. (2003) designed a tubular loop reactor that employs a peristaltic pump for 

circulation of the reactor medium. The system was utilised for the aerobic cultivation of 

Aspergillus niger. The reactor produces comparable biomass and citric acid curves, when 

compared to a 10 L stirred tank reactor with a similar mixing time. The cultivation results 

indicate a reduced citric acid production with increasing circulation times. When the 

circulation time was increased from 11 s to 40 s, the citric acid production was halved. 

(Papagianni et al. 2003) 

2.4.2 Two compartment physical scale-down models 

Two compartment scale-down models were originally proposed by Oosterhuis (1984) to 

study large-scale production bioreactors on laboratory scale (Oosterhuis 1984). These 

compartments are representing different zones of the production scale reactor e.g. the well 

mixed zone around the stirrer and the more stagnant zone at the top of the large-scale 

reactor (Lara et al. 2016). Figure 3 displays two common scale-down models consisting of 

two compartments. 
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Figure 3: Examples of scale-down models with two compartments: a) STR with a PFR 

(George et al. 1998); b) two connected STRs (Oosterhuis 1984) 

In both the STR-PFR and the STR-STR combination the cultivation broth is circulated 

between the two compartments. The circulation times and resulting mixing times are crucial 

settings of these systems. The plug flow reactor might be aerated and might include static 

mixers (Onyeaka et al. 2003). The inlet of the substrate feed could be positioned before the 

PFR or in the STR (George et al. 1998).  

2.4.2.1 Scale-down model with a STR-PFR configuration: 

The STR-PFR system is the most common scale-down model combining a plug flow reactor 

with time and space dependent concentration profiles with a stirred tank reactor. The PFR 

represents the zone where the feeding or air inlet is located in large-scale production 

system; the STR the well-mixed homogeneous zone around the stirrer (Papagianni 2015; 

Heins and Weuster-Botz 2018). 

An STR-PFR configuration was utilised by George et al. (1993) to analyse the aerobic 

ethanol production by S. cerevisiae. The medium was circulating between the PFR and 

STR; the feeding was located at the inlet of the PFR. This process was compared to a 

cultivation in the STR under good mixing conditions. The heterogenous glucose distribution 

in the PFR caused a decrease in biomass growth of 6%, a reduction in the sugar uptake 

rate and an increase in ethanol production. (George et al. 1993) 

Onyeaka et al. (2003) combined a well-mixed 5 L stirred tank reactor with a plug flow reactor 

for the cultivation of E. coli. The system was operated at seven different settings regarding 

pH, glucose concentration, and dissolved oxygen concentration. The obtained results were 

compared to those of a 5 L well-mixed stirred tank reactor and a 20 m³ large-scale reactor. 

The results indicate that the highest similarity occurred when the PFR experienced a high 

glucose concentration coupled with a low DO with a residence time in the PFR of 50 s and 

pH 7 in the whole scale-down system. (Onyeaka et al. 2003) 

a) b)

STR PFR STR 1

STR 2

STR 2
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Amanullah et al. (2001) investigated the effects of pH gradients on a B. subtilis culture, 

which is sensitive to pH levels. The STR was kept at pH 6.5; with NaOH addition between 

the STR and PFR. While the maximum biomass was unaffected by the pH gradients, there 

were significant changes to other factors such as product formation or acetic acid 

concentration. (Amanullah et al. 2001) 

2.4.2.2 Scale-down model with a STR-STR configuration 

Oosterhuis et al. (1985) developed an STR-STR system with heterogenous dissolved 

oxygen concentrations and compared it to a single bioreactor system with fluctuating DO 

concentrations. The results highlight that not only the residence time is important, but as 

well the flow rate between the reactors and how much oxygen is transferred from the 

aerated to the unaerated reactor. Oosterhuis et al. also carried out optimisation experiments 

via gassing one reactor with pure oxygen, which resulted in irreversible damage to the cells. 

(Oosterhuis et al. 1985) 

Sweere et al. (1988) employed an STR-STR system to investigate the impact of fluctuating 

glucose concentrations for different circulation rates and reactor volume ratios on 

cultivations of S. cerevisiae. The heterogeneous substrate concentrations in the system are 

caused by feeding into only one of the reactors. Experiments with a circulation time of 6 min 

resulted in a decreased biomass concentration of more than 20% and an increased ethanol 

production compared to a process in a single bioreactor. (Sweere and Matla et al. 1988) 

Sandoval-Basurto et al. (2005) simulated the effects of oxygen gradients regarding E. coli 

cultivations by keeping one STR under aerobic and the other under anaerobic conditions 

for different circulation times. The growth rate of E. coli was reduced by 30% at a circulation 

time of 180 s. The negative effect on biomass yield and product (pre-proinsulin) yield was 

even higher. An accumulation of acetic acid, lactic acid, formic acid and succinic acid 

indicated that the anaerobic metabolism was responsible for the reduction of the growth 

rate and product yield. (Sandoval-Basurto et al. 2005) 

Limberg et al. (2017) cultivated a strain of C. glutamicum in a STR-STR two-compartment 

scale-down model, with one STR featuring oxygen limitation. The residence time was set 

to approximately three minutes to simulate heterogenous dissolved oxygen concentrations 

on the industrial scale. No impact on biomass growth and target product 

(1,5-diaminopentane) formation was observed but the heterogeneous DO demonstrated a 

clear influence on the build-up of glycolytic intermediates and side products. Overall, the 

experimental setup provided insights into the cells’ behaviour under a large scale 

environment. (Limberg et al. 2017) 

Lara et al. (2006) cultivated recombinant E. coli in an STR-STR scale-down model under 

heterogeneous DO concentrations as expected in large-scale reactors. Molecular 
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phenomena (transcription) and macroscopic data e.g. regarding kinetic rates or 

stoichiometric coefficients are presented in this study. The results indicate that all products 

are produced during oscillating DO (dissolve oxygen tension) conditions of mixed-acid 

fermentation. Furthermore, the study reveals that certain genes are affected by oscillating 

DO environment, whereas other relevant genes remain unaffected. (Lara and Leal et 

al. 2006) 

2.4.3 Three compartment physical scale-down models 

Lemoine et al. (2015) developed a new three compartment scale-down (Figure 4) model 

consisting of two PFRs and one STR. This scale-down model was developed with the aim 

to replicate three distinct regions of a large-scale production reactor with a substrate feed 

situated at the bottom. 

 

Figure 4: Scale-down model consisting of two PFRs and a STR (Lemoine et al. 2015) 

This setup is designed to mimic three zones of industrial bioreactors, a relatively stagnant 

zone at the top, a stagnant zone at the bottom with high substrate concentration as well as 

the well-mixed zone around the stirrer. The representation of those three zones is not 

possible with two-compartment scale-down systems. 

Lemoine et al. (2015) compared the results of a fed-batch cultivation of C. glutamicum with 

cultivations performed in an STR-STR scale-down model. The substrate was solely fed into 

one PFR, and both PFRs were not aerated. The process in the three compartment system 

produced more lactate and succinate as well as other metabolites. However, there was no 

significant impact on the overall bacterial growth. (Lemoine et al. 2015) 

2.4.4 Comparison of physical scale-down systems 

All presented bioreactor systems are able of simulating certain conditions of large reactors 

on a laboratory scale with different focuses and characteristics. 

STR PFR 2PFR 1
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Single bioreactors (PFR and STR) with oscillating control and looped reactors offer the 

possibility of precisely timed and controlled environments. However, in reality, the residence 

times in the respective conditions are less precise and harmonised which can be achieved 

with a single bioreactor with prolonged mixing times or with combinations of two reactors. 

Single bioreactors might be installed with discs or other installations to prolong the mixing 

time (Schilling et al. 1999). However, they are difficult to describe with simple mathematical 

models and complex CFD simulations may be needed to obtain information about the fluid 

dynamics and conditions within this bioreactor type.  

The advantage of the STR-STR configuration in comparison to the STR-PFR configuration 

is the possibility of featuring two well-defined and controlled environmental zones. The 

reactors in the STR-STR configuration are able to exhibit different liquid volumes. Other 

options are, that only one reactor might be aerated, or the inlet gas composition might be 

adapted to simulate oxygen gradients of large-scale systems. The microorganisms circulate 

through the systems throughout the cultivations experiencing heterogeneous conditions 

(Sandoval-Basurto et al. 2005; Lara et al. 2016; Limberg et al. 2017). In other cases the 

substrate is fed into only one compartment to simulate substrate gradients (Sweere and 

Matla et al. 1988). Main advantage of the STR-PFR system is the possibility of setting a 

defined residence time and defined substrate/oxygen gradients in the plug flow reactor 

which is not feasible in the STR-STR system (George et al. 1993). 

The STR-STR system facilitates the experimental investigation of controlled heterogenous 

dissolved oxygen and substrate concentrations which could also simultaneously occur. 

These possible heterogeneities are likely to be critical for the performance of industrial 

S. cerevisiae processes. In addition, for a simulation of two connected bioreactors both 

individual bioreactors could be approximated as ideally mixed. The resulting model would 

be simpler and faster than potential models of the STR-PFR system and consequently of 

the three-compartment STR-PFR-PFR system. For these reasons, an STR-STR 

combination was chosen for the experimental investigations during this work (see 

chapter 4.3.2 for a detailed explanation and specifications). 

One aim of this work is to answer the question how cultivations in this STR-STR system 

can contribute to finding explanations for the effects of heterogeneities on the production 

scale. This investigation will be supported by a mechanistic, mathematical model that 

simulates the cultivations in the STR-STR scale-down model (chapter 2.5). It should also 

be researched, if cultivations in this physical scale-down system can be designed using 

model-based bioprocess design strategies (chapter 2.6). 
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2.5 Mathematical process models in biotechnology 

In this thesis, a novel mathematical process model shall be presented that can be employed 

to simulate biotechnological cultivation processes under non-ideally mixed conditions. The 

mathematical model must be able to describe all relevant determinable effects of 

S. cerevisiae processes under homogenous and heterogenous conditions with a satisfying 

precision. Ideally, it should also be usable for model-based control methods of processes 

performed under non-ideal mixing conditions. 

The development and validation procedure of biotechnological process models is described 

in chapter 2.5.1. In most cases, process models can be categorised into a model structure 

and submodel framework, which is presented in chapter 2.5.2. Various different model types 

(and models) exists (chapter 2.5.3), which are capable of simulating bioprocesses and have 

different performance characteristics (chapter 2.5.3.4).  

Computational-driven (in silico) design and experimentation are also crucial factors that 

leverage recent advantages in both scale-up and scale-down (Formenti et al. 2014; 

Delvigne and Noorman 2017). For this purpose, mathematical models are employed that 

are able to simulate non-ideally mixed (heterogeneous) conditions. Different model types 

are presented: approaches utilising CFD simulations (chapter 2.5.4.1) and 

compartmentalised models (chapter 2.5.4.2), as well as combinations of both. 

From the presented model types and modelling methods, one was selected that meets the 

requirement of being able to simulate processes with non-ideally mixed conditions and be 

used for model-based control and optimisation methods. Detailed explanations for the 

selection of the mathematical model are outlined in the chapters 2.5.3.4, 4.5 and 5.2. 

These model-based methods play a key role in modern bioprocess control and optimisation 

(chapter 2.6). For this reason, two strategies for the model-assisted design of processes 

are presented, which were modified and applied during this thesis: Nonlinear model 

predictive control (NMPC) (chapter 2.6.1) and model-assisted Design of Experiments 

(mDoE) (chapter 2.6.2). 

2.5.1 Model development and validation process 

The model development process must begin with the clear definition and establishment of 

a goal and purpose of the model. The model development can either start from nothing or 

an existing model can be extended, modified, and/or adapted. The complexity of the 

resulting mathematical model is a consequence of the definition of the goal and purpose. 

In general, mathematical models should always be as simple as possible, but as complex 

and detailed as necessary (Moran and Ostrom 2005; Bailer-Jones 2017; Robinson 2018). 
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Workflows were developed to standardise and facilitate the procedure of model 

development for biotechnological processes (Moser 1988; Kroll et al. 2017; Almquist et 

al. 2014). Figure 5 illustrates a simplified model development workflow based on Sixt et al. 

(Sixt et al. 2018) which was slightly modified during this work (Moser et al. 2020). 

 

Figure 5: Simplified modelling workflow for mechanistic process models used as a basis in 

this work (dashed arrows are alternative paths). 

The goal encompasses a comprehensive and detailed description of the process that is to 

be modelled and a definition of the system boundaries (Daume et al. 2020). Possible 

purposes might be the utilisation of the mathematical model in bioprocess control and 

optimisation or as a soft sensor. In the context of this work, the model shall be usable in 

processes under heterogeneous conditions and for cultivations within two interconnected 

stirred tank reactors. The defined goal and the system boundaries derived from the process 
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description can also be modified and adapted during model development (and process 

development) if required. 

The process description includes all relevant cause-effect relationships and control 

variables. This requires the identification and analysis of typical, relevant atypical and 

special cultivations, which shall be described by the model. The necessary process 

variables, parameters, input/outputs of the model and boundary conditions are defined and 

derived from the description. Based on this information the kinetics, metabolic pathways, 

and reaction schemes are selected, formulated, and implemented into the mathematical 

model. The result is the first running version of the model. This model is tested for the model 

integrity, which checks if the model is producing reasonable simulation results. 

A rudimentary parameterisation of the model is performed based on literature or historical 

data. Afterwards, a sensitivity analysis is frequently conducted, where individual parameters 

and values might be modified one at a time. The results of the sensitivity analysis are used 

to test the model simulations for the general plausibility. If the simulation results do not meet 

expectations and are not plausible, it may be necessary to update the initial parameter set, 

introduce and implement new process variables and/or modify or expand the model 

equations. (Moser 1985; Schaich et al. 2001; Leifheit et al. 2007; Sixt et al. 2018; Daume 

et al. 2020) 

If the plausibility test is successful, experimental conditions and settings are planned. These 

experiments are often designed with empirical methods such as one factor at a time (OFAT) 

or design of experiments (DoE) approaches (Lee and Gilmore 2006; Franceschini and 

Macchietto 2008). The planning phase might also already be assisted by the mathematical 

process model (e.g. through determining or approximating reasonable boundaries of the 

experimental design space). The model development, parameter identification and 

sensitivity analysis could also be supported by model-based design of experiments methods 

(Cenci et al. 2023; Franceschini and Macchietto 2008). 

Afterwards, the experiments are carried out and offline as well as online data are 

determined. The newly acquired experimental data are utilised to identify the model 

parameters. Optionally, initial values of process variables could be identified to improve the 

quality of the identification. The parameter identification needs a quality function which 

should be minimised or maximised during identification. For example, the simplest case 

would be the minimisation of the sum of the absolute differences between experimental and 

simulated data or more complex the maximisation of the coefficient of determination R² 

(chapter 4.6.2). In this this work the weighted mean squared deviation is minimised (WMSD; 

explained in chapter 4.6.1), which calculates the squared difference between experimental 

and simulated data points and applies a weighting value for each comparison The WMSD 



 

 

24 

 

State of the art of the art 

is minimised using a downhill simplex method (based on the Nelder-Mead algorithm) 

(Nelder and Mead 1965).  

After identification, the model precision/accuracy is evaluated. This is most of the time 

qualitatively done by calculating the coefficient of determination R². A purely quantitative 

evaluation of the "fit" may not be sufficient to assess the quality or precision of a model. For 

this reason, the quality of the identification should always additionally be checked by 

visualising data and comparing the experimental and simulated data graphically. If the 

model does not meet the predetermined precision (e.g. determined by calculating the 

coefficient of determination R²), it needs to undergo a reparameterisation or even more 

likely, modification and/or extension. These steps are crucial for achieving a well-adjusted 

and calibrated model. (Schaich et al. 2001; Sixt et al. 2018) 

The last step involves the model validation, where the model is utilised to simulate entirely 

new experimental conditions that are not covered by the data used for the parameter 

identification. The model is used to predict state variables and measurements. The 

experimental conditions might be determined with the application of model-based design 

and optimisation methods (chapter 2.6). The outcomes of these experiments are compared 

with the already acquired simulated data. Achieving the required level of precision indicates 

that the model accurately reproduces experimental data and possesses the ability to make 

reasonable predictions. If the required level of precision is achieved, the model is deemed 

validated. (Moser 1985; Sixt et al. 2018) 

This workflow was followed during the development and validation of the novel 

mathematical model to simulate S. cerevisiae cultivations in homogeneous and controlled 

heterogeneous (non-ideally mixed) environments (chapters 5 to 8). 

2.5.2 Model structure and submodel framework 

One approach to facilitate model development is by organising the model structure. This 

can be done in the form of a shell structure as proposed by Blesgen, Hass and Kuntzsch 

(Blesgen and Hass 2010; Kuntzsch 2014). The shell structure is consisting of six shells, the 

biokinetic submodel, physico-chemical submodel and reactor submodel, as well as the plant 

and periphery model, control and automation model and the real-time connection to the 

physical bioreactor (Figure 6). 
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Figure 6: Shell structure of basic process models, advanced process models and full Digital 

Twins containing the biokinetic, physico-chemical and reactor submodel, as well as the 

plant and periphery model, control and automation model and the (real-time) connection to 

a physical plant. Based on Blesgen and Kuntzsch (Blesgen and Hass 2010; Kuntzsch 2014) 

The inner core within the shell structure is the biological submodel which calculates the 

biomass growth rates, as well as uptake and production rates of metabolites based on 

kinetics, involving inhibition and limitation terms. These kinetic equations are frequently 

integrated directly into the mass and/or concentration balances of the reactor submodel. 

Consequently, there is not an essential requirement for a definite distinction between 

reactor and biological submodels. If the reactor and biological submodels are separated, 

the resulting rates derived from the biological part are transmitted to the reactor submodel. 

Types of biokinetic submodels (e.g. mechanistic and empirical) are presented and 

explained in chapter 2.5.3) (Himmelblau and Riggs 2012; Chmiel et al. 2018). 

The second layer of the shell structure contains the physico-chemical submodel. This 

submodel calculates the rates of change of physico-chemical variables such as medium 

temperature, pH value, dissolved oxygen concentration, gas-phase concentrations, foam 

level etc. Physico-chemical variables might be simulated since they contain valuable 

process information which are frequently available in the form of continuously recorded and 

swiftly available online-data. Applying physico-chemical submodels allows for the usage of 

these data and process knowledge to identify parameters. This might improve parameter 

identification, if the data contains useful information, but might also impede 
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parameterisation, as the number of identifiable parameters and the models’ simulation time 

increase. (Blesgen and Hass 2010; Hass 2016; Brüning 2016) 

The reactor submodel contains differential equations that compute the values of all physico-

chemical and biokinetic variables (e.g. biomass and metabolites) from the rates calculated 

in the biokinetic and physico-chemical submodel. These three submodels are forming the 

basis of advanced process models (Moser et al. 2024). These advanced process models 

are well suited for the application during process development and for model-based control 

and optimisation methods. The further development to full Digital Twins briefly outlined 

below was not necessary for the fulfilment of the objectives defined in the context of this 

work. (Blesgen and Hass 2010; Moser et al. 2020) 

Various authors and research groups have published definitions for Digital Twins 

(Glaessgen and Stargel 2012; Grieves 2015, 2016; El Saddik 2018; Zobel-Roos et 

al. 2019). Consensus between authors is that Digital Twins are detailed digital replications 

of physical entities with data transfer between the physical and digital entities (El 

Saddik 2018). For this reason, besides the advanced process model, a plant and periphery 

model, a control and automation model and the (real-time) connection to the plant might be 

needed to obtain a Digital Twin. The plant and periphery model describes the periphery 

connected to the bioreactor such as pumps, tanks, valves, or pipes. The control and 

automation methods of the physical twin are realised in the control and automation model. 

Here, control strategies can be tested and transferred to the physical bioreactor. (Blesgen 

2009; Appl et al. 2021; Moser et al. 2020; Appl 2023) 

2.5.3 Mathematical (biokinetic) model types 

Mathematical process models can be categorised as mechanistic, empirical and hybrid 

models (see Figure 7) (González-Figueredo et al. 2019; Craven et al. 2013). This applies 

to advanced process models but also to the respective submodels (e.g. biokinetic, physico-

chemical submodels and reactor submodels). The model types presented in this chapter 

are mainly based on the example of biokinetic models. 

 

Figure 7: General classification of process models into mechanistic and empirical models. 

Mechanistic models incorporate process knowledge and are derived from mechanical, 

physical, chemical, and biochemical relations and equations (Schubert et al. 1994). They 

are classified as structured or unstructured models, which are further subdivided into 
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segregated (e.g. population models) and unsegregated models (Bailey 1998). Empirical 

models are purely data driven process models or derived from process knowledge that rely 

solely on the processing of information, such as artificial neural networks (ANN) or statistical 

models (Doherty et al. 1997; Ronen et al. 2002a; Schubert et al. 1994; Stosch et al. 2014). 

Heuristic process knowledge can be included into process models in the form of fuzzy sets 

including thresholds for inhibition, limitation and/or optimal temperature, pH and DO ranges. 

(Zadeh 1965; Konstantinov and Yoshida 1990; Kosko 1992). Hybrid models combine the 

mechanistic and empirical approaches into one process model (see Figure 7) (Stosch et 

al. 2014). 

2.5.3.1 Mechanistic models 

Mechanistic models used for biotechnological processes are based on biochemical and 

physical principles. This facilitates the description of cause-and-effect relationships and 

enables the possibility of reasonable extrapolation beyond the data used for the 

identification of the model. Non-mechanistic models, on the other hand, strictly speaking, 

only allow for interpolation within the data used for the identification of the model. 

Mechanistic models can be categorised into structured and unstructured models as well as 

non-segregated and segregated models (see Figure 8).  

 

Figure 8: Classification of mathematical, biotechnological process models into unstructured 

and structured as well as non-segregated and segregated models. (Bailey 1998) 

Structured models divide the cellular structure into different compartments; each composed 

of different cellular components with specific functions. In contrast, unstructured models 

view cells as homogeneous. Both structured and unstructured models can be subdivided 

into segregated and non-segregated models. Non-segregated models consider all cells to 

be identical and in the same state (e. g. in the same metabolic state), whereas segregated 

models considers that cells are different from each other and thereby establish cell 

populations (Tsuchiya et al. 1966; Fredrickson et al. 1970; Ramkrishna 1979; Bailey 1998).  
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Unstructured models 

Unstructured, non-segregated models assume that all cells are in the same physiological 

state and model them as black boxes. Only extracellular factors have an influence on the 

growth and metabolism of cells in unstructured models. The most well-known and prevalent 

model is the Monod-Model (Monod 1949), where the growth limiting factor is the 

concentration of a single substrate. There are several other unstructured kinetics primarily 

influenced by substrate limitation (Blackman 1905; Teissier 1936; Moser 1958; Ming et 

al. 1988). The Monod-Model model has been extended multiple times to incorporate effects 

such as substrate or biomass inhibition (see Figure 9) (Contois 1959; Andrews 1968). 

 

Figure 9: Selection of kinetic expressions used in unstructured models. All displayed 

graphs are for half saturation constants Ks with numerical values of 0.1 and their 

corresponding units (Blackman 1905; Teissier 1936; Monod 1942, 1949; Moser 1958; 

Contois 1959; Andrews 1968; Ming et al. 1988). 

Few model parameters and the generally low complexity of unstructured models accelerate 

and facilitate model development. In comparison to other model types, unstructured models 

can be parameterised with a limited amount of process data. As a result, it is possible to 

employ them during early stages of process development. Simple unstructured models 

have limitations in describing complex growth and metabolic behaviour, such as transitions 

between growth phases, different growth patterns, and their influence on biocatalytic and 

metabolic rates. They are primarily suited for the quantitative reproduction of cultivations. 

Unstructured models are mainly utilised to describe individual effects of microbiological 

cultivations, such as substrate limitation or product inhibition. Several studies have 

Blackman (1905) Teissier (1936)

Andrews (1968)

Contois (1959)

Subtrate limitation

Subtrate limitation

+

Substrate inhibition

Subtrate limitation

+ 

Biomass inhibition

Monod (1949) Moser (1958) Ming (1988)

Monod style kinetics



 

 

29 

 

State of the art of the art 

extended unstructured models to encompass more effects (Sonnleitner and Käppeli 1986; 

O'Neil and Lyberatos 1990). Despite yielding favourable results, these extensions elevate 

the complexity of the models and thereby diminishing and compromising the core 

advantage of unstructured models. 

One of the most known unstructured models for S. cerevisiae was developed by Sonnleitner 

et. al (1986), which incorporates stoichiometric equations for the growth of S. cerevisiae on 

glucose and ethanol. The model includes different oxidative metabolic pathways, with and 

without ethanol production and for reductive metabolism for growth on ethanol. Glucose 

and ethanol uptake rates are modelled by Monod kinetics while the oxygen uptake is linearly 

correlated with the glucose uptake rate during oxidative metabolism. Ethanol is only 

consumed when glucose levels are low. Overall, this unstructured model can successfully 

describe yeast cultivations with good agreement between determined and simulated data. 

However, the model is only capable of modelling the growth phase of yeast. A lag-phase, 

stationary phase or death phase are not considered. Furthermore, the inhibition by ethanol 

and other influences on relevant rates were also not included in this model at this stage. 

(Sonnleitner and Käppeli 1986)  

Structured models: 

In structured models, the cells are not viewed as homogeneous. Instead, the biomass is 

divided into compartments with distinct functions. This allows for the description of changes 

in cell properties, while all cells are identical and change as one in time. Structured models 

are more complex than their unstructured counterparts and have an increased number of 

model parameters. 

Williams (1967) proposed a structured model for the universal features of cell growth from 

the lag-phase to the stationary phase. The model divides the biomass into two portions, 

a synthetic portion and a structural/genetic one. The synthetic portion is fed by an available 

substrate, and the structural portion is fed from the synthetic portion. Cell division is only 

possible when the structural portion has doubled, independent of the state of the synthetic 

biomass portion. (Williams 1967) 

Zeigler and Weinberg (1970) developed a technique for aggregating multiple cell 

compounds into single compartments for bioprocesses with E. coli. The model considers 

mass balances of these biomass compartments and of extracellular variables (Zeigler and 

Weinberg 1970). Shuler et al. (1979) employed this approach to construct a growth and cell 

division model of a single E. coli cell comprising 12 compartments (Shuler et al. 1979). 

Nielsen et al. (1991) and Nielsen (1993) proposed a structured model of filamentous 

microorganisms in which the growth is described by dividing the hyphal elements into three 

completely different compartments (apical, subapical, and hyphal compartment). Formation 
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of new biomass only occurs in the apical and subapical compartments whereas hyphal cells 

are inactive. Cells are initially apical cells formed from subapical cells and transform into 

subapical cells. They eventually inactivate into hyphal cells (Nielsen 1993; Nielsen et al. 

1991). The model was experimentally verified for cultivations of Aspergillus oryzae (Agger 

et al. 1998). 

Witte (1996) describes a dynamic model with four biomass compartments for the description 

of Cyathus striatus cultivations. This model structure allows for the description of multiple 

growth phases. (Witte 1996) 

These four biomass compartments are: 

• Primary metabolism biomass including reactions linked to cell growth (production of 

primary and secondary biomass) 

• Secondary metabolism biomass including reactions (e.g. for product formation) 

• Structural biomass representing cell components like cell wall, membranes, and 

complex polysaccharides (not responsible for catalysing growth or product formation)  

• Inactive biomass representing decaying and inactive primary and secondary biomass 

e.g. defect enzymes or RNA/DNA  

This structured modelling approach was extended to six compartments by Brüning (2006) 

to achieve a greater generality than most segregated models at the same or lower levels of 

complexity, enabling the description of multiple different microorganisms and mammalian 

cells (Figure 10). In both models the mass balance is closed by implementing the overall 

stoichiometric equations of metabolic reactions into the model (Brüning 2016; Witte 1996). 
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Figure 10: Schematic structure of the biokinetic submodel (6-compartment model). 

Illustrated are the six different biomass compartments, selected rates between 

compartments and the substrates. Furthermore, two chosen metabolic processes are 

presented. The aerobic metabolism of the carbon substrate (SC) and O2 to energy via 

respiration, carbon product (PC) via fermentation and biomass (X), the respective yield 

coefficients and side products (CO2 and H2O) as well as the diauxic aerobic metabolism of 

the carbon product to biomass and energy via respiration (based on (Brüning 2016; Brüning 

et al. 2017)). 

The model by Brüning (2006) utilises a special nomenclature of the biomass compartments 

(marked by 𝑋, with g L-1 as the unit), which is utilised in the following section to explain the 

model.  

In the model, the biomass is divided into active and inactive compartments including a dead 

biomass compartment. Compartment 𝑋 comprises of proteins and RNA/DNA and 

necessitates at least a carbon source and nitrogen source for formation. The production of 

non-growth related products is accomplished by 𝑋𝑝 and its formation from 𝑋 is requiring 

a carbon and nitrogen source. Lipids, like the cell membrane, cell wall, and polysaccharides 

are represented by 𝑋𝑠. 𝑋𝑠 is not auto-catalytically active and is also generated from 𝑋. 𝑋 

and 𝑋𝑝 can be inactivated to compartment 𝑋𝑖 and 𝑋𝑠 can be inactivated to form 𝑋𝑠𝑖. These 

inactivated compartments can be reactivated; the reactivation requires maintenance energy 

through e.g. respiration. Finally, a mortality rate determines the generation of “dead” 

biomass 𝑋𝑑 formed from the inactivated compartments. The mortality, inactivation and 

activation rates are influenced by cultivation conditions (Brüning 2016). 

This structured model utilises double-sigmoid functions to extend kinetics and to model 

variable, state-dependent yield coefficients (Brüning 2016; Gerlach et al. 2013). The 

extension to six biomass compartments enabled the simulation of desired growth phases 
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(lag, exponential, linear, stationary, and death phase) and the description of energy 

metabolism. 

The structure allows simulations of various organisms, such as yeast (S. cerevisiae), 

bacteria (E. coli & L. delbrueckii), basidiomycetes in suspension culture (C. striatus), as well 

as mammalian cell lines (hybridoma and CHO cells), without changing the model structure 

(Brüning 2016). For these reasons, the model was utilised as the basis for the mechanistic 

model developed for this work (described in chapter 4.5.3). 

Metabolic Flux Models 

Metabolic flux models are a subtype of structured models which are the result from a 

metabolic flux analysis (MFA). They provide a quantitative description of the 

microorganisms’ metabolic pathways, reactions, and their responses by different 

conditions, actions or genetic manipulations (Varma and Palsson 1994; Falco et al. 2022). 

They take changes of extra- and intracellular concentrations of substrates and products into 

account, and consider mass balances through stoichiometric equations and constraints 

(Vallino and Stephanopoulos 1993; Iwatani et al. 2008). The intracellular fluxes are often 

quantified via carbon labelling e.g. by using 13C labelled substrates (Wiechert 2001). 

MFA has been instrumental in metabolic engineering by determining and characterising the 

metabolic state of cells and has been extensively utilised in various biotechnological 

processes (Iwatani et al. 2008; Chassagnole et al. 2002; Rizzi et al. 1997). 

MFA is based on stoichiometric equations of the biochemical reactions within biological 

systems. Main assumption for MFA is that the system is in a stationary state. Result of the 

MFA is a stoichiometric matrix representing intra- and extracellular metabolites (rows) as 

well as the metabolic fluxes (columns) (Antoniewicz 2015; Wiechert 2001). Stoichiometric 

MFA is not able to calculate certain situations such as parallel reaction pathways or pathway 

cycles where none of the fluxes in the parallel pathways or the cycle are measurable 

(Wiechert 2001). MFA often considers only seconds of a stationary state of cells or specific 

metabolic pathways, such as the glycolysis in S. cerevisiae (Rizzi et al. 1997).  

Reuss et al. developed metabolic models for S. cerevisiae (Rizzi et al. 1997; Vaseghi et 

al. 1999; Visser et al. 2000; Müller et al. 2003; Zakhartsev et al. 2015) and even combined 

those with hydrodynamics calculated with CFD simulations (Lapin et al. 2010; Lapin et 

al. 2006). 

Dynamic MFA models are dividing the process into short quasi-stationary time periods of 

a few seconds to minutes. Average external rates and fluxes are calculated for each time 

interval. The results of these models are evaluated at various times and combined to 

achieve time profiles (Antoniewicz 2015). 
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Another option is to develop detailed dynamic models which are derived from MFA. These 

models describe the dynamics of enzyme kinetics with coupled differential equations. This 

necessitates the measurement of many numerous kinetic parameters, which can be 

extremely difficult to obtain for complex reaction systems and microorganisms (Rizzi et 

al. 1997; Theobald et al. 1997; Colijn et al. 2009).  

For these reasons stationary MFA and derived dynamic metabolic flux models cannot be 

generalised and are strictly specific to the process and organism involved. Moreover, they 

require a large amount of experimental data for the model development, calibration, and 

validation, as well as computational resources (Hameri et al. 2021).  

Segregated Models and Population Models 

Segregated models and population models differentiate between biomass states, such as 

stages of the cell cycle and cell age, or morphological differences among cells. The 

simulations feature multiple segregated cell populations with different growth and 

production behaviours which can change independently over time. Their potential is 

extremely high, but due to the high complexity of these models, their usage is challenging 

(Heins and Weuster-Botz 2018; Charlebois and Balázsi 2019).  

The application is usually restricted to a single process as the conditions necessary for the 

change of states are highly specific and usually determined by experts (knowledge-based 

system). Moreover, identifying parameters and utilising optimisation algorithms can be both 

time consuming and complex. These aspects preclude the usage of population models for 

this work as the simulation time is usually too long for an effective application in model-

based control methods.  

An example for a population models is an age models developed by Shu (1961) as well as 

Blanch and Rogers (1971) (Blanch and Rogers 1971; Shu 1961). Blanch and Rogers (1971) 

categorised cells into two age groups, immature and a mature cell stage for the production 

of gramicidin S in Bacillus brevis. The antibiotic gramicidin S is only produced during the 

mature phase of a cell. 

Megee et al. (1970) developed a mathematical model with five different states for the growth 

and production metabolisms of Aspergillus awamori. The first state is responsible for cell 

growth, the four other states for the formation of various products such as DNA, RNA, 

proteins and enzymes (Megee et al. 1970).  

Functional state models 

Functional state models represent a mechanistic modelling approach that links multiple 

models. The process is divided into phases (functional states). Each of these states is 

usually described by an individual mechanistic model whose parameters are exclusively 
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valid for this particular state, dominated by a particular functionality (e.g. metabolic pathway) 

(Zhang et al. 1994; Hristozov et al. 2001; Roeva et al. 2007). 

The individual model equations of each functional state can be solved independently, 

provided that the initial states of every stage are known (Roeva et al. 2007). The process 

of separating the model into individual functional states has the advantage that the models 

of each stage are easier or even analytically solvable. Each local model comprises only 

a restricted number of parameters, and these can be identified independently (Vilums et 

al. 2012). 

It is of importance to define the individual states, boundaries, and transitions between states 

accurately in order to describe a process. The boundaries and transitions between 

functional states are delineated by a meta-model. This meta model may be represented by 

a set of rules, for instance, the cultivation state (e.g., lag, exponential, stationary or death 

phase), the respiratory quotient (RQ), the oxygen concentration, or the concentration of 

critical metabolites that may inhibit or limit cell growth, such as ethanol or acetic acid (Roeva 

et al. 2007; Hristozov et al. 2001; Roeva and Pencheva 2014). For example, the transition 

between states of functional state models may be determined by fuzzy logic (see 

chapter 2.5.3.2).  

The characterisation of these states is of importance in the utilisation of functional state 

models given the potential for overlap of biological effects associated with individual states. 

This presents a challenge when attempting to derive rules that adequately and precisely 

represent each state. 

2.5.3.2 Empirical, non-mechanistic models 

Non-mechanistic models are built solely from mathematical correlations. This model type 

does not include mechanical, physical, chemical, or biochemical relations. Instead they 

describe processes in a more abstract manner (Konstantinov and Yoshida 1990). Due to 

their generic structure, non-mechanistic models are typically less time-consuming in their 

development compared to mechanistic models (Stosch et al. 2014). 

Non-mechanistic models are limited to reproduce user knowledge and preexisting 

experimentally acquired data. Additionally, non-mechanistic models solely consider 

consequences and perturbations that surpass a user-defined significance level in the 

available data. It is critical and crucial that the signal-to-noise ratio (significance level) is 

accurately identified. Simple examples of empirical models might be decision trees or 

graphical characteristics derived from experimental data.  

The simulation outcomes from non-mechanistic models are constrained to reproducing only 

the responses reflected in the data of previously conducted experiments or the process 

knowledge of the model developer (Glaessgen and Stargel 2012; Zobel-Roos et al. 2019). 
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Therefore, non-mechanistic models, such as artificial neural networks (ANN) or statistical 

models, have a limited capability for prediction. The validation of these models poses 

a challenge. Non-mechanistic models are more specific to the real process than 

mechanistic models because they are purely data driven. Extrapolation beyond the data 

used for model development and parameter identification is difficult, if not impossible, which 

greatly restricts the transferability to other processes and their applicability in process 

development (Schubert et al. 1994). 

Modelling with fuzzy sets 

Fuzzy logic also known as fuzzy set theory was introduced by Zadeh (1965) as a form of 

multiple-valued logic. It is characterised by the fact, that an assumption has more than two 

true values (Zadeh 1965). In contrast, (binary) Boolean logic permits only two outcomes 

(“True” or “False”) and all propositions take exactly one of those truth values (Boole 1847; 

Barnes 1995). The Łukasiewicz–Tarski logic proposed by Łukasiewicz–Tarski (1930) 

allowed three outcomes: “False”, “True” and “Unknown”, thereby employing a three-valued 

logic (Lukasiewicz 1930).  

Fuzzy logic extends this to an infinite-valued logic to enable the numerical capture of 

a variable or characteristic between 0 and 1. Fuzzy set theory is therefore not constrained 

by pure definition if whether the considered propositions or objects are (or are not) elements 

of the set, it also defines to which degree they belong to the set.  

Hence, fuzzy modelling offers an alternative approach to deterministic mathematical models 

(Honda and Kobayashi 2000). Modelling with fuzzy sets does not require a detailed 

mathematical description of the process. Instead, this approach relies solely on expert and 

process knowledge, which must be available and organised in the form of cause and effect 

chains (Karakuzu et al. 2006; Horiuchi 2002; Zadeh 1965). A main application of fuzzy logic 

is in process control, where promising results were achieved (Konstantinov and Yoshida 

1990; Ying 1995; Shi and Shimizu 1992; Horiuchi 2002; Filev et al. 1985; Ronen et al. 

2002a). Fuzzy sets modelling can also be used in combination with mechanistic or ANN 

models (Ronen et al. 2002b). 

Artificial neural networks  

Artificial neural networks (ANN) imitate the operational principles of the brain. They consist 

of an input layer and an output layer, connected by one or more hidden layers (Montague 

and Morris 1994; Ławryńczuk 2008; Grahovac et al. 2016). Figure 11 illustrates a basic 

neural network with three process inputs and two outputs. 
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Figure 11: Simple artificial neural network. Circles represent simplified neurons. Thickness 

of lines represent the exemplary strengths of the connection between the layers. 

The nodes in the hidden layer sum up the weighted inputs and calculate the outcome 

through sigmoid functions in most cases. The weightings of the inputs and parameters of 

the sigmoid functions are parameterised through the “training” or “learning” process. 

To obtain reliable results using ANN, large quantities of data are required for the learning 

process. If insufficient experimental data are available, further data points are produced 

occasionally by mechanistic models (Grahovac et al. 2016; Karakuzu et al. 2006). The 

model training requires time but after that ANNs exhibit extremely fast computing speeds. 

ANNs are purely data-driven models and are not dependent and/or based on process 

knowledge/insight. Recently, ANNs have been used for bioprocess control and optimisation 

(Chen et al. 2004; Franco-Lara and Weuster-Botz 2005; Karakuzu et al. 2006; Nagy 2007; 

Ławryńczuk 2008). Since ANNs are purely mathematical data-driven correlations, they 

cannot offer mechanistic insights into the process (Karim et al. 1997). Additionally, ANNs 

have limitations since only effects and relationships are modelled that are significant within 

the data sets used for the training and learning process. This means, strictly speaking, 

ANNs only allow for a description, but not for prediction (Zobel-Roos et al. 2019). 

Neural networks were already employed for the dynamic temperature modelling of 

continuous S. cerevisiae cultivations by Nagy (2007). The resulting ANN successfully 

modelled cultivations considering the heat of the metabolic reaction and was integrated into 

a control algorithm to regulate cultivation temperature (Nagy 2007). 

However, since ANNs are data-driven and therefore need a lot of experimental data for the 

training process, they are not applicable in the early stage of process development. 

The required data is not available for S. cerevisiae processes under controlled 

heterogeneous conditions in scale-down models. Furthermore, the application in process 

Input layer

Hidden layer

Output layer
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control and optimisation requires a model which is capable of extrapolating beyond the data 

used for the parameterisation. This cannot be fully satisfied by ANNs. 

2.5.3.3 Hybrid models 

Hybrid models may be considered as a combination of mechanistic models and data-driven 

non-mechanistic models in order to merge different types of process knowledge (Stosch et 

al. 2014). This includes prior knowledge about the process in the form of material and 

energy balances, thermodynamic, and kinetic laws. Historical data can be implemented into 

hybrid models in the form of ANNs (Schubert et al. 1994; Doherty et al. 1997; Kosko 1992). 

Hybrid models strive to balance the benefits and drawbacks of both mechanistic and non-

mechanistic models. While mechanistic models are capable of producing predictive results, 

their development is often time-consuming and requires in-depth process knowledge. 

In contrast, non-mechanistic models, can be created quickly and have widespread 

applicability, but solely offer satisfactory descriptive properties (Stosch et al. 2014). Hybrid 

models offer a distinct advantage over purely data-driven modelling approaches as they 

offer a higher accuracy, more efficient model development, and better extrapolation 

properties compared to purely data-driven modelling approaches. 

An evaluation by Stosch et al. indicates that the implementation of hybrid models and their 

parameterisation algorithms is error- and labour-intensive, making the implementation 

challenging (Stosch et al. 2014). However, hybrid models have been successfully and 

effectively utilised in process control and optimisation (Madni et al. 2019; Galvanauskas et 

al. 2004; Schubert et al. 1994). 

Hybrid models also need experimental data or process knowledge for the development of 

the empiric model part, neither are available at the current state for processes under 

controlled heterogeneous conditions. 

2.5.3.4 Classification of model types 

The introduced model types can be categorised into six distinct categories as illustrated in 

Figure 12. This categorisation was used to aid the selection of an adequate model type for 

the mathematical process model of this work. The selected categories comprise data 

requirement for parameterisation and model development, model complexity, potential of 

utilisation, process knowledge needed for model development, time, and effort necessary 

for model development and lastly the computational effort or simulation time required for 

simulations. 
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Figure 12: Simplified allocation of different process model types into six categories. 

Unstructured models are simple in structure, have low model development time and need 

low amount of data for the creation. The disadvantages are derived directly from these 

advantages, as unstructured models only describe a few effects and can therefore only 

describe processes to a limited extent which constrains the application possibilities in 

model-based control and optimisation. 

Structured models on the other hand allow for a sufficient description of the dynamics of 

cultivations (Brüning 2016), while providing a simplistic structure. Additionally, structured 

models offer the foundation for an adequate description of key effects for process 

optimisation based on biological understanding (Witte 1996). Furthermore, the simulation 

time and model development time are low enough for the effective application in model-

based control and optimisation. 

Population models show significant potential especially for the simulation of cultivations 

under heterogeneous conditions since gradients in the reactor medium influence the 

population. The complexity and high number of parameters of population models make the 

computation time a limiting factor (Figure 12 c.), particularly for parameter identification and 

model-based optimisation methods.  

Non-mechanistic models offer fast simulation times and a potentially fast model 

development (Figure 12 c.). Neural networks in particular need a lot of data for model 

development. Given the limited amount of data and process knowledge available during 

early stages of process development for heterogeneous cultivation, non-mechanistic 

models are not an option.  

In this work, it shall be tested if a structured, mechanistic modelling approach is sufficient 

and capable of accounting the influence of non-ideal mixing conditions and hydrodynamics 

on cultivations of S. cerevisiae. Furthermore, the chosen model should be usable in model-

based design and optimisation methods. Possible approaches for the consideration of non-

ideally mixed conditions in mathematical models are presented in the following 

chapter 2.5.4. 
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The selected process model and the structure are further described and elaborated in 

greater detail in the material and methods section (chapter 4.5) and modifications to the 

model are described in chapter 5.2.  

2.5.4 Mathematical (reactor) models with non-ideally mixed conditions 

Heterogeneous conditions might have an influence on the process performance of large-

scale cultivation processes. Different approaches exist to consider and simulate the 

hydrodynamics of the reactor medium and approximate the influence on the cultivation.  

One option is the simulation of the fluid dynamics in large-scale (and small-scale) 

bioreactors. This is usually performed with computational fluid dynamics (CFD). The results 

of the CFD simulations can be used to develop hypotheses with respect to the cultivation 

behaviour. In addition, measures can be taken to improve the process on a large scale e.g. 

internal installations or stirrers can be designed to improve the mixing behaviour. 

A different option is the compartmentalisation of the reactor submodel into compartments 

(compartment model approach) or zones which are interconnected (network of zones). 

Each compartment (zone) represents an ideally mixed system. Fluid and fluid properties 

are exchanged through the connections between zones (hydrodynamics). 

The hydrodynamics are usually based on experimental observations or CFD simulations. 

Both CFD simulations and network of zones models have already been coupled with 

biokinetic models. Main advantage and potential of these combinations is, that the model 

parameters identified on the laboratory scale in ideally mixed systems are usable within the 

coupled biokinetic models without compensating for the hydrodynamics. This is possible 

since the hydrodynamics of the system are already described by the CFD or compartment 

model.  

CFD models are introduced in chapter 2.5.4.1; compartment model approaches and 

network of zones models in chapter 2.5.4.2 

2.5.4.1 CFD simulations 

Computational fluid dynamics (CFD) simulations are able to simulate the flows and flow 

patterns within reactors. CFD simulations divide the volume of the medium into smaller 

volumes (mesh cells). The numerical solution of CFDs is usually based on solving the 

Navier-Stokes equation for simulating fluid velocities. Variables that may be relevant for the 

scale-up, such as the kLa value, shear forces or the mixing time of the system might be 

estimated. (Fitschen et al. 2023) 

CFD simulations can be two-dimensional (2D) and three-dimensional (3D). In addition to 

the liquid phase (reactor medium), the gas phase (aeration) and, more rarely, the solid 

phase (biological phase, cells) might also be considered in the simulations. This increases 
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the complexity of CFD simulations, as the phases might influence each other. With the 

exponential increase of computational power, it is also now possible to incorporate 

biokinetic reactions into CFD simulations (Bezzo et al. 2003; Schmalzriedt et al. 2003; 

Moilanen et al. 2005; Morchain et al. 2014; Delafosse et al. 2014). 

Euler-Lagrange (Lagrangian) or agent-based modelling is one approach to utilise the 

results of CFD using the discrete element method. The positions of the cells are described 

as they move through the reactor over time. The positions of each simulated cell are stored 

as a function of time. This enables the computation of the environment each cell 

experiences at each time in their lifetime. (Enfors et al. 2001; Kuschel et al. 2017; Delvigne 

et al. 2017)  

Increasing computational power allowed not only better insight into metabolic dynamics but 

also increased the possible resolution of the reactor contents. This enables the possibility 

of simulating millions of cells and their journeys through bioreactors. The influence of 

concentrations gradients (e.g. substrates, products, oxygen) on the cells can be considered 

using their individual positions in the reactor with biokinetic equations. These equations are 

calculating rates, such as the substrate uptake rate, growth rate or byproduct formation rate 

based on the surroundings of each simulated cell (Enfors et al. 2001; Lapin et al. 2004; 

Delvigne et al. 2017). 

Haringa et al. simulated the positions of 175000 particles and their experienced conditions. 

They analysed the positions over time (lifelines), residence times and transition patterns of 

the particles in a 54 m³ stirred tank reactor. The results were transferred to the simulation 

of a fermentation of Penicillium chrysogenum. The simulated circulation times were 

comparable to experimentally determined times although the gas phase was not considered 

in the simulations. Furthermore, it was simulated that the substrate was completely 

consumed in more than half (57%) of the reactor. This resulted in the cells experiencing 

very different regimes (excess substrate and depleted substrate) every second to several 

tens of seconds. (Haringa et al. 2016) 

Kuschel et. al used this Euler-Lagrange approach with a structured cell cycle model to 

investigate large-scale heterogeneity in Pseudomonas putida cultivations. The model 

employs CFD simulations to calculate the process conditions along Lagrangian trajectories 

through the bioreactor. The results demonstrate that the population undergoes strong 

heterogeneity, indicated by an up to 1.5 higher adenine triphosphate maintenance 

determined demand. (Kuschel et al. 2017) 

In Euler-Euler (Eulerian) models, the simulated phases (liquid and gas phase for 

bioreactors) are considered as continuous, and the flow fields are viewed as a whole. 

The fluid properties are functions of time and space. Some examples for these fluid 
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properties are the velocity, pressure, and temperature. The direction and momentum of the 

fluid are calculated for each volume element by solving the Navier-Stokes equations. 

Sarkar et al. used a multiphase (liquid and gas) Euler-Euler approach for the description of 

an aerated stirred tank reactor for the production of monoclonal antibodies with mammalian 

cell cultures. The mass transfer coefficient kLa was estimated based on process parameters 

such as the stirrer speed and aeration gas flow rate. Furthermore, the CFD simulation was 

combined with a population balance model to successfully estimate the size distribution of 

bubbles considering effects like coalescence and breakage of bubbles. The presented 

approach saved time and resources for the optimisation of mixing conditions compared to 

experimental investigations. (Sarkar et al. 2016) 

Elqotbi et al. incorporated a simple Monod-type model into a three-dimensional CFD 

approach to simulate of A. niger cultivations. The model simulations provided a satisfactory 

agreement between experimental and simulated data, including the glucose substrate and 

bioproduct concentrations. (Elqotbi et al. 2013) 

Morchain et al. (2013) coupled a population balance model with an Euler-Euler approach 

for a two-phase flow calculation. This model was utilised to investigate the biological 

adaptation to concentration gradients. The Eulerian balance was solved for each phase 

(gas and liquid) with CFD simulations. The group simulated oxygen and substrate gradients 

in a 70 m³ production reactor. The simulation results showed that the relatively slow growth 

rate of the microorganism was sensitive to the mean concentration in the medium, whereas 

the fast substrate assimilation was more sensitive to the substrate distribution. 

(Morchain 2017) 

The many simultaneously occurring effects in biotechnological processes are causing 

complex biokinetics that can only be mapped with a corresponding biokinetic model. 

This impedes the integration of the biokinetic differential equations into CFD simulations 

and possibly makes effective simulation impossible due to e.g. excessive computation times 

and/or computer power requirements. Furthermore, the need for three-phase CFD 

simulations would have to be clarified and viscosity changes over the cultivation period 

might have to be simulated.  

The mathematical model for this work must also be usable for model-based optimisation 

methods. A model consisting of a CFD simulation or calculating the lifelines of hundreds of 

thousands to millions of cells with high temporal resolution would certainly not be usable in 

at-line process control (e.g. in NMPCs) due to high simulation times of CFD simulations.  

2.5.4.2 Compartment model approaches 

Network of zones models (NoZ) or compartment model approaches (CMA) are different 

methods of simulating the influence of heterogeneous conditions on cultivations. These 
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models are used when concentration gradients are expected in either the liquid or the gas 

phase (Oosterhuis and Kossen 1984). This has been traditionally modelled through 

interconnected networks of zones (compartments), which exchange fluids and their 

properties (van Barneveld et al. 1987a; Delafosse et al. 2014).  

Levenspiel (1972) developed a compartment reactor model to mathematically describe the 

non-ideal behaviour of chemical reactors. The model considers two connected 

compartments. A physical mixed stirred tank reactor with a stagnant (dead) zone is 

mathematically represented by an ideally mixed compartment, which is connected to 

a second compartment representing the dead zone. (Levenspiel 1972) 

The determination of fluid exchange between compartments was initially based on visual 

observations of the flow patterns in reactors, measurements of fluid velocity or based on 

experimental measurements of circulation times / mixing times (van Barneveld et al. 1987a, 

1987b). With increasing computational power, more realistic simulations were enabled, and 

the number of compartments increased (Vrábel et al. 1999; Zahradnıḱ et al. 2001).  

CMAs only require the fluid velocities between compartments (cells) to describe mixing on 

the reactor scale (Mann et al. 1995; Delafosse et al. 2014). Interdisciplinary expertise is 

required for the combination and application of CMA and CFD, which remains a challenge 

(Morchain 2017). Moreover, the combination still requires a huge amount of computational 

power, limiting their application to the representation of fluid and reaction dynamics. 

Parameter identification of the biokinetic model equations and model-based optimisation 

methods are hardly possible and are performed on ideally mixed systems (Wang et al. 

2015). 

Delafosse et. al (2014) developed a CFD-based compartment model by combining CFD 

simulations and compartment modelling to create a 3D network of zones models. 

Main advantage of the network of zones modelling approach is the lower computation time 

compared to CFD simulations. The models were validated by recreating an experimentally 

determined mixing time. The mixing time was experimentally determined at about 72 s using 

a conductivity tracer approach for a reactor equipped with two Ruston turbines stirring at 

300 rpm and a working volume of 16.5 L. The network of zones model is dividing the 

bioreactor into a radial, axial and tangential direction, with two closed loops around each 

stirrer. The model is considering the main circulation flows caused by the stirrers and 

turbulent flows. Even without the incorporation of information from a CFD simulation, the 

network of zones model was able to simulate the mixing time of the bioreactor by adjusting 

the ratio of the turbulent flows. (Delafosse et al. 2014) 

In the next step, Delafosse et. al (2014) calculated the flow rates between the compartments 

from the velocity fields of a CFD simulation. The CFD-based compartment model was able 
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to reproduce the concentration distribution during the mixing process within the bioreactor 

with good accuracy. However, only the liquid and the solid phase were simulated without 

taking a gas phase into account. The model is therefore restricted to processes which are 

anaerobic or aerated solely through surface aeration. Furthermore, even though the model 

is magnitudes faster than a CFD simulation, the model still required significant 

computational power since above 13000 zones were necessary to successfully recreate the 

mixing times, with less compartments the mixing time was underestimated (Delafosse et al. 

2014; Delafosse et al. 2015) 

Pigou et al. (2015) investigated how the bioreactor performance may be impacted by reactor 

heterogeneities through a compartmentalised modelling approach that divides the 

bioreactor into volume compartments (reactor cells). The work combines this 

compartmentalised model describing substrate and biomass distribution, a population 

balance model modifying growth rate, and a metabolic model computing the reaction rates 

of individual cells. The article compares the simulation results to experimental data from 

E. coli cultivations. Under specific large-scale conditions, the model can simulate the 

simultaneous production and consumption of acetate in different regions of the reactor. 

(Pigou and Morchain 2015) 

These approaches show the potential of combining the simulation of heterogeneous 

conditions caused by non-ideal mixing of large-scale reactor with biokinetic equations. They 

focussed on recreating and understanding the development of heterogeneous conditions in 

bioreactors. A next step and alternative approach, which can be derived from this chapter, 

should be the combination of mathematical models considering heterogeneities and model-

based control and optimisation methods. This combination could show that process control 

of processes under heterogeneous conditions can be systematically designed by model-

based strategies. 

2.6 Model-based bioprocess design 

Mathematical models can be used effectively in bioprocess design and development of 

process operational strategies (Appl et al. 2021; Madni et al. 2019; Grieves 2015). So far, 

these model-based operational and design methods have rarely been used for processes 

in non-ideally mixed systems (e.g. scale-down models) and with models considering non-

ideally mixed conditions. One main reason for this was the long computing time of the 

employed models. There are many possible applications for these model-based operational 

and design methods: optimising process control and conditions in scale-down reactors, 

model development, improvement and validation as well as assisting scale-down. 
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Models used for process control are often heuristic and based on purely mathematical 

relationships and correlations (e.g. fuzzy logic control or control with ANNs) and not based 

on mechanistic principles. They do not provide insight into the process, have limited 

predictive capabilities, and are limited to reproduce responses that are within the data of 

previously performed experiments (Glaessgen and Stargel 2012; Zobel-Roos et al. 2019). 

The second group of mathematical process models utilised for the development of process 

operational strategies and process design are mechanistic models. The employed 

mechanistic process models must be able to quantitatively describe cause and effect 

relationships within the selected operating range including the optimisation horizon. 

Furthermore, the model must consider actuating control variables (e.g. feeding rates, 

aeration rates) as well as relevant process variables (e.g. biomass density, metabolite 

concentrations, product concentration). After identifying the model parameters, the model 

must be capable of replicating experimental data of all relevant process variables with 

a high quantitative and qualitative accuracy. Additionally, it is essential and required that 

the process models used for the application in model predictive control (MPC) are robust. 

Mainly unstructured models are utilised in MPCs for bioprocesses due to their simpler 

structure, better usability and faster computation times when compared to structured 

models (Craven et al. 2014; Dewasme et al. 2013; Hodge and Karim 2002; Frahm et al. 

2002). 

The possibility of multivariable operation provided by MPCs allows potentially all media 

components, feed streams, pH media, aeration rates and further actuating control quantities 

to be used for control, design and operation of the bioprocess (Galvanauskas et al. 2013; 

Birol et al. 2002; Gustafsson et al. 1995). Feeding rates, in particular, have shown a great 

potential for the process design through mathematical process models using model-based 

strategies (Craven et al. 2014; Witte 1996; Dewasme et al. 2013; Mears et al. 2017; Birol 

et al. 2002). The feeding rate has an impact on the entire process, in addition to directly 

influencing the concentration of the substrates, products and metabolites. Modifying feeding 

rates leads to changes in reactor volume, causes dilution effects and influences uptake 

rates, biomass growth, product formation as well as indirectly influences the exhaust gas 

composition (O2 uptake and CO2 production) (Villadsen et al. 2011). 

A precise and well-defined design criterion is necessary for the successful implementation 

of model predictive operation and design methods. This criterion usually involves 

maximising or minimising specific process quantities, such as the maximisation of the 

biomass density (see chapter 8.3.2.3) (Kovárová-Kovar et al. 2000; Chang et al. 2016; 

Santos et al. 2012; Galvanauskas et al. 2013). Occasionally, the criterion considers the 

reduction of the difference between a predefined or determined course of available 
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experimental data and the process that is controlled, if similar cultivation courses to a 

preceding cultivation are desired. (Zhang and Lennox 2004). Multiple process objectives 

may also be mathematically combined into one single design criterion. 

2.6.1 (Nonlinear) model predictive control 

Process development and the scale-down procedure might be supported by (nonlinear) 

model-based control methods. These MPCs are using a mathematical process model for 

the optimisation and control. The control strategies are suitable for single- and multivariable 

control and can be utilised for the design and optimisation of complex bioprocesses affected 

by several different influencing factors. They are mainly employed for the development of 

operational process strategies in lab-scale bioreactors. In comparison, classical strategies 

without mathematical models such as PI-controlled temperature, pH, pressure, flow rate or 

concentration control are single loop controls and only allow for the modification of a limited 

number of control variables. MPCs with implemented linear or nonlinear mathematical 

models (NMPC) are more suitable for the application of predictive control and optimisation. 

(Laurí et al. 2014; Mears et al. 2017; Frahm et al. 2002) 

In general, model predictive control and operational strategy development takes one of the 

three common forms: 

• Open-Loop Control 

• Feedback Control 

• Adaptive Model Predictive Control (AMPC) 

The three control methods listed above are applicable to both MPCs and NMPCs. Figure 13 

presents block diagrams for Open-Loop control, feedback, and adaptive model predictive 

control. 
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Figure 13: Process model and data utilisation within open loop control, feedback control 

and adaptive model predictive control. 

The variants of model predictive control are described for the main application case, the 

control of volumetric feeding rate profiles of fed-batch processes (or in general: profiles of 

actuating variables including possible set-point trajectories). During open-loop control of 

fed-batch processes, the feeding rates profiles are calculated and optimised before the start 

of the process. These control profiles rely exclusively on available (historic or literature) 

data, a model derived from this data, the predetermined initial conditions, and the chosen 

optimisation criterion. The application of open-loop control is advantageous if the future 

process behaviour can be predicted with a high degree of accuracy and if major (process 

altering) disturbances are not expected during the bioprocess (Jenzsch et al. 2006).  

Contrary to feedback control and AMPC, no data acquisition is required for process control. 

Low computation times of the mathematical model are not as critical as in other model-

based control methods as all simulations are performed before the actual experiment. 

Therefore, it is easier and at first glance more appealing to introduce open-loop control and 

optimisation during early stages of process development (Wechselberger et al. 2012; 

Baeza 2017). 

(Model predictive) Feedback control is industrially accepted and extensively applied in the 

(petro-)chemical industry (Forbes et al. 2015). Nevertheless, implementing MPCs in 

biotechnological processes is more challenging due to exceedingly complex and non-linear 

relationships present in biological systems. Feedback process control necessitates the use 

of process analytical techniques (PAT) for determining the current process state, which is 

then used as the new starting point for the subsequent optimisation computation. Feedback 

control can utilise the process data of the currently running process for recalculation and 

readjustment of the calculated operational strategies to achieve optimal results. 
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Adaptive MPCs (AMPCs) are feedback controllers that are specialised in utilising an 

identification and optimisation model during an ongoing process (Frahm et al. 2002; Witte 

1996; Pörtner et al. 2017a). Prior to each optimisation of the process control function, the 

model parameters are identified based on current experimental data. The new identified 

parameter set is then transferred to the optimisation model, which may be identical or 

different from the parameter identification model. As a result, the optimised feeding strategy 

is always adjusted to the process based on new process data (Witte 1996). During 

cultivations, AMPCs and feedback control are repeated several times (Witte 1996; Frahm 

et al. 2002; Caramihai and Severi 2013; Baeza 2017). 

Cultivation reproducibility, which ensured equal growth or production rate as well as similar 

durations of cultivation phases between two or more processes is vital for the application of 

open-loop control, whereas in processes controlled by feedback loop, the reproducibility 

can be increased by the feedback loop. 

The Open-Loop Feedback Optimal strategy (OLFO-strategy) is a special form of an AMPC 

that utilises initial parameters and settings that are then transferred to the process model 

(Witte 1996). An optimised control function is calculated while the process is in progress 

and the model parameters are identified multiple times using available process data (offline 

and online data). The primary advantage of the OLFO-strategy is that it is not necessary to 

optimise or perfectly parameterise the process model beforehand, as the model parameters 

are identified during the process, and the control trajectories are updated frequently. 

Therefore, the OLFO-strategy (along with other AMPCs) is particularly appealing for early 

stages of process development (Witte 1996). During the process control (with OLFO 

strategy, AMPCs, or feedback control) the model either simulates the process in advance 

up to a predetermined time (moving horizon) (Frahm and Hass et al. 2003; Frahm and Lane 

et al. 2003; Levermann et al. 2020; Kim et al. 2023) or until the end of the process (finite 

horizon) (Witte 1996; Hedengren et al. 2014; Li 2015; Kim et al. 2023). In this work, the 

OLFO strategy was utilised to optimise a feeding strategy for an experiment in a scale-down 

model consisting of two connected stirred reactors with multiple goals: (1) acquisition of 

new process data, (2) improvement of the model parameters and (3) replication of process 

data of a pilot-scale experiment on the laboratory scale (chapter 9.3).  

The identification of model parameters and determination of the process design may 

potentially utilise classical algorithms such as the Nelder-Mead algorithm. The parameter 

identification could theoretically even be performed manually (Nelder and Mead 1965; 

Kovárová-Kovar et al. 2000). The initial process design model could also be based on 

model-based design of experiments which is explained in more detail in chapter 2.6.2 

(Nelder and Mead 1965; Kovárová-Kovar et al. 2000; Mandenius and Brundin 2008; Möller 
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et al. 2015; Möller and Pörtner 2017; Abt et al. 2018; Moser et al. 2021; Gassenmeier et al. 

2022). 

One possible case for the application of nonlinear model-based control is supporting the 

scale-down procedure. For an effective scale-down, the process on the small scale should 

produce similar results compared to the process on the large scale. The objective criterion 

could be formulated with the aim to reduce the difference between the existing data of the 

large scale and the controlled process. This method might have exciting potential for an 

effective scale-down procedure and was tried for the first time in this work. The strategy 

was performed as part of a study with industrial media and process conditions for a process 

with controlled heterogeneous conditions (chapter 9.3). 

2.6.2 Model-based Design of Experiments 

Model-based design of experiments (mDoE) is utilised in this work to develop open-loop 

operational strategies for bioprocess operation and design. The process development and 

design of bioprocesses is experimentally complex, time-consuming, and costly.  

Process development with traditional design of experiments (DoE) requires an extensive 

number of experiments (Mandenius and Brundin 2008; Pörtner et al. 2017b). DoEs can be 

utilised to simultaneously optimise multiple process parameters and factors under 

consideration of combinatorial effects. However, selecting the right design space is a huge 

challenge and crucial. The choice of the design space (factor boundaries) can greatly 

impact the outcome of the DoE and narrowing the mDoE design space, in particular, is 

complex (Stosch and Willis 2017).  

mDoE combines design of experiment strategies with process models to design, test and 

evaluate initial conditions and operation strategies before conducting experiments 

(Sercinoglu et al. 2011). The objective might involve maximising the amount of information 

gained for each experiment to improve and parameterise the model (Deflorian and Zaglauer 

2011; Kreutz and Timmer 2009), and/or for optimising process operation (Möller and 

Pörtner 2017; Möller et al. 2019; Kuchemüller et al. 2020; Bayer et al. 2020; Moser et 

al. 2021).  

The design of the process operation should also lead to robust processes in which minor 

changes to the control do not cause substantial changes to the process result. This can be 

achieved by incorporating uncertainty analyses into mDoEs. The uncertainty of model 

parameters, process factors and variables or control functions can be included in the 

calculation of the predicted process robustness by considering the predicted variability. 

(Candioti et al. 2014; Möller et al. 2019; Moser et al. 2021) 
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One advantage of mDoE is that the application leads to a reduction of experimental effort 

since less experiments are needed for the optimisation of the chosen factors. Furthermore, 

mDoE supports narrowing down the factor boundaries of the experimental design space 

(Moser et al. 2021; Gassenmeier et al. 2022; Möller et al. 2019). 

A selected workflow of an mDoE (part of the mDoE-Toolbox) may consist of the following 

five steps (Möller et al. 2019; Moser et al. 2021): 

1. Mathematical model formulation 

2. Parameter identification (with e.g., historic or literature data) 

3. Selection of an experimental design and boundaries 

4. Simulation of each point in the design space 

5. Evaluation of design (with e.g., response surface method) 

The mDoE version of Möller et al. (2019) utilises classical design of experiments such as 

full factorial design or Box-Behnken design. These designs are applied since they are also 

used for experimental investigations. Higher number of experiments than full factorial 

design (n³ with n = factors) are often not feasible to be performed experimentally. (Möller 

and Pörtner 2017; Möller et al. 2019; Moser et al. 2021) 

However, model simulations are faster and can be automatically performed. For this reason, 

it might be advantageous to simulate highly detailed designs with thousands of experimental 

settings to achieve a higher resolution of the response surface.  

In this work, the presented mDoE version of Möller et al. (2019) was modified to simulate a 

user-defined number of points within the selected boundaries of the design space. This 

modified version was already provided to and utilised by Appl (2023) for the design and 

optimisation of an enzymatic starch hydrolysis batch experiment. The factors were the initial 

concentrations of two enzymes, and the process objective was the maximisation of a profit 

function. The method and the utilised starch hydrolysis model was validated with four 

experiments. The experiment in the predicted optimum also showed the highest value of 

the profit function. (Appl 2023) 

The modified mDoE was employed in this thesis to support simultaneous model 

development and process design (chapter 7.2) in order to minimise experimental effort. 

The resulting experimental data were used for model parameter identification in the area of 

optimal biomass growth. The modified mDoE was also applied for the design of 

experimental settings for a cultivation used for simultaneous model validation and process 

design. The objective of this experiment was the maximisation of the biomass density in 

a two-compartment scale-down model (chapter 8.3.2.3). 
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3 Research aims, strategies and thesis scope 

Heterogeneous substrate and dissolved oxygen concentrations that might occur on the 

production scale probably cause performance differences between S. cerevisiae 

cultivations in different scales. These performance differences are still not fully understood 

(George et al. 1998; Larsson et al. 1996; Takors 2012). This work aims to contribute to 

finding new explanations for the different performances using a mechanistic, mathematical 

model capable of providing new insights into processes affected by heterogenous 

conditions combined with experiments in a physical scale-down system consisting of two 

connected stirred tank reactors. 

Physical scale-down systems (or scale-down models, SDM) can be used to experimentally 

investigate the influence of heterogeneous conditions on the cultivation process by 

mimicking the conditions of large-scale processes (Oosterhuis and Kossen 1984; Neubauer 

and Junne 2016).  

In the chosen physical scale-down system, the influence of heterogeneous DO and 

substrate concentrations for fed-batch S. cerevisiae cultivations will be investigated. These 

experimental investigations will be supported for the first time by model-based methods. 

Various studies have already demonstrated that model-based experimental design 

strategies are very powerful for developing informative experiments (Deflorian and Zaglauer 

2011; Möller et al. 2019; Moser et al. 2021). 

It can be derived from the state of the art that there is a need for mathematical models that 

are based on mechanistic principles and represent non-ideally mixed bioreactors and ideally 

mixed bioreactors simultaneously. In particular, there is a need for models that can be used 

for the model-based design of processes. To date, only simple, unstructured or population 

models have been incorporated into models capable of representing hydrodynamics and/or 

non-ideal mixing conditions. However, these models are limited in their ability to describe 

cultivations and/or have limited use for the application in model-based control methods often 

due to long computation times. 

For this reason, a physical, experimental scale-down model (system) combined with 

a mathematical model-based approach is intended to be developed that can be used to 

improve the experimental design, while considering effects and their influence on 

cultivations caused by heterogeneous conditions. For the mathematical modelling of this 

work, a structured biokinetic model was extended by a reactor model consisting of a large 

number of connected zones (“Network of zones” model). The reactor model in combination 

with the chosen structured, biokinetic model should be able to consider the influence of the 

heterogeneous conditions within the SDM on cultivations with complex kinetics.  
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3.1 Research questions 

Although there are already mathematical models and process optimisations regarding 

cultivations of S. cerevisiae, the performance in small reactors is often still better compared 

to reactors on the production scale. To investigate this issue, two research questions have 

been formulated, based on the state of the art, which will be answered in the thesis: 

1. Is a structured, mechanistic mathematical model, calculating several 

interconnected ideally mixed zones, able to approximate the flow patterns in stirred 

tank reactors and describe the effects caused by non-ideal mixing in 

biotechnological processes with complex kinetics?  

2. How can feeding strategies for biotechnological processes in non-ideally mixed 

reactors be systematically designed?  

The process control and the heterogeneous conditions within bioreactors have an influence 

on the performance of cultivations (Neubauer and Junne 2016; Heins and Weuster-Botz 

2018; Sweere and Matla et al. 1988). Therefore, a targeted design of process control is 

required. In this work, yeast cultivations are designed while heterogeneous glucose (or 

sucrose) and DO concentrations as well as the interaction with ethanol production/uptake 

are influencing the cultivation. The designed operational strategies could be used for 

process development and optimisation as well as for model development and the 

assistance of the scale-down procedure. 

3.2 Thesis scope and workflow 

To be able to answer the research questions, two further research objectives are defined:  

1. A laboratory bioreactor system consisting of two connected stirred tank reactors 

shall be developed. This system shall be used to investigate cultivations of 

S. cerevisiae that are influenced by heterogeneities.  

2. A modelling and software system needs to be developed and tested to 

investigate the research questions. 

The workflow of this thesis and the employed model-based strategies and software tools 

are presented in Figure 14. 
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Figure 14: Simplified workflow of this thesis and employed strategies.  

For the experimental investigation of the effects caused by non-ideal mixing, a physical 

scale-down model comprising of two reactors is developed and established. 

The requirement for this scale-down model is that it should be able to simulate the basic 

scale effects of production reactors. The heterogenous conditions of large-scale production 

systems can be simulated by adapting the mixing time, the division of the reactor system 

into (two) distinct zones with varying concentration ratios (e.g. oxygen or substrate 

distribution) and the positioning of the feed in different areas within the system.  
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A mathematical model is developed which utilises an existing structured biokinetic model. 

The biokinetic model is integrated into a reactor model using a network of zones model 

(chapter 5). The model is used in a simulation study (chapter 6) and is employed within 

a modified mDoE to design feeding profiles for model development and process 

optimisation in an ideally mixed bioreactor (chapter 7). 

For the first time, an experimental investigation of the influence of heterogeneous dissolved 

oxygen and glucose concentrations supported by a mechanistic, mathematical models on 

S. cerevisiae cultivations is performed (chapter 8). The modified mDoE is also used for the 

determination of experimental settings used for model validation and process development 

(chapter 8.3). 

The physical scale-down model and the mathematical model are utilised in an industrially 

relevant use case with conditions and media of an industrial process. The media and 

feeding strategy of the industrial process are transferred to and investigated on the physical 

scale-down model and ideally mixed bioreactors. An NMPC is used as a method to 

reproduce data of the pilot scale process and is simultaneously utilised for data acquisition. 

Finally, model-assisted investigations are conducted to identify possible explanations for 

the cause of the process differences between the scales (chapter 9). 
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4 Material and methods 

This chapter presents the material and methods used for the cultivations of yeast in single 

bioreactors and the developed scale-down model (SDM) consisting of two connected 

bioreactors. Additionally, it outlines the analytical and in-silico methods employed for the 

experimental data acquisition, the mechanistic modelling, and the development of model-

based strategies for process control and optimisation.  

The materials utilised are presented in chapter 4.1, the analytical methods are described in 

chapter 4.2, the experimental methods (applied reactors and the SDM, the determination of 

mixing times and process performance indicators) are outlined in chapter 4.3, the software 

methods utilised are described in chapter 4.4, the mathematical model used as a basis for 

the model structure is explained in chapter 4.5 and the computer assisted methods (in-silico 

methods) for the evaluation of the simulations are detailed in chapter 4.6. 

4.1 Materials 

The materials needed for the cultivations of S. cerevisiae are carbon substrates (glucose-

monohydrate and sucrose) and nitrogen substrates (peptone and yeast extract) as well as 

pH adjustment media and ethanol for analytical purposes (Table 2). 

Throughout all experiments a genetically unmodified commercial organic dry yeast was 

used (Agrano GmbH & Co. KG, Germany). Glucose (cultivations in chapter 7 and 8) and 

sucrose (chapter 9) were utilised as the carbon substrates, the nitrogen source is 

a combination of yeast extract and peptone (all Carl Roth GmbH + Co. KG, Germany). In the 

experiments of the industrial application process (chapter 9) an industrial supplier provided 

an industrially utilised yeast extract. Potassium dihydrogen phosphate (Merck KGaA, 

Germany) and potassium hydroxide (Carl Roth) were used in selected cultivations (chapter 

7) for adjustments of the pH. 
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Table 2: Materials used for experimental investigations. 

Material Specification Manufacturer 

S. cerevisiae 
Product number: 

AG31000086 42100263 

Agrano GmbH & Co. KG, 

Riegel am Kaiserstuhl, 

Germany 

Glucose-Monohydrate CAS No.: 77938-63-7 
Carl Roth GmbH + Co. KG, 

Karlsruhe, Germany 

Peptone CAS No. 91079-46-8 
Carl Roth GmbH + Co. KG, 

Karlsruhe, Germany 

Yeast extract CAS No. 8013-01-2 
Carl Roth GmbH + Co. KG, 

Karlsruhe, Germany 

Sucrose Bio-Quality 
Provided by an industrial 

supplier 

Ethanol CAS-No.: 64-17-5 
Merck KGaA, Darmstadt, 

Germany 

Potassium dihydrogen 

phosphate 
CAS No. 7778-77-0 

Merck KGaA, Darmstadt, 

Germany 

Potassium hydroxide CAS No. 1310-58-3 
Carl Roth GmbH + Co. KG, 

Karlsruhe, Germany 

4.2 Analytical methods 

Glucose, ethanol, and sucrose concentrations were determined with enzymatic UV test-kits 

“Enzytec” (R-Biopharm AG, Germany) (see Table 3). The tests were performed according 

to the enclosed instructions of the test-kits and performed with the spectrophotometer 

UVmini-1240 (Shimadzu Corp., Japan) at wavelengths of 340 nm and 365 nm using 

disposable semi-micro cuvettes. Samples that exceeded 1 Abs (absorption unit of the 

spectrophotometer) were diluted appropriately to achieve concentrations in the validation 

range. The methods were regularly validated by determinations of standard samples 

containing 0.5 g L-1 glucose or 0.06 g L-1 ethanol (employed in all experiments except 

D1 – D5).  
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Table 3: Materials and methods used for the analyses in the performed experiments. 

Analytical Method Specification Manufacturer 

Enzymatic assays   

Enzytec Liquid D-

Glucose 

Art. No. E8140; Cat. No 10 

716 251 035  

R-Biopharm AG, Darmstadt, 

Germany 

Enzytec Liquid 

Maltose/Sucrose/D-

Glucose 

Art. No. E8170 
R-Biopharm AG, Darmstadt, 

Germany 

Enzytec Liquid Ethanol Art. No. E8340 
R-Biopharm AG, Darmstadt, 

Germany 

Dry cell weight   

Moisture Analyzer 
MA45 (Infrared moisture 

analyse) 

Sartorius AG, Göttingen, 

Germany 

Cellulose Acetate Filter 
0.45 mm (Art. No. 512-

4316) 

VWR, Radnor, Pennsylvania, 

United States 

UV measurements   

UV-VIS 

Spectrophotometer 
UVmini-1240 Shimadzu Corp., Kyōto, Japan 

Disposable Cuvettes 

10 mm, 300 - 900nm, 

1.5 mL (Cat. No. 634-

0678) 

VWR, Radnor, Pennsylvania, 

United States 

HPLC   

HPLC system Nexera XR Shimadzu Corp., Kyōto, Japan 

HPLC column 
Rezex ROA-Organic Acid 

H+ column (300 × 7.8 mm) 

Phenomenex, Washington D.C., 

United States 

Mobile Phase 0.005 N sulfuric acid 
VWR, Radnor, Pennsylvania, 

United States 

Further equipment   

pH/mV meter FiveEasy 
Mettler Toledo, Columbus, Ohio, 

United States 

Thermometer testo 110 
Testo SE & Co. KGaA, Titisee-

Neustadt, Germany 

Universal oven 30 - 1060 
Memmert GmbH + Co. KG, 

Schwabach, Germany 

Magnetic stirrer with 

heating plate 
RH basic 2 

IKA-Werke GmbH & CO. KG, 

Staufen, Germany 
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In experiments D1 - D5 the glucose and ethanol concentrations were quantified and 

determined using high pressure liquid chromatography (HPLC), employing a Rezex ROA 

column (300 × 7.8 mm, Phenomenex, USA) with 0.005 N sulfuric acid as the aqueous 

phase, following the manufacturer’s protocol. The sample volume was 10 µL. 

The calibration curve was generated with six different solutions of known concentrations 

within the expected concentration ranges. The measured retention times for ethanol were 

24.3 min ± 1.7 min and for glucose 12.1 min ± 0.1 min. The enzymatic assay and HPLC 

results were expressed as partial densities / mass concentrations in g L-1 (equal to the SI-

Unit kg m-³). The HPLC method encounters difficulties in detecting low concentrations (e.g., 

< 0.5 g L-1 for glucose) for cultivation samples. These difficulties arise due to an unsmooth 

baseline and consequently imprecise peak detection. Therefore, cultivation samples with a 

glucose concentration of 0 g L-1 (determined by UV test-kits) usually produced readings 

above 0.2 g L-1, when determined with the HPLC method. Only the ethanol and glucose 

concentrations of experiments D1 - D5 were determined by the HPLC method; the 

concentrations of the other experiments were determined by using the enzymatic test-kits. 

To determine the dry cell weight (DCW) of a fermentation sample, a sample of known 

volume was filtered through a cellulose acetate filter (0.45 mm, VWR, USA). The resulting 

retentate was washed with at least double the sample volume of demineralised water. 

The weight of the retentate was determined after drying in a moisture analyser (MA45, 

Sartorius, Germany). The cell weight density was calculated using equation (4.1). 

This method was validated by weighing a sample of 100 mL after drying in a drying oven 

(M30 – 1060, Memmert GmbH + Co. KG, Germany). 

4.3 Experimental methods 

Three different bioreactor systems were utilised for the yeast cultivation experiments (see 

Table 4 and Table 5), including the scale-down model (SDM), which consists of two 

connected MDX bioreactors (MDX Biotechnik International GmbH, Germany) 

(see chapter 4.3.2). The other two bioreactors are a 1 L MDX bioreactor and a 2 L Biostat B 

(chapter 4.3.1). Additional experimental methods employed in this thesis include the 

experimental and mathematical determination of mixing times (chapter 4.3.3) and the 

calculation of process performance indicators. 

𝑐𝐷𝐶𝑊 =
𝑚𝑑𝑟𝑖𝑒𝑑 𝑟𝑒𝑡𝑒𝑛𝑡𝑎𝑡𝑒

𝑉𝑠𝑎𝑚𝑝𝑙𝑒
 (4.1) 
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Table 4: Bioreactor equipment of the physical scale-down model and the MDX system  

Equipment Name Specification Manufacturer 

MDX bioreactor STR, 𝑉𝑚𝑎𝑥 = 1 L 

MDX Biotechnik International 

GmbH, Nörten-Hardenberg, 

Germany 

DO probe VisiFerm DO ECS 225 H0 
Hamilton, Reno, Nevada, United 

States 

pH probe 
EasyFerm Plus PHI S8 

225 

Hamilton, Reno, Nevada, United 

States 

Thermostat Huber CC-104 A Pilot One 
Peter Huber Kältemaschinenbau 

SE, Offenburg, Germany 

Syringe feed pump LSP 01-1A 
Longer Precision Pump Co., 

Ltd., Baoding, Hebei, China 

Scale Entris 5201 ACX 
Sartorius AG, Göttingen, 

Germany 

Circulation Pump MDX TC/200 

MDX Biotechnik International 

GmbH, Nörten-Hardenberg, 

Germany 

 

Table 5: Bioreactor equipment of the Biostat B bioreactor system 

Equipment Name Specification Manufacturer 

Biostat B STR, 𝑉𝑚𝑎𝑥 = 2 L 
B. Braun Biotech International, 

Melsungen, Germany 

DO probe InPro 6800  
Mettler Toledo, Columbus, Ohio, 

United States 

pH probe 405-DPAS-SC-K8S 
Mettler Toledo, Columbus, Ohio, 

United States 

Each bioreactor system used the identical exhaust gas measurement device, the Sick Sidor 

SN 762860 (Sick, Germany). This exhaust gas analyser measures the oxygen and carbon 
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dioxide fractions in the exhaust gas stream from which the respiratory quotient (RQ) is 

calculated as the quotient of the produced carbon dioxide divided by the consumed oxygen. 

𝑅𝑄 =
𝑛𝐶𝑂2,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑[𝑚𝑜𝑙]

𝑛𝑂2,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑[𝑚𝑜𝑙]
 (4.1) 

4.3.1 Single reactor systems 

Two different bioreactor types were employed for the experiments in the single reactor 

systems. Two identical Biostat B systems with maximum volumes of 2 L were used as well 

as two identical MDX biotech reactors (MDX Biotechnik International GmbH, Germany) with 

maximum volumes of 1 L (see Figure 15). 

 

Figure 15: Single bioreactors and periphery. Left side MDX bioreactors (Vmax = 1 L), right 

side Biostat B (Vmax = 2 L) 

The MDX reactor with a maximum volume of 1 L served as the smallest stirred tank 

bioreactor used in this work. This reactor type was used for the physical scale-down model 

constructed from two connected MDX bioreactors (for further information, see section 

4.3.2). The reactors featured a hollow cylindrical built-in glass installation with the stirrer 

inside to improve mixing. Incorporated in the built-in cylinder are circular holes for liquid 
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passage, spaced regularly and 1 cm in diameter. The propeller stirrer with three blades is 

located at the lower end of the installation approximately 1 cm above the reactor bottom. 

An in situ amperometric pH probe (EasyFerm Plus PHI S8 225, Hamilton, US in MDX 

reactors) was used for pH measurements. The pH could be controlled automatically. The 

dissolved oxygen (DO) was measured with an optical DO probe (VisiFerm DO ECS 225 H0, 

Hamilton, US) and was manually controlled by adjusting the stirrer speed and/or aeration 

rate. The medium temperature in the MDX bioreactor was controlled via an external water 

bath (Huber CC-104 A Pilot One) pumping cooling/heating water through the jacket of the 

bioreactor vessel. 

The Biostat B has a maximum working volume of 2 L and features a glass vessel with 

a Rushton turbine stirrer on two levels. The pH value of the medium was measured with 

amperometric pH-probes (405-DPAS-SC-K8S, Mettler Toledo, US). The DO was also 

measured amperometrically using the InPro 6800 (Mettler Toledo, US). Additionally, the 

medium temperature was measured utilising a PT100 connected to the Biostat digital 

control units (DCUs). The temperature was controlled automatically by adjusting the water 

temperature and the volume flow in the cooling circuit of the reactors. 

4.3.2 Physical scale-down model 

The state of the art presented various physical scale-down models that could be considered 

for the experimental part of this thesis. The experimental work (chapters 8 and 9), that will 

be presented, has been performed in a system consisting of two coupled stirred tank 

reactors.  

In the first section (chapter 4.3.2.1) the choice of the STR-STR configuration is explained 

and in the second section (chapter 4.3.2.2) the structure and specifications of the system 

are described. 

4.3.2.1 Selection of the physical model 

The selection of the STR-STR system was based on the two research questions posed in 

chapter 3.1. The experimental system must represent heterogeneous conditions (regarding 

substrates and dissolved oxygen concentration), and it must be possible to simulate the 

system with a structured mathematical model, which will be used for model-based process 

design of cultivations in the selected physical scale-down system. 

The STR-STR system offers the advantage over other scale-down systems (STR-PFR or 

single STRs with oscillations etc.) that the aerobic and anaerobic conditions can be set 

accurately in the two individual reactors. The oxygen gradients (e.g. in the tubular reactor 

section) in the other scale-down systems with plug flow reactors, single reactors with 

oscillating process conditions or single stirred tank reactors with built-in installations that 
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prolong the mixing time are more difficult to measure and characterise. This also applies to 

heterogeneous substrate concentrations. Furthermore, strictly speaking, lab-scale reactor 

systems with oscillations are not truly heterogeneous but have alternating homogeneous 

conditions and were therefore excluded. The mixing time is also easily adjustable in STR-

STR systems by modifying the volumetric flow rate between the reactors. 

The key objectives (defined in chapter 3.2) were the simulation of cultivations with non-ideal 

mixing conditions (research question #1) with a structured mathematical model and the 

model-based process design of processes with heterogenous conditions (research question 

#2). Therefore, the compatibility of the physical scale-down model with the mathematical 

model must also be considered for the selection of the physical model. The advantage of 

the STR-STR system over the other systems is that the two individual reactors can be 

assumed to be ideally mixed. This simplifies the simulation compared to systems with 

tubular reactors, as these can only be simulated with more effort (e.g. via partial differential 

equations or stirred tank cascades). Therefore, the simulation of tubular flow reactors 

usually requires smaller step sizes, resulting in more calculation iterations and longer 

simulation times, which would make model parameterisation more time-consuming and 

model-based process design difficult. For systems with built-in components that extend the 

mixing time, it is difficult to simulate the resulting heterogeneities. 

For these reasons, the chosen experimental approach of two coupled stirred tank reactors 

was ultimately selected, which is presented in the next subchapter. 

4.3.2.2 Specifications of the physical scale-down model 

The experimental investigation of the heterogeneous dissolved oxygen and substrate 

concentrations in a physical scale-down model were conducted in an STR-STR. 

This physical scale-down model was developed and consists of two 1 L stirred tank reactors 

(MDX Biotechnik International GmbH, Germany) (Figure 16). A description of the single 

bioreactors can be found in section 4.3.1 
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Figure 16: Physical scale-down model consisting of two connected 1 L stirred tank reactors 

(MDX Biotechnik International GmbH, Germany). 

The feed was added into one of the STRs by a single-channel syringe pump (LSP 01-1A, 

Longer Precision Pump Co., Ltd., China).  

The flow between the STRs was created via a two-channel peristaltic pump (TC/200, MDX 

Biotechnik International GmbH, Germany) with a maximum volumetric flow rate of 2 L min-1 

per channel. The circulation pump provided a user-defined volumetric flow rate from STR 1 

to STR 2 through the first channel of the pump. This first channel is referred to as “master 

channel” in the following. The second channel provided the flow from STR 2 to STR 1. The 

pressure on the piping was adjusted in order to provide a higher volumetric flow rate through 

the second channel. The inlet of the second channel was at a fixed height (at the liquid 

surface level) in STR 2 to ensure a constant volume during the SDM experiments. The inlet 

of the primary channel was located within the reactor medium during the experiments. This 

setup was able to maintain a constant volume in STR 2 without requiring any further volume 

and volumetric flow control. Calibration was only required for the volumetric flow rate 
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through the main pump channel (primary channel). In addition, this rate could be freely 

selected within the specified circulator parameters. 

During the cultivations, the pH value in both reactors was measured in situ using 

amperometric pH probes (EasyFerm Plus PHI S8 225, Hamilton, US in MDX-Biotech 

reactors). The dissolved oxygen concentration (DO) in the SDM experiments was 

determined using an optical dissolved oxygen (DO) probe (VisiFerm DO ECS 225 H0, 

Hamilton, US). The DO was controlled manually by adjusting the stirrer speed and/or 

aeration rate. The temperature in the SDM was controlled via an external water bath (Huber 

CC-104 A Pilot One). 

4.3.3 Determination of mixing times 

The mixing time was determined experimentally by measuring the time course of the pH 

after the addition of pH media bolus feeds (chapter 4.3.3.1) or calculated through 

mathematical correlations using dimensionless numbers (chapter 4.3.3.2). The 

experimental method for determining the mixing time was chosen primarily because it can 

be easily implemented with the existing equipment. 

4.3.3.1 Experimental determination of the mixing time 

Mixing times were determined by pH measurements after the addition of an acid (0.1 M HCl 

or addition of 20% phosphoric acid) or a base (0.1 M NaOH or addition of 20% potassium 

hydroxide solution). The pH value was measured experimentally in the SDM from the start 

of mixing (𝑦0) until an equilibrium pH value 𝑦𝑒𝑞𝑢𝑖𝑙 is reached. Prior descriptions of this 

measurement method exist (Ascanio 2015; Poulsen and Iversen 1997). Here, 𝑦1 is the 

pH value at which 90% of the total shift to equilibrium occurred.  

𝑦1 = 0.9 ∙ (|𝑦𝑒𝑞𝑢𝑖𝑙 − 𝑦0|) (4.2) 

The mixing time 𝑡𝑀90 is calculated as the time difference between the starting time 𝑡0 of the 

circulation pump (or addition of pH media) and the time 𝑡1 at 𝑦1. 

𝑡0 = 𝑡(𝑦0) 𝑎𝑛𝑑 𝑡1 = 𝑡(𝑦1) (4.3) 

𝑡𝑀90 = 𝑡1 − 𝑡0 (4.4) 

The mixing time 𝑡𝑀95 was also used in this work. 𝑡𝑀95 describes the mixing time where 95% 

of the change to equilibrium occurred and is calculated analogously to 𝑡𝑀90. 

Figure 17 displays a visualisation of the calculation of mixing times in a two-compartment 

system using the described method. 
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Figure 17: Mixing time determination for experimental data of a scale-down system 

consisting of two connected bioreactors. 

The mixing times were determined at least three times to ensure reliable results (three 

replicates). To achieve the desired mixing time, the volumetric flow rate of the circulation 

flow was adjusted. 

4.3.3.2 Theoretical calculation of the mixing time 

The estimation of the mixing time 𝑡𝑀 using dimensionless numbers and mathematical 

correlations is the second method used for determining the mixing time in systems. Nienow 

(2010) gives an approximation of the mixing time 𝑡𝑀 under turbulent conditions (Nienow 

2010). 

𝑡𝑀 = 6 ∙ 𝐷 ∙ 𝜀𝑇̅

−
1
3  ∙ (𝑑 𝐷)⁄ −

1
3 ∙ (𝐻𝐿 𝐷⁄ )2.5 (4.5) 

The parameter 𝑑 is the diameter of the stirrer, 𝐷 the diameter of the reactor. 𝐻𝐿 is height of 

the liquid medium in the reactor. For the calculation of the specific average energy 

dissipation 𝜀𝑇̅, the following equation is used. 

𝜀𝑇̅ =
𝑃

𝑉 ∙ 𝜌
 (4.6) 

The medium has a volume 𝑉 and the density 𝜌. The power input 𝑃 can be calculated by 

rearranging the definition of the Newton number Ne (Chmiel et al. 2018). 

𝑃 = 𝑁𝑒 ∙ 𝜌 ∙ 𝑁³ ∙ 𝑑5  (4.7) 

The speed of the stirrer is denoted as 𝑁. The Newton number for turbulent processes may 

be estimated using the following mathematical correlation proposed by Henzler (1982). 

(Henzler 1982). 



 

 

65 

 

Material and methods of the art 

𝑁𝑒 = 𝑧 ∙
𝑁𝑒0 + 187 ∙ 𝑄 ∙ (𝐹𝑟)−0.32 ∙ (𝑑 𝐷)⁄ 1.53

− 4.6 ∙ 𝑄1.25

1 + 136 ∙ 𝑄 ∙ (𝑑 𝐷)⁄ 1.14   (4.8) 

𝑧 represents the number of stirrer levels with 𝑁𝑒0 ≈ 4.9. 𝑄 refers to the aeration number 

and 𝐹𝑟 is the Froude number. The aeration number is calculated as the gaseous volumetric 

flow rate divided by the product of the stirrer diameter 𝑑 to the power of three and the stirrer 

speed. 

𝑄 =
𝑞𝐺

𝑑3 ∙ 𝑁
  (4.9) 

Equation (4.8) is only valid exclusively for turbulent conditions where the Reynolds number 

𝑅𝑒 exceeds 104 and when the specified condition is fulfilled. 

𝐹𝑟 < 0.07 ∙ (𝐷 𝑑⁄ )3  
(4.10) 

The Froude number is determined according to following equation and utilised to satisfy the 

previous condition. Furthermore, the Froude number is used for the calculation of the 

Newton number. 

𝐹𝑟 =
𝑑 ∙ 𝑁²

𝑔
  

(4.11) 

The factor 𝑔 is the acceleration due to gravity also known as the gravitational field strength. 

The Reynolds number is the product of stirrer diameter squared, stirrer speed and the 

medium density divided by the dynamic viscosity. 

𝑅𝑒 =
𝑑2 ∙ 𝑁 ∙ 𝜌

𝜂
  

(4.12) 

The dynamic viscosity 𝜂 can be approximated to 1 mPa s according to van't Riet and 

Tramper (1991) (van't Riet and Tramper 1991). Furthermore, it is assumed that the dynamic 

viscosity remains unaffected by the cell density and cultivation state. 

Additionally, equation (4.8) is only valid when the stirrer levels do not influence each other 

(∆ℎ 𝐷⁄ > 0.75, where ∆ℎ represents the distance between two stirrer levels) and when the 

quotient of the stirrer diameter divided by the reactor diameter 𝑑/𝐷 is between 0.2 and 0.42 

(Henzler 1982). If these prerequisites are fulfilled, the Newton number specified in equation 

(4.8) can be calculated and utilised to approximate the power input and finally the mixing 

time 𝑡𝑀. 

This method was only utilised when an experimentally performed measurement of the 

mixing time was not available or possible (chapter 9.1). 

4.3.4 Process performance indicators. 

Process performance indicators are calculated and used for evaluation of the individual 

cultivations. Yield coefficients in this work are describing a produced product divided by a 
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consumed substrate. The yield coefficient 𝑌𝑋/𝑆 (𝑌𝑋/𝑆𝐶  or 𝑌𝑋/𝑆𝑁) is the mass ratio of produced 

biomass (𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑) to consumed substrate (𝑚𝑆,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑). 

𝑌𝑋/𝑆 =
𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑

𝑚𝑆,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑
  (4.13) 

𝑌𝑃/𝑆𝐶 describes the mass ratio of produced product 𝑚𝑃,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 (ethanol) per consumed 

substrate 𝑚𝑆,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑 (e.g. glucose). 

𝑌𝑃/𝑆𝐶 =
𝑚𝑃,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑

𝑚𝑆𝐶,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑
  (4.14) 

Ethanol can also be consumed by yeasts for biomass growth. 𝑌𝑋/𝑃 is the yield coefficient of 

biomass (𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑) per ethanol consumed (𝑚𝑃,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑). 

𝑌𝑋/𝑃 =
𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑

𝑚𝑃,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑
 (4.15) 

For example, the maximum theoretically possible yield coefficient for glucose to ethanol is 

derived from the stoichiometric equation: 

𝐶6𝐻12𝑂6 → 2 ∙ 𝐶2𝐻6𝑂 + 2 ∙ 𝐶𝑂2 
(4.16) 

The yield coefficient 𝑌𝑃/𝑆𝐶 for the stoichiometric equations can be calculated using the molar 

masses of glucose (𝑀𝐺𝑙𝑐 = 180 g mol-1) and ethanol (𝑀𝐸𝑡𝑂𝐻 = 46 g mol-1). 

𝑌𝑃/𝑆𝐶 =
2 ∙ 𝑀𝐸𝑡𝑂𝐻

𝑀𝐺𝑙𝑐
=

2 ∙ 46 𝑔 𝑚𝑜𝑙-1

180 𝑔 𝑚𝑜𝑙-1
= 0.511

𝑘𝑔

𝑘𝑔
 

(4.17) 

Additional performance indicators are the growth, production, or uptake rates, which are 

calculated from experimental data. The growth rate µ𝑋 is calculated with the produced 

biomass 𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 observed over a time-period divided by the product of the average 

biomass 𝑚𝑋̅̅ ̅̅  multiplied by the time difference ∆𝑡 of the same time-period.  

µ𝑋 =
𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑

𝑚𝑋̅̅ ̅̅ ∙ ∆𝑡
 (4.18) 

The overall average biomass 𝑚𝑋̅̅ ̅̅  is calculated by the sum of the average biomass for each 

interval 𝑚𝑋,𝑖̅̅ ̅̅ ̅̅  between samplings weighted by the quotient of time interval ∆𝑡𝑖 divided by the 

complete total time interval ∆𝑡 considered. 

𝑚𝑋̅̅ ̅̅ = ∑ 𝑚𝑋,𝑖̅̅ ̅̅ ̅̅

𝑛

𝑖=1

(
∆𝑡𝑖

∆𝑡
) 

(4.19) 

This was done to account for different time intervals between samples and non-linear 

growth. The rate of substrate uptake 𝑟𝑆 as well as rate of product formation 𝑟𝑃 are calculated 

using the used substrate 𝑚𝑆,𝑢𝑠𝑒𝑑 and produced product 𝑚𝑃,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 respectively. 

𝑟𝑆 =
𝑚𝑆,𝑢𝑠𝑒𝑑

𝑚𝑋̅̅ ̅̅ ∙ ∆𝑡
 (4.20) 
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𝑟𝑃 =
𝑚𝑃,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑

𝑚𝑋̅̅ ̅̅ ∙ ∆𝑡
 (4.21) 

During many processes such as yeast cultivations the product (ethanol) can also be 

consumed, resulting in a calculable product uptake rate. Volume changes such as dilution, 

sampling and substrate input through feeding are considered in the calculation of the 

produced biomass and product and the consumed substrate. The equation for the produced 

biomass 𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 is modified to: 

𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 = 𝑐𝑋,𝑒𝑛𝑑 ∙ 𝑉𝑋,𝑒𝑛𝑑 − 𝑐𝑋,𝑖𝑛𝑖 ∙ 𝑉𝑖𝑛𝑖 + ∑ 𝑐𝑋,𝑠𝑎𝑚𝑝𝑙𝑒,𝑖 ∙ 𝑉𝑠𝑎𝑚𝑝𝑙𝑒,𝑖

𝑛

𝑖=1

 (4.22) 

For the calculation of 𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑, the initial, inoculated biomass 𝑚𝑋,𝑖𝑛𝑖 (product of the initial 

biomass density 𝑐𝑋,𝑖𝑛𝑖 and initial volume 𝑉𝑖𝑛𝑖) is subtracted from the final biomass 

𝑚𝑋,𝑒𝑛𝑑 (product of the final biomass density 𝑐𝑋,𝑒𝑛𝑑 and the final volume 𝑉𝑒𝑛𝑑). The total 

biomass which is removed from the bioreactor through sampling needs to be considered 

for the calculation of 𝑚𝑋,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑. The biomass in samples 𝑚𝑋,𝑠𝑎𝑚𝑝𝑙𝑒, is the sum of the 

biomass density in each sample 𝑐𝑋,𝑠𝑎𝑚𝑝𝑙𝑒,𝑖 multiplied by the corresponding sample volume 

𝑉𝑠𝑎𝑚𝑝𝑙𝑒,𝑖. 

The equation for the consumed substrate 𝑚𝑆,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑 is extended by a term considering the 

additional substrate 𝑚𝑆,𝐹𝑒𝑒𝑑 added by a substrate feed. 𝑚𝑆,𝐹𝑒𝑒𝑑 is calculated by multiplying 

the substrate concentration in the feed 𝑐𝑆,𝐹𝑒𝑒𝑑 with the feed volume 𝑉𝑓𝑒𝑒𝑑, assuming the 

concentration in the feed is constant. 

𝑚𝑆,𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑 = 𝑐𝑆,𝑖𝑛𝑖 ∙ 𝑉𝑖𝑛𝑖 + 𝑐𝑆,𝐹𝑒𝑒𝑑 ∙ 𝑉𝑓𝑒𝑒𝑑 − 𝑐𝑆,𝑒𝑛𝑑 ∙ 𝑉𝑒𝑛𝑑 − ∑ 𝑐𝑆,𝑠𝑎𝑚𝑝𝑙𝑒,𝑖 ∙ 𝑉𝑠𝑎𝑚𝑝𝑙𝑒,𝑖

𝑛

𝑖=1

 (4.23) 

Here, the final substrate 𝑚𝑆,𝑒𝑛𝑑 is subtracted from the initial substrate 𝑚𝑆,𝑖𝑛𝑖 and the 

substrate in the feed 𝑚𝑆,𝑓𝑒𝑒𝑑. From this difference, the combined substrate in all samples 

𝑚𝑆,𝑠𝑎𝑚𝑝𝑙𝑒 is subtracted. 

The modified equation for the mass of the total produced product 𝑚𝑃,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 is generated 

analogous to the equation for the produced biomass. 

𝑚𝑃,𝑝𝑟𝑜𝑑𝑢𝑐𝑒𝑑 = 𝑐𝑃,𝑒𝑛𝑑 ∙ 𝑉𝑒𝑛𝑑 − 𝑐𝑃,𝑖𝑛𝑖 ∙ 𝑉𝑖𝑛𝑖 + ∑ 𝑐𝑃,𝑠𝑎𝑚𝑝𝑙𝑒,𝑖 ∙ 𝑉𝑠𝑎𝑚𝑝𝑙𝑒,𝑖

𝑛

𝑖=1

 (4.24) 

The initial product 𝑚𝑃,𝑖𝑛𝑖 (product of the initial product concentration 𝑐𝑃,𝑖𝑛𝑖 and 𝑉𝑖𝑛𝑖) is 

subtracted from the final product 𝑚𝑃,𝑒𝑛𝑑 (product of the final product concentration 𝑐𝑃,𝑒𝑛𝑑 

and 𝑉𝑒𝑛𝑑). The total product in all samples 𝑚𝑋,𝑠𝑎𝑚𝑝𝑙𝑒, which is the sum of the product 

concentration in each sample 𝑐𝑃,𝑠𝑎𝑚𝑝𝑙𝑒,𝑖 multiplied by 𝑉𝑠𝑎𝑚𝑝𝑙𝑒,𝑖 is added to the previous 

difference. 
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4.4 Software  

For this work and the tests of the research hypotheses, the application of different software 

tools was required, ranging from modelling and program development environments, 

programming languages to visualisation programs and data handling tools (see Table 6). 

Table 6: Software (and version) used for process simulation, experimental evaluation, data 

processing, data visualisation etc. as well as their developers (Windows and Excel were 

updated automatically). 

Software Version Usage Developer / Publisher 

C-eStIM 2021-11 Model code 

Florian Kuhnen, VC 

Hass, City University of 

Applied Sciences, 

Bremen, Germany 

Excel 365 - 

Data processing, Data 

visualisation, Spreadsheet 

calculations 

Microsoft Corporation 

gnuplot 
5.4 patch 

level 8 
Data visualisation  

Thomas Williams, Colin 

Kelley 

Notepad ++ 8.4.8 Text Editor / Code Editor Don Ho 

Python 3.9.12 

Data processing, Model 

stability tests, data 

visualisation 

Python Software 

Foundation, Guido van 

Rossum 

R 4.2.2 

Data processing, Parameter 

identification, mDoE, NMPC, 

model generation tool, data 

visualisation 

R Core Team 

R-Studio 
2022.07.2 

Build 576 
IDE for R Posit, PBC 

Spyder 5.1.5 
Integrated development 

environment (IDE) for Python 

Carlos Córdoba, Pierre 

Raybaut 

Visual 

Studio 2019 
16.11.8 Installing C-eStIM Microsoft Corporation 

Windows 

10 & 11 
- Operating system (OS) Microsoft Corporation 

C-eStIM is a simulation program written in C++ for developing models for dynamic systems 

(Hass et al. 2005; Kuhnen 2008). In principle, any system described by coupled ordinary 
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differential equations (ODE) can be simulated. In this thesis, C-eStIM is utilised to create 

the mathematical model code for the simulation of yeast cultivations under non-ideal mixing 

conditions. The base mathematical model is described in the following chapter 4.5 and 

adaptations to the model are presented in chapter 5.2. C-eStIM contains libraries (Table 20 

in Appendix) for compiling the model code into an executable model program, identifying 

parameters, and more.  

The model-code is written into several >*.cpp< files, which are compiled by a C++ compiler 

used by C-eStIM into an executable program (file extension >*.exe< or >*.so< for Unix 

systems). The model settings, parameters, and initial values are written into a configuration 

file with the filename extensions >*.cfg<. The profiles (trajectories) of control variables are 

defined in control files (>*.xct<). The model is initiated through the command line, and it 

retrieves the chosen configuration file and all control profiles. The solutions of the nonlinear 

differential equation of the mathematical model are approximated with the Runge-Kutta 

method (Runge 1895). The results of each ODE and selected variables are saved into 

separate text files with the file extension >*.sim< or in one overall simulation result file 

(>simulation.result<). 

R (R Core Team 2023; Giorgi et al. 2022; Ihaka and Gentleman 1996) and algorithms within 

R packages were used for the development of the parameter identification algorithm 

(ParIde, chapter 4.6.1), the model-based design of experiments (mDoE, chapter 5.3), 

the process optimisation (NMPC, chapter 5.4) and for the model generation tool (chapter 

5.2.2). Table 7 provides details about the R packages used and in which developed 

software tools the respective packages were used.  

The creation of data visualisations was achieved through utilising the plotting software 

gnuplot, which is based on C. The code for gnuplot is written in >*.plt< files and interpreted 

by the software to display an output on screen. Additionally, the graphics can be saved in 

standard graphic files formats like >*.png< or >*.jpg<. (Thomas Williams and Colin Kelley 

2021) 

The Python programming language (van Rossum 2010) was employed for data processing, 

primarily for the conducting model stability tests and calculating process performance 

indicators (such as yield coefficients). Additionally, Python was utilised for visualising data. 

The Python packages “pandas” (The pandas development team 2020) and “numpy” (Harris 

et al. 2020) were utilised for the data handling and “matplotlib” for visualisations (Hunter 

2007).  
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Table 7: List of R packages, their main usage, and the software tools in which they were 

utilised. The software tools are the parameter identification (ParIde), model-based design 

of experiments (mDoE) and nonlinear model predictive control (NMPC). 

Package Usage ParIde mDoE NMPC Source 

lme4 
Optimisation 

algorithms 
X  X 

(Bates et 

al. 2015) 

nloptr 
Optimisation 

algorithms 
X  X 

(Johnson 

2022) 

reshape2 Reshaping dataframes X   
(Wickham 

2007) 

lhs 
Latin Hypercube 

Sampling 
 X  

(Carnell 

2022) 

rsm 
Calculation of 

response surfaces & 

visualisation 

 X  
(Lenth 

2009) 

zoo 
Replacing “NA” values 

in dataframes 
X   

(Zeileis 

and 

Grothendi

eck 2005) 

matrixStats 
New functions for 

matrices (e.g. quantile 

determination) 

 X  
(Bengtsso

n 2022) 

truncnorm 
Random number 

generation around 

normal distribution 

X   

(Mersman

n et al. 

2018) 

Data visualisation     

ggplot2 Data visualisation X X X 
(Wickham 

2016) 

plotly Data visualisation  X  
(Sievert 

2020) 

ggthemes 
Themes for data 

visualisation 
X X X 

(Arnold 

2021) 

RColorBrewer Colour palettes X  X 
(Neuwirth 

2022) 

 

  



 

 

71 

 

Material and methods of the art 

4.5 Mathematical model 

The first research question that shall be answered is, if a structured, mechanistic 

mathematical model, calculating several interconnected ideally mixed zones, is able to 

approximate the flow patterns in stirred tank reactors and describe the effects caused by 

non-ideal mixing in biotechnological processes with complex kinetics. In the state of the art 

(chapter 2.5.3), structured biokinetic models have been identified as potentially the most 

suitable biokinetic submodel since they offer a sufficient description of the dynamics of 

bioprocesses while computation times are low enough for the application in model-based 

process design methods. 

For this reason, the already existing, structured “6-Compartment model” published by 

Brüning (2016) was selected as the basis and extended for the simulations within this 

thesis. This model is built upon a model based on four biomass compartments by Witte 

(Witte 1996), which has been extended to six biomass compartments by Brüning (Brüning 

2016). This extension resulted in a generalised and versatile model capable of calculating 

growth on multiple substrates (carbon source and nitrogen source), including diauxic growth 

and maintenance metabolism (Witte 1996). 

The structure allows the model to simulate cultivations of various organisms, such as yeast 

(S. cerevisiae), bacteria (E. coli & L. delbrueckii), fungi (C. striatus), as well as mammalian 

cell lines (hybridoma and CHO cells), solely by adapting the model parameter set (Brüning 

2016).  

The model was extended to use multiple simultaneously active (sub-)models to simulate 

the biological behaviour of cells (e.g. cellular properties), physicochemical quantities such 

as the dissolved oxygen concentration (DO), temperature or pH, as well as reactor and 

product properties (Pörtner et al. 2017a). These three submodels namely the biokinetic, 

physico-chemical and reactor submodel are interconnected to form a submodel framework 

(Blesgen 2009; Brüning 2016; Blesgen and Hass 2010; Gerlach et al. 2013). 

The interactions between the submodels are illustrated in Figure 18 (Brüning 2016; Witte 

1996). 
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Figure 18: Interactions between “biokinetic”, “reactor” and “physicochemical” submodels.  

The individual submodels can be parameterised and modified independently. This facilitates 

a rapid and simple parameter identification of submodel parameters, as well as a swift 

substitution and expansion of models within the framework.  

4.5.1 Reactor submodel 

The reactor model forms the central component in the submodel framework, calculating the 

concentrations of metabolites which are derived from general mass and energy balances 

(Chmiel et al. 2018; Himmelblau and Riggs 2012). The change of the medium volume is the 

difference between the volumetric flow rates of the inputs 𝐹𝑣,𝑖𝑛 and outputs 𝐹𝑣,𝑜𝑢𝑡. 

𝑑𝑉

𝑑𝑡
= 𝐹𝑣,𝑖𝑛 − 𝐹𝑣,𝑜𝑢𝑡 

(4.25) 

The mathematical model uses the volume balance as well as mass concentrations and 

partial densities (kg m-³ = g L-1) for further balances which are directly derived from the mass 

balance, with the assumption that the medium has a constant density throughout the 

process. 

𝑑𝑐𝑖

𝑑𝑡
= 𝑟𝑖

+ ∙ 𝑐𝑋𝑣 − 𝑟𝑖
− ∙ 𝑋𝑣 + 𝑐𝑖 ∙

𝐹𝑖

𝑉
− 𝑐𝑖 ∙

𝐹𝑣,𝑖𝑛

𝑉
 

(4.26) 

The production rates 𝑟𝑖
+ and the uptake rates 𝑟𝑖

−are each multiplied with the viable biomass 

density 𝑐𝑋𝑣. The differential equations also include the concentrations 𝑐𝑖 and volumetric flow 

rate 𝐹𝑖 of feed streams. Furthermore, dilution effects are included into the model by 

multiplying the sum of the volumetric feed rates 𝐹𝑣,𝑖𝑛 with the medium concentration 𝑐𝑖 

Physico-

chemical 

submodel

Biokinetic 
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divided by the medium volume 𝑉. The resulting concentrations are transferred to the 

biokinetic submodel.  

4.5.2 Physico-chemical submodels 

Physico-chemical submodels extend this structure and calculate the rates of change and 

values of physico-chemical variables, including dissolved oxygen concentration (DO), 

temperature (T), pH-value (pH), exhaust gas-concentrations. These rates are transferred 

back to the reactor submodel which in return calculates the resulting values (process 

states). The values of physico-chemical variables may subsequently affect the kinetics of 

the biological submodel (Blesgen and Hass 2010).  

4.5.3 Biokinetic submodel 

The structured, biokinetic submodel is based on the “6-compartment model” by Brüning 

(2016) and splits the biomass into six linked, separate compartments each with different 

metabolic roles (Brüning 2016). The uptake rate 𝑟S for each substrate are the rate-limiting 

steps of the mathematical model and are calculated according to equation (4.27). 

𝑟S = 𝑟S,max (
𝑐S

𝐾𝑠 + 𝑐S
) ∙ (

𝑐𝑋

𝑐𝑋𝑣
) ∙ (∏ 𝑓Dsig(𝑥𝑖)

𝑛

𝑖=1

) 
 

(4.27) 

The maximum uptake rate 𝑟S,max is multiplied by a quotient which encompasses the 

substrate concentration 𝑐S divided by the sum of 𝑐S and the half-saturation constant 𝐾𝑠 

(Monod-kinetic). Since there are various biomass compartments with individual uptake 

rates, the differential equations (see equation (4.26)) multiply all rates with the viable 

biomass density 𝑐𝑋𝑣. As a result, the uptake rates are multiplied with the quotient of the 

density of the considered biomass compartment (here, 𝑐𝑋) divided by the viable biomass 

density 𝑐𝑋𝑣. The addition of the resulting uptake rates for each compartment yields the total 

uptake rate 𝑟S,total. 

𝑟S,total = ∑ 𝑟S,i

𝑛

𝑖=1

 (4.28) 

The individual rates may also be influenced by metabolite concentrations or physico-

chemical variables. Changes in the cellular metabolism are computed by multiplying the 

uptake rates with the product of multiple double sigmoid functions 𝑓𝐷𝑠𝑖𝑔 of the value of 

a state variable 𝑥 such as a metabolite concentration or physico-chemical variables, for 

example the pH. 

𝑓𝐷𝑠𝑖𝑔(𝑥) = (𝑌𝑙 +
𝑌mid − 𝑌l

1 + 𝑒−𝐾sl(𝑥−𝑋50,l)
) ∙ (1 +

𝑌h 𝑌mid⁄ − 1

1 + 𝑒−𝐾sl(𝑥−𝑋50,h)
) (4.29) 
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The result of 𝑓𝐷𝑠𝑖𝑔 becomes 𝑌𝑙 for low 𝑥 and 𝑌h for high 𝑥. 𝑌mid is the result of the function 

between 𝑋50,l and 𝑋50,h. The parameters 𝑋50,l and 𝑋50,h define the halfway point of the slope 

on the low and high side. 𝐾sl defines the slope of the gradient. 𝑌mid corresponds to the 

standard result of the double sigmoid function and is equal to one and therefore the result 

of 𝑓𝐷𝑠𝑖𝑔 without an influence on the result. This applies when 𝑌h and 𝑌l are both equal to 

one, or when 𝑥 is between 𝑋50,l and 𝑋50,h outside of the slopes. Four examples of different 

double sigmoid functions with different sets of coefficients (parameters) are illustrated in 

Figure 19 (parameter values listed in Table 8). 

 

Figure 19: Example of double-sigmoid functions with different sets of coefficients 

(parameter sets listed in Table 8) 

Table 8: Parameter sets of the double sigmoid functions in Figure 19. 

 𝒀𝒍 𝒀𝒎𝒊𝒅 𝒀𝒉 𝑿𝟓𝟎,𝐥 𝑿𝟓𝟎,𝐡 𝑲𝐬𝐥 

A 0.0 1.0 1.0 4.0 10.0 1.5 

B 0.8 0.8 0.0 5.0 0.0 15.0 

C 0.0 1.0 0.0 2.0 8.0 3.0 

D 0.5 0.0 1.0 2.0 7.0 10.0 

The function is additionally utilised to describe effects of state variables on various rates 

such as activation, inactivation, or death rate, as well as on yield coefficients. Additionally, 

double-sigmoid functions calculate switch values and transitions between metabolic states 

such as aerobic and anaerobic metabolism or between diauxic and non-diauxic growth. 

The following generalised stoichiometric function is representing every modelled metabolic 

pathway. 

CxHyOz + 𝜈𝛼O2 + 𝜈𝛽HgOhNi → 𝜈𝛾CaHbOcNd + 𝜈𝛿CO2 + 𝜈𝜀H2Ot + 𝜈𝜁C𝑗H𝑘O𝑙N𝑚 (4.30) 

The stoichiometric coefficients 𝜈𝑖 are defined as parameters and are employed in the 

equations to determine the mass ratio of the products relative to the substrate used. 
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𝑌𝑖/𝑆 = 𝜈𝑖,𝑆

𝑀𝑊𝑖

𝑀𝑊𝑆
 (4.31) 

The molecular weight for the metabolites involved in the pathway (e.g. biomass, O2, 

byproduct) is defined as 𝑀𝑊𝑖, while the weight of the substrate of that pathway is named 

𝑀𝑊𝑆. The individual rates for every substance involved are calculated by multiplying the 

yield coefficients 𝑌𝑖/𝑆 with the uptake and production rate of the corresponding substrates. 

The resulting rates are used according to equations (4.26) and (4.27). (Gerlach et al. 2013; 

Brüning 2016) 

4.6 Computer-assisted evaluation of simulations 

Multiple methods were used to evaluate the simulations of the developed mathematical 

model (see chapter 5.2). The parameter identifications employed a weighted squared mean 

deviation (WSMD, described in chapter 4.6.1). Simulation results were also evaluated using 

the coefficient of determination (R²) as described in chapter 4.6.2. For the evaluation of the 

mDoE experiments, a desirability score is calculated (chapter 4.6.3). The results might be 

visualised and assessed using response surfaces based on the quadratic functions 

introduced in chapter 4.6.4. 

4.6.1 Identification of model parameters 

The model parameter identifications are performed by minimising the weighted mean 

squared deviation (WMSD).  

𝑊𝑀𝑆𝐷 = ∑
(𝑦𝑠,𝑖 − 𝑦𝑖)

2

𝑛
𝑘𝑖,𝑊𝑒𝑖𝑔ℎ𝑡𝑖𝑛𝑔

𝑛

𝑖=1

 (4.32) 

WMSD is determined by computing the squared difference of the determined value 𝑦𝑖 and 

the simulated value 𝑦𝑠,𝑖, which is then multiplied by a factor for weighting individual data 

points 𝑘𝑖,𝑊𝑒𝑖𝑔ℎ𝑡𝑖𝑛𝑔. The resulting value is divided by the number of data points 𝑛 in the data 

set. The weighting accounts for dimensional differences among data points. WMSD was 

minimised in all parameter identifications using the downhill simplex method (Nelder Mead 

method) provided in the R package nloptr (Nelder and Mead 1965; Johnson 2022). 

4.6.2 Coefficient of determination 

Simulations are quantitively evaluated and compared to experimental data using the 

coefficient of determination (R²), which includes the differences between the simulated 𝑦𝑠,𝑖 

and the experimental data 𝑦𝑖, as well as the differences between the experimental data and 

their mean value 𝑦̅.  
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𝑦̅ =
1

𝑛
∙ ∑ 𝑦𝑖

𝑛

𝑖=1

 (4.33) 

R² is calculated as follows: 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦𝑠,𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 (4.34) 

Possible values for R² range from negative infinity to one. If the value of R² is equal to one, 

the data points perfectly align with the model solution. However, if R² is below zero, the 

mean of the determined data points is closer to the experimental data than the model 

solution (Colin Cameron and Windmeijer 1997; Sachs and Hedderich 2006). 

R² is calculated in this work either for single concentrations and the biomass density, or as 

a total R² for all offline data together. 

4.6.3 Desirability score 

The desirability score 𝐷𝑖 is utilised to evaluate the results of the mDoE, when the mDoE is 

performed with an uncertainty evaluation. 𝐷𝑖 indicates how desirable individual 

experimental settings are during the application of the mDoE. The algorithm used in this 

work for the calculation of 𝐷𝑖 is based on Möller et al. (Möller et al. 2019) and was realised 

using the programming language R (R Core Team 2023; Giorgi et al. 2022; Ihaka and 

Gentleman 1996). A higher desirability score indicates a more desirable experimental 

setting. 𝐷𝑖 is the combination of a result of an optimisation function while incorporating the 

variability of this result into the score (Candioti et al. 2014; Möller et al. 2019). Prior to the 

calculation of 𝐷𝑖 an mDoE run has to be performed where each setting in the design space 

must be simulated multiple times (𝑛-times) with different parameter sets (see section 5.3) 

(McKay et al. 1979; Gargalo et al. 2016).  

For each point in the design space, the average result 𝑥̅𝑖 and the variability 𝑣𝑖 of the 

optimisation function are calculated. The variability is the difference between the 10% and 

90% quantile of the optimisation function utilising the function rowQuantiles of the 

matrixStats package in R (Bengtsson 2022). A small variability could indicate a robust 

experimental setting and is therefore desirable.  

For this reason, the objective is to maximise 𝑥̅𝑖 while simultaneously minimising 𝑣𝑖. 

The lowest 𝑥̅𝑖 and the highest variability 𝑣𝑖 of all simulated settings are assigned normalised 

desirability scores of zero (worst setting). (Candioti et al. 2014; Möller et al. 2019; Moser et 

al. 2021) 

𝐿(𝑥̅) = min(𝑥̅𝑖) with 𝑑(𝐿(𝑥̅)) = 0 (4.35) 

𝐿(𝜈) = max(𝑣𝑖) with 𝑑(𝐿(𝑣)) = 0 (4.36) 
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The highest 𝑥̅𝑖 and lowest 𝑣𝑖 are assigned to normalised desirability scores of one (best 

setting). 

𝑈(𝑥̅) = max(𝑥̅𝑖) with 𝑑(𝑈(𝑥̅)) = 1 (4.37) 

𝑈(𝜈) = min(𝑣𝑖) with 𝑑(𝑈(𝑣)) = 1 (4.38) 

In the next step, the individual desirabilities for the average result 𝑑(𝑥̅𝑖) and the variability 

𝑑(𝑣𝑖) are determined (Candioti et al. 2014; Möller et al. 2019). 

𝑑(𝑥̅𝑖) = (
𝑥̅𝑖 − 𝐿(𝑥̅)

𝑈(𝑥̅) − 𝐿(𝑥̅)
) (4.39) 

𝑑(𝑣𝑖) = (
𝑣𝑖 − 𝐿(𝑣)

𝑈(𝑣) − 𝐿(𝑣)
) (4.40) 

Since the desirability of the variability 𝑑(𝑣𝑖) shall be minimised, it is inversely calculated to 

𝑑(𝑥̅𝑖) (Candioti et al. 2014; Möller et al. 2019). 

Both individual desirabilities 𝑑(𝑥̅𝑖) and 𝑑(𝑣𝑖) are combined into the desirability score 𝐷𝑖. 

𝐷𝑖 = 𝑤𝑥 ∙ 𝑑(𝑥̅𝑖) + 𝑤𝜈 ∙ 𝑑(𝑣𝑖) (4.41) 

The impact of the mean result and the variability on the desirability score is influenced via 

the weighting factors 𝑤𝑥 and 𝑤𝜈. The sum of both weighting factors must equal one. 

𝑤𝑥 + 𝑤𝜈 = 1 (4.42) 

In this thesis the average simulated biomass density 𝑑(𝑥̅𝑖) was weighted with 0.8 and 𝑑(𝑣𝑖) 

with 0.2 for the calculation of the desirability score (chapter 7.1.2). This should put the 

emphasis on maximising the biomass density (or optimisation criterion) while the variability 

is still important (Moser et al. 2021). 

4.6.4 Quadratic response surface 

The parameters of quadratic functions are adapted to the results from the model-based 

design of experiment. The resulting quadratic functions are then graphically visualised and 

can assist the evaluation of the results of the designs. In the first case with a single variable 

x (univariate case) the quadratic function is (Anderson 2016): 

𝑓(𝑥) = 𝑎𝑥2 + 𝑏𝑥 + 𝑐 (4.43) 

The resulting curve is a parabola, which is symmetrical parallel to the y-axis. With two 

variables (bivariate case) the quadratic function is modified and contains bilinear terms: 

𝑓(𝑥, 𝑦) = 𝑎𝑥2 + 𝑏𝑦2 + 𝑐𝑥𝑦 + 𝑑𝑥 + 𝑒𝑦 + 𝑓 (4.44) 

This function is capable of describing circles, ellipsoids, or parabolas. In cases with three 

factors or variables the function is extended to the following form: 

𝑓(𝑥, 𝑦, 𝑧) = 𝑎𝑥2 + 𝑏𝑦2 + 𝑐𝑧2 + 𝑑𝑥𝑦 + 𝑒𝑥𝑧 + 𝑓𝑦𝑧 + 𝑔𝑥 + ℎ𝑦 + 𝑖𝑧 + 𝑗 (4.45) 
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This three-dimensional quadratic function is employed and adapted to represent three-

factorial design of experiments. At least one of the coefficients of the quadratic terms of 

each function must be non-zero. (Anderson 2016) 

The coefficients are adapted by maximising the coefficient of determination with the 

application of the Nelder-Mead algorithm (Nelder and Mead 1965). The calculation is 

executed using the rsm package in R (Lenth 2009). 

4.7 Sensitivity analysis and plausibility check 

The sensitivity analysis is performed to determine the sensitivity of the mathematical model. 

Different approaches for sensitivity analyses exist, where different components, variables 

or factors of the model are varied/modified and the influence on the simulation results is 

quantified and/or visualised. These factors, components and variables include: 

• Values of model parameters 

• Initial values of variables 

• Trajectories of control functions and variables 

• Step size of the integration algorithm of the model 

• Model equations and kinetics 

As commonly suggested, these factors are varied one at a time (OFAT – one-factor-a-time) 

and the factor levels are either user-defined or determined by Monte-Carlo methods (Sin et 

al. 2009). 

The sensitivity analysis in this work was based on parameters and model settings specific 

to the newly developed model. The sensitivity analysis performed includes: 

• Values of control variables in reactors of the SDM (chapter 6.2 and 6.4) 

• Different reactor designs (chapter 6.3.1) 

• Discretisation of the model (number of reactor zones and models) (chapter 6.3.2) 

The simulation results of the sensitivity analysis are displayed and interpreted. The results 

of this analysis are used to check plausibility of the model simulations.   
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5 Model generation, utilisation, and validation workflow 

Two research questions were introduced in chapter 3. The first research question 

hypothesises that a structured mathematical model with multiple interconnected stirred tank 

reactor models and an incorporated flexible structure might be suitable for the description 

of effects caused by heterogeneous conditions in biotechnical processes with complex 

kinetics. These heterogeneous substrate or dissolved oxygen concentrations are caused 

by non-ideal mixing in production reactors. Alternatively, they can be controlled and 

adjusted in scale-down systems on the laboratory scale. The second question asks how the 

process operation of biotechnological processes under controlled heterogenous conditions 

can be systematically designed. To investigate these research questions, new software 

tools and a workflow had to be created and evaluated. 

The new workflow assists the application of the mathematical model and model-assisted 

software tools. It was developed with the aim to be able to answer the research questions 

and in order to obtain a validated model (chapter 5.1). This workflow was followed and 

experimentally evaluated (chapters 7 to 9). 

The mathematical model is intended to describe yeast cultivations on a laboratory scale in 

ideally mixed reactors and a scale-down system consisting of two connected stirred tank 

reactors. The existing mechanistic, mathematical (biokinetic) model introduced in 

chapter 4.5 was modified and extended to be capable of simulating processes under 

heterogeneous conditions (see chapter 5.2). This was achieved by utilising the option to 

simulate any number of ideally mixed STR models (maximum number is limited by the 

computing power) that are interconnected with each other to form a network (network of 

zones model) (Moser et al. 2024). 

Even small modifications to the model such as a change of the number of STR models were 

initially too time-consuming. A short development time was necessary since different model 

configurations were needed throughout this thesis, especially for the simulation 

(and sensitivity) study in chapter 6. For this reason, a software tool for the automatic 

generation of user-defined process models was created (chapter 5.2.2) which reduces the 

development time from multiple days of manual work to a few minutes (Moser et al. 2024). 

The new mathematical model was utilised for model-assisted process operation 

by calculating predetermined fixed feeding profiles (a) and adaptive feeding profiles (b) 

(2nd research question). The fixed feeding profiles were determined with a modified model-

assisted design of experiments (mDoE) software. This method was used for model 

development and process optimisation (chapter 7.2) and for the calculation of experimental 

conditions of a model validation experiment (chapter 8.3.2.3). The modified mDoE method 

is described in chapter 5.3. An adaptive feeding profile was determined by an NMPC to 
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recreate data of an industrial pilot reactor process on the laboratory scale. (chapter 9.3). 

The developed NMPC is based on the OLFO-control algorithm and is presented in chapter 

5.4. 

5.1 Process development and model validation workflow 

To answer the two research questions (chapter 3), a new mathematical model and software 

tools in combination with a physical experimental system were required, which were 

incorporated into a workflow (Figure 20). The experimental investigations on the laboratory 

scale were performed in ideally mixed bioreactors as well as in a bioreactor system 

consisting of two connected stirred tank reactors (physical scale-down model / SDM).  

 

Figure 20: Workflow for simultaneous process and model development as well as 

optimisation for processes under non-ideal mixing conditions under heterogenous 

conditions (distributions of concentrations in space, varying in time). 

The mechanistic, mathematical model development is assisted by a model generation tool 

(chapter 5.2.2) (Moser et al. 2024). This tool generates customised user-defined models, 

which are applicable to systems containing one single or multiple connected bioreactors. 

Furthermore, the user is able to select the desired submodels. The model generation tool 
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needs a preliminary configuration file with a parameter set. This parameter set is only used 

for the model generation and should include all double sigmoid function, which shall be 

implemented into the model.  

This is followed by the model integrity test which is performed in two stages. First stage is 

the successful compilation of the model; the second stage checks if the model is functional 

and produces reasonable simulation results. Both these stages are supported by the model 

generation tool since only functioning models should be created. If the model is 

nevertheless failing to produce any simulation results, the model equations and initial 

parameter set must be checked for errors and be corrected. After a successful integrity test, 

a first parameter identification is conducted with available historic, literature or heuristic 

data. 

These steps, until a functioning model is obtained, take only a few minutes instead of days; 

the parameter identification takes a few hours. This made the upcoming sensitivity analysis 

and simulation study feasible. For the developed model, the simulation study represents the 

sensitivity analysis and includes simulations of different reactor designs, discretisation of 

the model and varying control variables. The simulation results are analysed and 

interpreted. 

This is accompanied by a plausibility analysis. This analysis has the goal of checking the 

plausibility of the mathematical model. It simultaneously improves understanding of 

correlations and relationships within the simulation results, which is important for an 

effective parameter identification. Usually the sensitivity of model parameters, initial 

variables or process variables is visualised and quantified (chapter 6). 

The plausibility is usually checked by interpreting and comparing the simulation results 

against expectations, experimental data, and/or other prior knowledge of the process. 

If the model is found to be plausible, new experiments may be designed and conducted with 

the model’s assistance. The new experimental data are used to identify the model 

parameters, followed by testing the precision of the model simulations against experimental 

data. For this thesis, values of R² of above 0.8 are deemed good, while those above 0.9 are 

desirable. The quality of the model parameterisation is additionally evaluated based on 

qualitative criteria and the evaluation is supported by graphical comparisons. The criteria 

include characteristics of the process, such as similar values of process variables, similar 

times for extremes, comparable gradients (production or uptake rates of substances or 

growth rate of the biomass). 

When only limited experimental data are available, conducting a Monte-Carlo uncertainty 

analysis might be advantageous during parameterisation. During this analysis, multiple 

model parameter identifications are performed to quantify the model and parameter 
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uncertainty. Simulating the process multiple times with different parameter sets derived from 

the parameter uncertainty yields a predicted process robustness (Möller et al. 2020).  

However, when a large experimental data pool is available, it might be better and faster to 

perform one parameter identification with all data. With an increase in available, reliable 

data representing different experimental settings and effects, the parameter identification 

generally results in a more general and robust parameter set. A parameter set producing 

reliable and robust simulation results is essential for the application of the model in model-

based process control and design methods. 

After the parameter identification, two model-assisted process design methods are 

available. The first option for the model-based process design is a modified version of 

model-assisted design of experiments (mDoE), the second option the application of an 

adaptive nonlinear model predictive control (NMPC).  

In this work, mDoE was performed with the aim of reducing experimental effort during 

process development and optimisation, and with the aim of designing a model validation 

experiment in the area of the desired process performance. The application of mDoE offers 

the advantage of being a multidimensional sensitivity analysis regarding the chosen factors 

besides being applicable for process operation design. Information is obtained about the 

location and shape of the area with desirable process performances. Based on this 

information, experiments are selected that should either optimise the process, improve the 

model and its parameterisation, or preferably accomplish both. Furthermore, all model 

simulations are performed before the experiments are carried out which simplifies the 

application of mDoE. But, because of this, the model must be well adjusted to the process 

since no adaption of the model is performed during the experiment. The mDoE was modified 

during this work to simulate detailed design spaces, with many (> 1000) factor combinations 

(simulated experimental settings) within the selected boundaries. This increases the 

reliability of the mDoE, as the resulting design space is not so strongly dependent on the 

selected boundaries (see chapter 7.2.1). In addition, the increased resolution can be used 

directly for the graphical assessment and enables an innovative approach of evaluating the 

predicted process robustness (see chapter 5.3). 

The experiments determined by the modified mDoE can be simultaneously used for the 

validation of the model, as new experimental conditions are determined. The model is 

validated if the new experimental data and the predicted simulation agree with a satisfactory 

accuracy (R² > 0.8). The application of the mDoE (see chapter 8.3.2.3) could therefore 

facilitate the answering of both research questions (chapter 3.1) of this thesis. 

An NMPC was utilised in this work to obtain data of desired process conditions and with the 

aim of simultaneously reproducing data of a pilot scale experiment on the laboratory scale. 
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The application of an NMPC (OLFO-control) involves repeated parameter identifications 

during the experiment. This allows for the usage of process models with parameter sets 

that are not yet well fitted, since the parameter sets are improved during the experiment. 

However, this requires modelling effort during the running cultivation, as both a parameter 

identification and a model-based control (optimisation of control trajectories) are performed. 

These simulations should be carried out as fast as possible to minimise the time between 

the last sample being taken, all relevant values being determined, the identification of the 

model parameters and finally the transfer of the optimised control trajectories to the process. 

A great advantage of the application of an NMPC is, that the operational strategies of the 

processes are periodically recalculated since disturbances might occur that might influence 

the process performance. Furthermore, the NMPC is utilised to optimise the process and 

simultaneously improve the identification of the model close to the expected optimum. 

Newly acquired experimental data, which was not used for parameter identification, can be 

used for the validation of the model. The precision of the experimental data is checked 

against the prediction of the mathematical model. This is done by calculating the R² 

(R² > 0.8, desirably R² > 0.9) and additionally comparing the experimental and simulated 

data visually. If the validation is not successful, the model must be modified, or the model 

parameters identified again. If the process optimisation is not satisfactory or incomplete, 

the mDoE or the NMPC should be repeated. 

The two methods could also theoretically complement each other. For example, the mDoE 

can be carried out initially, prior to cultivation, and the resulting cultivation experiment can 

be controlled with the utilisation of an NMPC. 

This workflow aims at validated models that are well parameterised for desirable process 

performances. Furthermore, the process is optimised in parallel with the mathematical 

model. 

This workflow was tested and validated for S. cerevisiae processes in lab-scale bioreactors 

(chapter 7), as well as for processes with special distributions of the dissolved oxygen and 

substrate concentration (chapter 8 and chapter 9). Chapter 6 comprises the simulation 

study and model plausibility study for the newly developed mathematical model. 

5.2 Adaptations to the mathematical model 

The mathematical model must be able to simulate the effects of heterogeneous conditions 

caused by non-ideal mixing. In the case of industrial S. cerevisiae cultivations, the dissolved 

oxygen concentration (DO) or/and the substrate concentration were identified to potentially 

exhibit spatial distributions in the reactor medium that might have a relevant influence on 
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the process performance. These heterogeneous concentrations might be simulated with a 

reactor compartment model / network of zones model. 

For an effective application of the mathematical process model, three challenges and 

bottlenecks have been identified and need to be overcome: 

1) Mathematical representation of cultivations under heterogenous conditions and in 

scale-down models caused by non-ideal mixing. 

2) Fast, flexible adaptations, additions, or removals of submodels without laborious 

work to e.g. change the number of reactor models or reduce the simulation time. 

3) Fast computation times are needed for an effective application of the model in 

parameter identification as well as in process design and operation. 

These challenges are addressed by three components, an extended model structure and a 

versatile, innovative model generation tool: 

1) A model using a network of zones (STR models) allows for the representation of 

different reactor configurations. This enables the simulation of scale-down systems 

consisting of multiple connected stirred tank reactors including the connection 

between the reactors. Furthermore, this structure should be capable of modelling 

non-ideal mixing conditions and flow patterns in bioreactors, as these might 

significantly affect the kinetics, performance, and dynamics of bioprocesses. 

It is important to incorporate flexibility to represent various reactor types and/or non-

ideal mixing through modifications in the reactor submodel. These modifications to 

the model are described in chapter 5.2.1.  

2) A tool for the automatic generation of the mathematical model was developed which 

is presented in chapter 5.2.2. The tool generates mechanistic models by 

automatically modifying model equations and implementing submodels from a 

model library, based on user input. This tool reduces the time needed for model 

creation to a few minutes and minimises the risk of errors during the model creation 

(Moser et al. 2024). Without an automatic model generation tool, each adaption to 

the model structure and equations would have required at least a few hours up to 

several days of manual coding work. This duration is required since the 

modifications necessitate adaptations to model equations throughout the model 

code such as modifying the number of reactor compartments or adjusting, adding, 

or removing submodels. Throughout this work more than 50 different model 

configurations were created, e.g. during the simulation study (see chapter 6). 

3) The model generation tool reduces computational workload automatically by pre-

solving computationally intensive equations (double sigmoid functions), 

accompanied by an option to activate a more stable and faster simulation mode 
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(chapter 5.2.2). The reduction of the computation time was crucial to support and 

facilitate parameter identification and model-based process optimisation. Originally, 

the numerical solution of the mathematical model, which consists of a high number 

of nonlinear differential equations, required extensive computational effort (>20 min 

per simulation). 

5.2.1 Structure of the reactor model (network of zones) 

The reactor model (see chapter 4.5.1) was extended to a network of zones model to enable 

the simulation of a freely selectable number of interconnected ideally stirred tank reactor 

models (STR models) (see chapter 2.5.4.2). This network of STR models should be able to 

simulate the influence of non-ideal mixing on cultivations when combined with a biokinetic 

submodel. The full model employs one structured, biokinetic (6-compartment model, 

chapter 4.5.3) and one physico-chemical submodel (chapter 4.5.2), with one single set of 

parameter values.  

Figure 21 presents the general structure of this new mechanistic, mathematical model. 

 

Figure 21: Structure of the new mathematical model, based on one biokinetic and one 

physico-chemical submodel. The reactor submodel is split up into several ideally mixed tank 

reactor model (zones), which are all connected to each other and have individual inputs and 

outputs forming a network of zones model. 

Each single STR model in the network is connected to every other STR model, with 

individually adjustable inputs and outputs. This enables the possibility for simulations of 

numerous different reactor configurations through a network of zones (of interconnected 

ideally mixed STR models). The STR models are variable in size and arrangement (variable 

over time), unlike CFD approaches, where the finite elements are often uniquely sized, 

constant in their size and their position throughout the simulation process. 
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The mass balance is inherently closed over all volume elements. This contrasts with 

systems of partial differential equations where the mass balance is not implicitly closed. 

Each STR model requires one set of ordinary differential equations containing the mass 

balances, as well as the rates of change for biokinetic and physico-chemical variables. 

In the model the density ρ of the medium is assumed to be constant. This implies that the 

overall mass balances can be replaced by volume balances (and volume flows).  

The ODEs were extended by terms describing the volumetric and mass flow between 

reactor compartments. The calculation involves totalling volumetric flows leaving 

(𝐹𝑜𝑢𝑡,𝐶𝑜𝑚𝑝) and entering (𝐹𝑖𝑛,𝐶𝑜𝑚𝑝) compartment 𝑖 from every other compartment 𝑗. 

𝐹𝑖𝑛,𝐶𝑜𝑚𝑝,𝑖 = ∑ 𝐹𝑗,𝑖

𝑛𝐶𝑜𝑚𝑝

𝑗=1

  
(5.1) 

𝐹𝑜𝑢𝑡,𝐶𝑜𝑚𝑝,𝑖 = ∑ 𝐹𝑖,𝑗

𝑛𝐶𝑜𝑚𝑝

𝑗=1

 
(5.2) 

𝐹𝑗,𝑖 and 𝐹𝑖,𝑗 might be for example the volumetric circulation flow rates between the two stirred 

tank reactors in the physical scale-down model. The ordinary differential equation (ODE) 

for the medium volume in each compartment is modified accordingly: 

𝑑𝑉𝑖

𝑑𝑡
= 𝐹𝑖𝑛,𝑖 − 𝐹𝑜𝑢𝑡,𝑖 +  𝐹𝑖𝑛,𝐶𝑜𝑚𝑝,𝑖 − 𝐹𝑜𝑢𝑡,𝐶𝑜𝑚𝑝,𝑖  

(5.3) 

The equations representing the concentrations of each substance 𝑘 are expanded by a term 

to calculate the substance input from all other STR models. In addition, the dilution term is 

extended to consider the input through feeds 𝐹𝑖𝑛,𝑖 and volumetric flow rates 𝐹𝑖𝑛,𝐶𝑜𝑚𝑝,𝑖 from 

other STR models.  

𝐹𝑣,𝑖𝑛,𝑖 = 𝐹𝑖𝑛,𝑖 + 𝐹𝑖𝑛,𝐶𝑜𝑚𝑝,𝑖 
(5.4) 

𝑑𝑐𝑘,𝑖

𝑑𝑡
=  𝑝𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 −  𝑢𝑝𝑡𝑎𝑘𝑒 +  𝑖𝑛𝑝𝑢𝑡𝑠 −  𝑑𝑖𝑙𝑢𝑡𝑖𝑜𝑛 

+  𝑖𝑛𝑝𝑢𝑡𝑠 𝑓𝑟𝑜𝑚 𝑜𝑡ℎ𝑒𝑟 𝑆𝑇𝑅 𝑚𝑜𝑑𝑒𝑙𝑠 

(5.5) 

𝑑𝑐𝑘,𝑖

𝑑𝑡
= 𝑟𝑘,𝑖

+ ∙ 𝑐𝑋𝑣,𝑖 − 𝑟𝑘,𝑖
− ∙ 𝑐𝑋𝑣,𝑖 + 𝑐𝑖𝑛𝑝𝑢𝑡,𝑘,𝑖 ∙

𝐹𝑖𝑛𝑝𝑢𝑡,𝑖

𝑉𝑖
− 𝑐𝑘,𝑖 ∙

𝐹𝑣,𝑖𝑛,𝑖

𝑉𝑖
+ ∑ 𝑐𝑘,𝑖,𝑗 ∙

𝐹𝑗

𝑉𝑖

𝑛𝐶𝑜𝑚𝑝

𝑗=1

 
(5.6) 

The differential equations of concentrations for every component 𝑘 in each STR model 𝑖 

can be derived from the general mass balances if the density of the culture broth does not 

change with time. 

The differential equations of the concentrations considering the production rate 𝑟𝑘,𝑖
+  and 

uptake rate 𝑟𝑘,𝑖
−  multiplied with the viable cell density 𝑐𝑋𝑣,𝑖. The change of the concentration 

caused by inputs (e.g. feeding) on the concentration are calculated with the concentration 
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of 𝑘 in the input flow 𝑐𝑖𝑛𝑝𝑢𝑡,𝑘,𝑖 multiplied by the volumetric flow rate 𝐹𝑖𝑛𝑝𝑢𝑡,𝑖 divided by the 

volume of medium in the STR model 𝑉𝑖. The dilution caused by feeding is calculated with 

the concentration of substance 𝑘 within the medium 𝑐𝑘,𝑖 of the STR model 𝑖 multiplied by 

the combined volume flow rate of all inputs 𝐹𝑣,𝑖𝑛,𝑖 divided by the volume 𝑉𝑖.  

At this stage, the gas phase was not considered separately from the liquid phase. Dissolved 

oxygen and carbon dioxide is exchanged between the individual STR models as solutes in 

the medium. The aeration and feeds can be positioned individually in each STR model.  

By incorporating a biokinetic model into the zone model, concentration gradients can be 

simulated in a variety of non-ideally mixed reactors (chapter 0). To date, simpler 

unstructured models have mainly been integrated into network of zones models to calculate 

concentration gradients within reactors or growth rates as a function of the location. 

The most commonly used models to account for the hydrodynamics are even pure CFD 

models without consideration of biokinetic reactions. The focus of the other research groups 

was primarily on a realistic representation of the hydrodynamics of the system and less on 

the biokinetics (see chapter 2.5.4). In addition, these hydrodynamic models were utilised to 

obtain knowledge and insight into the formation of concentration gradients in bioreactors 

and their realistic recreation with simulations (Delafosse et al. 2014). The biokinetics were 

more often considered by Lagrangian simulations rather than by Network of Zones models 

based on Eulerian CFD simulations (Delvigne et al. 2017). The computing time of the 

models only played a minor role, as the models were not used during the process or within 

numerical optimisation algorithms. 

The new model developed in this study should be able to represent entire cultivation 

processes that pass through several growth phases, considering non-ideally mixed 

behaviour. Furthermore, this new model structure should be able to model processes 

occurring under ideally mixed and heterogeneous conditions with only one set of 

parameters. This model has also developed with the aim of being applicable in process 

control and optimisation in order to support process development, process optimisation and 

model validation. To the author's knowledge, such a mathematical model with a structured 

biokinetic submodel and a flexible reactor model does currently not exist. 

Utilisation options for the new reactor submodel 

The model structure of a user-defined number of connected ideally stirred tank reactor 

models enables a multitude of options for simulations. Figure 22 presents different utilisation 

options of the novel model structure.  

The first two options involve simulating single bioreactors. The model retains the ability of 

simulating cultivations in one single ideally stirred tank reactor (Figure 22 a.).It is possible 
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to simulate reactor zones (Figure 22 b.), with each zone containing distinct effects or 

combinations of effects, for example, a zone at the top of the reactor with low DO and high 

substrate concentration or a zone around the air inlet at the bottom with high DO and low 

substrate concentration. It is also possible to create detailed network of zones models with 

a high number of reactor compartments (Figure 22 c.), allowing for a detailed representation 

of non-ideally mixed bioreactors at the expense of increased computation times.  

The heterogeneous conditions of scale-down models can be simulated by connecting 

multiple stirred tank reactor models (Figure 22 d.). A comparison between simulations of 

these three model types (b., c., and d.) is presented in the sensitivity analysis in chapter 

6.3.1. 

 

Figure 22: Reactor types, configurations, and combinations capable of being simulated with 

the new model structure. a.) Single ideally stirred bioreactor; b.) Reactor zones; c.) Detailed 

flow regimes of non-ideally mixed stirred reactors; d.) Reactor configuration of connected 

reactors; e.) Seed-Trains with consecutive cultivations; f.) Tubular flow reactors 

Further options are the simulation of seed-trains (Figure 22 e.) and tubular flow reactors 

(Figure 22 f).  
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Seed-trains are utilised to provide the required dry cell weight concentration for a production 

reactor. They can be simulated by connecting multiple STR models, each model 

representing one stage. A transfer flow between STR models is only activated at the end of 

each stage. It is possible to consider individual scale-effects for each stage in the 

simulations for seed-trains.  

Tubular flow reactors are simulated using a series of connected STR models, also optionally 

comprising the simulation of non-ideal flow conditions such as back mixing between STR 

models. Additionally, other combinations of scale-down models are possible to model 

(e.g. combinations of stirred tank reactors and plug flow reactors). In this thesis, for 

example, the piping between reactors for the circulation of the medium, were simulated as 

series of STR models. 

5.2.2 Model generation and development tool 

During the development of the mathematical model, the sensitivity analysis and simulation 

studies (chapter 6), several model versions (more than 50) were needed to be created with 

different numbers of STR models. Initially a few days of manual coding work were necessary 

to change the number of ideally stirred tank reactor submodels (reactor zones) which would 

have resulted in months of manual coding work. In addition, fast computation times of a few 

seconds at most for one model simulation were necessary for the application in model-

based bioprocess design methods.  

For this reason, a novel software tool was developed with the objective of accelerating the 

generation of mathematical models (from days to minutes). The second reason for the 

creation of this tool was the reduction of the initially high computation time. As the number 

of STR models increases, the time required to solve the mathematical model also increases 

because each STR model has its own set of differential equations that must be solved. 

Furthermore, the number of intermediate volumetric flows between compartments is equal 

to the number of STR models squared. A model comprising 12 STR models initially required 

approximately half an hour to be solved for a process with a duration of 48 hours 

(specifications of the utilised computer hardware listed in Table 21 in the Appendix). 

Parameter identification and process optimisation are not feasible with these high 

computation times. Therefore, it is crucial to increase the simulation speed.  

The computation time can be reduced by streamlining the mathematical model. This can be 

achieved by reducing the number of submodels, by reducing the number of equations or by 

replacing nonlinear differential equations with equations that can be solved more rapidly 

(e.g. algebraic equations). Consequently, the generation tool is capable of adjusting, 

incorporating, and removing submodels, while only including necessary equations in the 
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model. Furthermore, a faster (although less accurate) model can be generated. Priority is 

given to the computing time of the mathematical model, which must be short enough for the 

intended purpose of the model (e.g. a few seconds for parameter identification). Afterwards, 

it must be checked whether the model fulfils the set requirements in terms of calculation 

accuracy (e.g. R² > 0.8). 

Figure 23 presents the structure and workflow of the model generation tool. 

 
Figure 23: Simplified structure of the model generation tool. User-Inputs are transferred to 

the pre-compiler, which writes the model equations, and the equations are compiled into 

the executable model file. 

The user inputs are processed in a user interface and transferred to a pre-compiler (both 

coded in R). This pre-compiler creates the desired model code, according to the user-

inputs, and inserts the code into the individual >*.cpp< source code files of the model. After 

successful implementation, the model is generated via a C++ compiler utilised for C-eStIM 

models. This results in the compilation of an executable file of the mechanistic model, which 

can then be utilised in model-based methods, such as model-based optimisation and 

control. 

The available options for the user inputs are presented in Figure 24, together with the sub-

model at the same level to which these options belong. 
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Figure 24: Model specifications and selectable submodels for the biokinetic, reactor and 

physico-chemical submodel. The centre column shows model specifications; green boxes 

indicate new model functions and blue boxes technical modifications to accelerate 

calculation times and improve model stability. On the right selectable submodel options are 

shown. 

The user selects which submodels should be included into the mathematical model. There 

are submodels regarding the biocatalysis and hydrolysis which belong to the biokinetic 

submodel. The temperature, DO & gas phase, foam & antifoam, and pH model are physico-

chemical submodels and can be included or excluded from the mathematical model. 

Furthermore, there are selectable model specifications. The user defines which double-

sigmoid functions are included and which variables shall be exported into files. Further 

options are the definition of the number of STR models and if the biomass shall be 

immobilised. The volumetric flow rates between the STR models are defined in separate 

control files. There is also an option for a mode with improved simulation stability at the 

expense of calculation accuracy. These options facilitate and enable a fast, reliable, and 

knowledge-based model reduction. 
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5.2.2.1 Reduction of double-sigmoid equations 

In the biokinetic submodel a total of 94 double sigmoid functions 𝑓𝐷𝑠𝑖𝑔 for each reactor 

compartment must be solved, but only a fraction of these functions is active depending on 

the model parameters. An active double sigmoid function is defined when either 𝑌𝑙, 𝑌h or 

𝑌mid are not equal to one. This condition is reduced to 𝑌𝑙 and 𝑌h, since 𝑌mid is equal to one 

in all equations. If both 𝑌𝑙 and 𝑌h have a value of one, the result of 𝑓𝐷𝑠𝑖𝑔 will always be one 

regardless of the other variables of the function.  

𝑖𝑓 𝑌𝑙  𝑎𝑛𝑑 𝑌h = 1 𝑡ℎ𝑒𝑛 𝑓𝐷𝑠𝑖𝑔(𝑥) = 1 (5.7) 

However, the model still calculated the whole double-sigmoid function. The mathematical 

solution of a double sigmoid function is resource intensive because exponential functions 

must be solved numerically. Since the result for the specific case presented in equation 

(5.7) is known, 𝑓𝐷𝑠𝑖𝑔 can be set to one without having to compute the whole function. 

The reduction of 94 double sigmoid functions to the 26 necessary functions for the 

description of the biokinetics of S. cerevisiae decreased the simulation time by 15%. 

5.2.2.2 Selection of output variables 

A considerable amount of time needed for the model execution was required for exporting 

the time courses of state variables as calculated from the ODE's and the time courses of 

selected additional variables, such as specific rates as well as results from algebraic 

calculations (i.e. DO) into simulation data files.  

Modification and implementation of the model code to change the additional exportable 

variables was time consuming. To facilitate and accelerate this process, the model 

generation tool is capable of automatically implementing and modifying the model source 

code required for variable export based on user-inputs. This enables a swift creation of 

models that only export desired process variables. For example, reducing of the number of 

output variables from 20 to 5 reduces the computation time by approximately 5%. 

5.2.2.3 Improved stability simulation mode 

The lower the number of simulation steps (corresponding to a larger simulation step size), 

the shorter the simulation time, but this may also lead to non-stable simulations. A stable 

model is important for an effective parameter identification, during a Monte Carlo-based 

uncertainty quantification, and for mDoE applications (chapter 7.1.2). To calculate the 

model stability, the minimum number of computation steps is determined that is required for 

a successful simulation. A simulation is defined as not successful when the simulation 

results significantly change (assessed with changes in R²) without modifying inputs (except 
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computation steps). A lower step count (larger simulation step size) corresponds to less 

robust simulations but faster possible computation times. 

Initially, the model simulations required high step numbers (small step sizes) which was 

mainly caused by stiff differential equations of the gas-phase submodel. This submodel 

calculates both the dissolved oxygen concentration (DO or pO2) and the composition of the 

exhaust gas (yO2 and yCO2). This instability was compensated by a high number of simulation 

steps, which resulted in high computation times. One way to reduce the computing time for 

the solution of such systems is to convert the differential equations with the shortest time 

constants into algebraic equations (see (Witte 1996)), as presented in Table 9. 

Table 9: Comparison between the differential equations in the model and the implemented 

algebraic equations adapted from (Witte 1996). 

Differential equations Algebraic equations 

𝑑𝑂2
𝑜𝑢𝑡

𝑑𝑡
=

𝑂2
𝑖𝑛 ∙ 𝑓𝑔,𝑖𝑛 − 𝑓𝑂2,𝑔𝑙 − 𝑂2

𝑜𝑢𝑡 ∙ 𝑓𝑔,𝑜𝑢𝑡

𝑉𝐻

 (5.1) 𝑂2
𝑜𝑢𝑡 = 𝑂2

𝑖𝑛 − 𝑟𝑂2
∙ 𝑋𝑣 ∙ 𝑓𝑔,𝑖𝑛

𝑉𝑚 ∙ 100

𝑀𝑂2

 (5.2) 

𝑑𝐶𝑂2
𝑜𝑢𝑡

𝑑𝑡

=
𝐶𝑂2

𝑖𝑛 ∙ 𝑓𝑔,𝑖𝑛 − 𝑓𝐶𝑂2,𝑔𝑙 − 𝐶𝑂2
𝑜𝑢𝑡 ∙ 𝑓𝑔,𝑜𝑢𝑡

𝑉𝐻

 

(5.3) 

𝐶𝑂2
𝑜𝑢𝑡 = 𝐶𝑂2

𝑖𝑛 − 𝑟𝐶𝑂2
∙ 𝑋𝑣

∙ 𝑓𝑔,𝑖𝑛

𝑉𝑚 ∙ 100

𝑀𝐶𝑂2

 
(5.4) 

𝑑𝑂2,𝐿

𝑑𝑡
= 𝑘𝐿𝑎𝑂2

∙ (𝑂2,𝑒𝑞 − 𝑂2,𝐿) − 𝑟𝑂2
∙ 𝑋𝑣 

+
(𝑂2,𝐿,𝑚𝑎𝑥 ∙ 𝑓𝐿,𝑖𝑛 − 𝑂2,𝐿 ∙ 𝑓𝐿,𝑖𝑛)

𝑉𝑀
 

(5.5) 

𝐷𝑂 = (
𝑂2

𝑜𝑢𝑡

𝐻
−

𝑟𝑂2
∙ 𝑋𝑣

𝑘𝐿𝑎𝑂2

) ∙
100

𝑂2,𝐿,𝑚𝑎𝑥

 (5.6) 

𝐷𝑂 =
𝑂2,𝐿

𝑂2,𝐿,𝑚𝑎𝑥

∙ 100 (5.7) 

This modification of model equations could substantially affect the outcome of the DO 

results, potentially rendering the subsequent model parameter identifications only valid for 

the newly implemented algebraic equations. The faster calculation time makes up for this 

disadvantage. 

Another possibility to reduce the simulation time is to decrease the potential minimum 

number of simulation steps, by artificially reducing the substantial differences in the model's 

time constants (stiff differential equation). Biokinetic differential equations may have much 

higher time constants than those related to temperature equations, often differing by many 

orders of magnitude. This results that temperature equations such as those for heat transfer 

dictate the minimum number of computational steps. To address this, pre-factors were 

introduced to artificially decrease the heat transfer coefficient by 99%. This only affects the 
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calculation of the medium temperature. The model is then no longer suitable for identifying 

the parameters of the temperature equations, but the medium temperature is typically 

controlled at a constant value in cultivations anyway.  

Figure 25 illustrates a comparison between the original and modified versions of the 

mathematical model for computation time and R². The R² calculation was performed to be 

able to assess the influence of the number of simulation steps on the simulation result with 

one simulation step per second as the baseline. The calculation was based on the 

simulation results of the maximum step number (one step per second). The average R² was 

calculated using eight simulation variables, the concentrations of biomass, glucose, ethanol 

and O2 in the exhaust gas, as well as DO, medium temperature, volume, and pH value. 

The differential equation system of the model is solved numerically using the Runge-Kutta 

algorithm (Runge 1895). 

 

Figure 25: The initial mathematical model in comparison to the improved version with 

algebraic equations and slower heat transfer for R² computed via the difference between 

the experiment at one step per second compared to the simulations with less steps as well 

as the simulation time for a 48 h simulation experiment. 

The simulation speed of the improved version is increased by 25% compared to the original 

version for the same simulation step sizes. 

The data clearly demonstrate that the improved model remains more stable at lower step 

numbers compared to the original model. Based on the average R², the minimum number 

of steps without changing the results for the original model version would be an increment 

of 4 simulated seconds for each solver iteration. The differential equations of the original 

model become unstable at 64 simulated seconds per iteration and the model simulation 

does no longer produce meaningful results. However, the improved version can handle 
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even 64 or 128 simulated seconds per iteration step without resulting in any significant 

alterations of the simulation result.  

In summary, the model improvements led to a 95% reduction in computation time from 

30 seconds (4 s per simulation step) to 1.5 seconds (64 s per simulation step) without 

removing submodels, for the considered case of a single ideally stirred tank reactor model 

and a cultivation time of 48 h. Simultaneously, the computational stability was also 

improved.  

Moreover, the model generation tool offers another way of reducing the simulation time if 

certain physico-chemical variables do not need to be calculated. It is possible to integrate 

only user-selected submodels into the generated mathematical model. The physico-

chemical variables are then either set to a constant value or a user-specified time-

dependent profile using control files which could potentially save over another 95% of the 

time if these physico-chemical submodels are speed-determining. This is particularly 

beneficial during the parameter identification of the mathematical model as the profiles / 

time courses of the variables are known. 

5.3 Model-assisted design of experiments software 

The mDoE application utilised in this thesis is based on the work of an academic working 

group led by Prof. R. Pörtner, Prof. V.C. Hass, Prof. B. Frahm and Dr.-Ing. J. Möller in 

collaboration with the author of this thesis. The mDoE concept was initially developed in 

MATLAB R2018b (The MathWorks Inc. 2018) (The MathWorks Inc., USA) (Möller et al. 

2015; Möller et al. 2019; Möller and Pörtner 2017; Moser et al. 2021). It was subsequently 

translated to R by the author and was modified, adapted and extended for this work 

(Moser et al. 2021). 

The application of model-assisted design of experiments (mDoE) aims to reduce the 

number of experiments necessary for optimising the process and improving the model 

parameterisation. The high number of experiments usually required are one of the main 

factors contributing to the time and cost intensity of bioprocess development (Scarlat et al. 

2015; Guo and Song 2019). The mDoE approach combines mathematical modelling with 

statistical DoE-methods. Figure 26 illustrates the workflow for the application of the modified 

mDoE version (Moser et al. 2021). 
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Figure 26: Workflow of the mDoE-concept as developed by Möller et. al (2015) and further 

developed for this work: 1.) Mechanistic mathematical model considering non-ideal mixing; 

2a.) Monte-Carlo based uncertainty quantification with low available data or 2b.) Parameter 

identification with a high amount of available data; 3.) Planning of experimental design; 4a.) 

Monte-Carlo based simulation of planned experiments or 4b.) Simulation of planned 

experiments with one parameter set; 5.) Evaluation of experimental design. This workflow 

results in recommendations for new experiments (Moser et al. 2021; Möller et al. 2015). 

Available experimental data such as historical data and/or literature are utilised in the 

development of the mathematical model (Figure 26-1). These data are used to identify the 

mathematical model parameters once (Figure 26-2b) or multiple times to quantify model 

uncertainties (Figure 26-2a). The Monte-Carlo based uncertainty quantification is especially 

useful when experimental data is limited. It involves multiple identifications of the selected 

model parameters. For each parameter identification, the experimental data, control 

variables and initial values are varied by Monte-Carlo sampling based on experimental 

uncertainties (e.g. measurement inaccuracies or standard deviation). Experimental data 

points are considered to be independent from each other and to be normally distributed. 

Individual control variables and their time courses including feeding rates, set temperature, 

set pH value, DO, concentrations of feed streams, are collectively varied. The standard 

deviations are determined by typical standard deviations in bioprocesses based on expert 

knowledge or with experimental data (Wechselberger et al. 2013; Hernández Rodríguez et 

al. 2019). This method leads to multiple identified parameter sets. 

The parameter identifications are performed by minimising the weighted mean squared 

deviation (WMSD) (see section 4.6.1). The resulting parameter sets are utilised to quantify 
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the model uncertainties and are subsequently analysed by visualising with correlation 

matrices, distribution histograms or cumulative curves. (Möller et al. 2020) 

When a sufficient number of experimental data points are available, it is also possible to 

just determine one set of parameters without Monte Carlo-Sampling (Figure 26-2b).  

Next, an experimental design is planned, which might be classic DoE designs such as a 

Box-Behnken design or a full factorial experimental design (Figure 26-3). The designs can 

be imported or automatically created. While the number of dimensions is freely selectable, 

the evaluation and analysis of more than three dimensions is challenging.  

The automatic creation of designs allows a freely selectable number of factor combinations 

(points in the design space). This enables detailed runs, where many points (>1000) are 

simulated. This potential of simulating detailed design spaces represents a modification and 

further development from previous versions of the mDoE-Toolbox (Möller et al. 2019; Möller 

et al. 2015; Möller and Pörtner 2017; Gassenmeier et al. 2022). The modification offers the 

novel possibility of accurately locating the position of the optimum as well as the location, 

shape, and rotation of the response surface (desirability function). 

The visual analysis of the detailed design space enables a new evaluation of the predicted 

process robustness that was previously inaccessible. Experimental settings located far 

away from steep gradient or edges, in the centre of “plateaus” of high desirabilities, can be 

assumed to be more robust. The increased robustness is expected since small deviations 

of the factors do not lead to vastly different results. Moreover, it is theoretically possible to 

obtain and observe multiple optima. This is not possible with quadratic functions, which are 

typically used for the analysis of DoEs. Multiple optima are also not reliably detectable by 

traditional statistical design. The version of the toolbox programmed in R, which was utilised 

in this thesis, was extended by that feature. 

The points of the automatically created designs were distributed as evenly as possible in 

the design space (maximising the distances between points), to reduce the number of points 

required for a good coverage. A numerical algorithm was developed and implemented in R 

to achieve this distribution, as this is rarely possible to be performed analytically in 

multidimensional spaces. The workflow of this algorithm is explained in the following 

section. 

Initially every factor is normalised in the range between 0 and 1 before being converted to 

actual values at the end of the design creation workflow. The factor combinations are 

determined with the aim to maximise the distance between points of the design. This is 

done by first distributing many points (ideally >106 points) randomly in the design space, 

drawn from a uniform distribution. These points are then clustered into 𝑘 clusters using the 

kmeans clustering algorithm in R with the Lloyd algorithm (Hartigan and Wong 1979; Lloyd 
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1982). The centres of these clusters are the factor combinations of the DoE design. The 

outermost centres are shifted onto the borders of the design space (0 or 1). Finally, all 

determined points are converted to their corresponding real values, creating the finished 

design.  

In the next step, each point in the design is then simulated multiple times with 𝑛 parameter 

sets (Figure 26-4a). The parameter sets between different points are identical. Latin 

Hypercube Sampling is used to draw 𝑛 new parameter sets from the identified parameter 

sets (McKay et al. 1979). When only one set of parameters is identified, each point of the 

design space is simulated once (Figure 26-4b). Desirability scores are calculated (when 

𝑛 > 1) based on the simulation results and are graphically presented as 3D-plots and as 

response surfaces of quadratic functions (Figure 26-5). These plots are then utilised for the 

recommendation of new experimental settings. Overall, the mDoE-Toolbox supports a risk 

and knowledge-based evaluation of experimental setting and designs. (Moser et al. 2021) 

5.4 Non-linear model predictive control software  

The NMPC realised and utilised for this thesis is the Open-Loop-Feedback-Optimal strategy 

(or OLFO-strategy). The OLFO-strategy is realised in R, as outlined in chapter 4.3.4. 

The process model utilised in the OLFO-strategy is the network of zones model of multiple 

interconnected stirred tank reactor models described in chapter 5.2. The parameter 

identification model is the same parameter identification algorithm as described in the 

previous chapter 5.3 without the quantification of the model uncertainty. The OLFO-strategy 

is consisting of four building blocks, the experimental system, the parameter identification 

algorithm, the process model, and the control function optimisation (see Figure 27). 
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Figure 27: Modified structure of the OLFO-strategy consisting of the experimental system, 

the parameter identification algorithm, the process model, and the control function 

optimisation. The OLFO strategy is based on (Luttmann et al. 1985) and (Witte 1996). 

Prior to a particular process run, available, historic data is used to identify parameters and 

initial values of process variables. During the process run, historic data is used together 

with new process data for the parameter identification. The weighting of the new data was 

incrementally increased to boost their influence. This approach of using already available 

data is an extension of the OLFO-strategy and was utilised and tested in this work. 

The inclusion of historic data is possible because the computation time of the process model 

was reduced to less than 2 s per simulation (chapter 5.2).  

The inclusion of historic data might be important, since at the beginning of the NMPC 

cultivation the parameter set is not perfectly identified. If only data from the NMPC 

experiment would be utilised for the parameter identification, the risk of overfitting would be 

increased. This issue was previously addressed by limiting the number of identifiable 

parameters and constraining the identification range. The utilisation of historical data has 

the potential to enhance the quality of the identified parameter sets during the NMPC 

application and simultaneously reduce the risk of overfitting, without imposing constraints 

on the parameter range. 

The control function optimisation algorithm is calculating control trajectories of one or more 

selected actuating variables. Different control trajectory profiles can be selected including 

steady state, linearly increasing or exponential functions. This reduces the number of values 

that need to be optimised and therefore accelerates the optimisation compared to previous 

versions of the OLFO-control. In previous versions, constant values of defined time periods 

were optimised (Frahm et al. 2005).  
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The optimisation criterion can either be minimised or maximised, user-defined optimisation 

criterions can also easily and quickly be implemented into the algorithm. When the 

optimisation process is complete, the resulting control trajectories are exported, transferred, 

and executed by the experimental system. Within the investigations for this thesis, the 

OLFO-control was used for the first time to control a process in a scale-down model in that 

way that the experimental offline data of a lab-scale process are reflecting the data of a 

large-scale process as close as possible.  
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6 Simulation study 

The simulation study was performed to evaluate the model sensitivity and plausibility with 

the focus on the newly developed reactor model and the potential for simulating various 

reactor configurations, mixing times and heterogeneous concentrations. The focus was on 

these aspects since they were planned to be investigated experimentally in chapters 7 - 9. 

Four main topics were investigated with simulations of S. cerevisiae cultivations using 

different model configurations: 

1. Assessment of the influence of different mixing times on the simulation results for a 

mathematical model of a two-compartment SDM (chapter 6.2). 

2. Evaluation, if different model arrangements resembling single stirred bioreactors 

and a physical two-compartment SDM lead to comparable simulation results when 

the mixing time is constant across simulations (chapter 6.3.1).  

3. Determination, if the number of STR-models for the connection between the reactors 

of a two-compartment SDM influences the simulation results (chapter 6.3.2). 

4. Comparison of simulation results regarding different DO setpoints in the individual 

reactors of a two-compartment SDM (chapter 6.4). 

The parameters employed for this sensitivity analysis are the resulting mean parameters 

presented in chapter 7.1.2 identified for S. cerevisiae cultivations in a single bioreactor 

system (listed in Table 22 in the appendix).  

6.1 Baseline simulations for an ideally mixed system 

To investigate the main objectives, baseline simulations were performed for ideally mixed 

systems. Two simulations in batch mode and two with glucose feeding were carried out for 

cultivations under aerobic and anaerobic conditions. The initial concentrations for the 

simulations for the batch cultivations were set to 50 g L-1 for glucose, 20 g L-1 for nitrogen 

source and 2 g L-1 for biomass. Figure 28 presents the simulation results of two batch 

processes under aerobic (left side) and anaerobic conditions (right side). 
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Figure 28: Simulations of two batch processes in an ideally mixed bioreactor under aerobic 

(left column) and anaerobic conditions (right column). 

In the simulation of the cultivation under aerobic conditions, glucose is completely 

consumed at 5.5 h, whereas in the anaerobic process glucose is depleted at 7 h. Biomass 

is produced up to a density of 21 g L-1 in the aerobic process and 13 g L-1 in the anaerobic 

process. Ethanol is produced up to 20 g L-1 under aerated conditions and even 21 g L-1 

under anaerobic conditions reaching its maximum concentrations at 5.5 h (aerobic) and 7 h 

(anaerobic). As expected, ethanol is only consumed under aerobic conditions and is 

completely consumed at 13 h. 

A fictitious feeding strategy was designed which was used for all simulated fed-batch 

processes in this simulation study. A linearly rising feeding strategy was selected since it 

should initially lead to increasing glucose concentrations. These concentrations should be 

above the limit for the incomplete oxidation of glucose to ethanol (Crabtree effect). 

This glucose concentration above which this incomplete oxidation of sugar to ethanol takes 

place is specified in the literature between 3.6 mg L-1 to 210 mg L-1 (Woehrer and 

Roehr 1981; Rose 1993; Leuenberger 1972); the model parameter for this concentration 

was set to 155 mg L-1. Since the yeast production is expected to be close to exponential 

growth, glucose concentrations are expected to decrease after some time until they reach 

values close to 0 g L-1 which should cause ethanol uptake (diauxic metabolism). In the 

model, diauxic metabolism starts at glucose concentration below 0.06 g L-1. Both parameter 

values and the associated double-sigmoid functions have not been changed during the 

parameter identifications (chapters 7.1.2, 8.3.1 and 9.3.2).  
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The feeding rate was linearly rising with adaptions every 4 hours. The initial volumetric feed 

rate was set to 0.025 L min-1 and the final rate to 0.3 L min-1 at 48 h. The glucose and 

nitrogen concentrations of the feed were set to 280 g L-1.  

Figure 29 presents the simulation results of two fed-batch processes under aerobic (left 

side) and anaerobic conditions (right side). 

 

Figure 29: Simulations of two fed-batch processes in an ideally mixed bioreactor under 

aerobic (left column) and anaerobic conditions (right column). 

Glucose concentrations are lower in the aerobic process. The biomass is increasing up to 

a density of 50 g L-1 under aerobic conditions and only to 15 g L-1 in the anaerobic process. 

The ethanol concentration reaches a maximum of 9 g L-1 at 34 h under aerated conditions 

and is consumed to 2 g L-1 at the end of the process simulation (at 48 h). In the simulation 

for anaerobic conditions 38 g L-1 of ethanol is produced until the end of the process.  

The results of these four simulations are plausible. 
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6.2 Influence of different mixing times 

Three simulations with identical initial settings were performed for fully aerobic batch 

experiments in the SDM to determine the influence of different mixing times. The model is 

considering the piping between the reactors as two connected STR models per direction 

resulting in six STR-models. The initial concentrations were set to 50 g L-1 for glucose, 

20 g L-1 for nitrogen source and 2 g L-1 for biomass. Three simulations are compared with 

mixing times 𝑡𝑀,95 of 26 s, 108 s and 552 s (Figure 30).  

 
Figure 30: Simulations of three batch experiments in a two-compartment system at different 

mixing times (tm,95) of 26 s, 108 s and 552 s. 

The concentrations for all metabolites and the biomass densities are identical in both 

reactors. Therefore, different mixing times have no influence on the simulation results for 

batch processes. The concentration profiles are also identical to the aerobic batch 

simulation of chapter 6.1, which is expected and plausible, since no heterogeneity is 

induced to the system. Since there are no gradients in the system, the SDM behaves like 

one ideally mixed stirred tank reactor or system. 

The next step was the introduction of a substrate feed, which feeds into STR 1, while the 

volume in STR 2 was kept constant (see Figure 31). The feeding strategy is identical to 

chapter 6.1 starting at 0.025 mL min-1 and rising every four hours until reaching 0.3 mL min-1 

after 44 h. The glucose and nitrogen concentrations in the feed were set to 280 g L-1. The 

initial glucose concentration was set to 0.5 g L-1 for these simulated fed-batch processes. 
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Figure 31: Simulations of three fed-batch experiments in a two-compartment system at 

different mixing times (tm,95) of 26 s, 108 s and 552 s. 

The difference of glucose concentrations between the compartments is increasing with 

longer mixing times. The simulated ethanol production is lower in systems with a longer 

mixing time while producing a higher biomass density. Ethanol is produced up to a 

concentration of 9 g L-1 in the simulation with the lowest mixing times (𝑡𝑀,95 = 26 s) and only 

up to 4 g L-1 when the mixing times is twenty times longer (𝑡𝑀,95 = 552 s). The final biomass 

density is 10% higher in the system with the longest mixing time (52 g L-1) compared to the 

shortest mixing time (48 g L-1). The simulated concentration curves of the simulation with 

the shortest mixing time of 26 s are similar to the courses of the ideally mixed fed-batch 

process in chapter 6.1, which is both expected and plausible, as the system approaches an 

ideally mixed system when the mixing time decreases. 

The increasing glucose difference between the compartments causes a simultaneous 

uptake of glucose and ethanol in the simulation which resulted in lower ethanol 

concentrations at longer mixing times. This effect could occur in cultivations performed in 

the physical scale-down model as well as in large-scale systems (Figure 32). 
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Figure 32: Simultaneous consumption and production of ethanol in systems with 

heterogenous glucose concentration in zones with overflow metabolism (ethanol 

production, blue), oxidisation of ethanol (ethanol uptake, red) and possible mixed areas 

where both metabolisms could simultaneously occur (purple). 

The glucose concentration in the production scale is expected to be above the limit of 

overflow metabolism (ethanol production) in the top area where the feed inlet is located and 

below the limit in areas at the bottom, which might lead to ethanol uptake (Larsson et al. 

1996; Bylund et al. 1998). Around the stirrers is a well-mixed area, where ethanol production 

and uptake might be possible. The SDM might have one reactor with glucose 

concentrations above the overflow limit (resulting in ethanol production) and the other one 

with lower concentrations below the limit needed for the consumption of ethanol, whereas 

one ideally stirred tank reactor either produces or consumes ethanol. It is also possible that 

ethanol is produced or consumed in both reactors of the SDM. Both the production scale 

and the SDM might result in simultaneous uptake and production of ethanol. 

In the simulations of the SDM, longer mixing times are causing increasing glucose 

concentration differences between the reactors. This induces an earlier start of decreasing 

ethanol concentrations (at 14 - 16 h for 552 s mixing time), since the glucose concentration 

in the reactor without feeding decreases below the Crabtree limit earlier in systems with 

longer mixing times. In the process with a mixing time of 26 s the ethanol concentration 

peak is reached later at 34 h.  

6.3 Comparison of reactor configurations 

For the investigation of the newly developed reactor submodel consisting of multiple ideally 

stirred tank reactor models (STR models), simulations of different reactor configurations 

were compared. 
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First, three different reactor configurations were simulated and compared (chapter 6.3.1). 

In chapter 6.3.2, simulations of three model configurations consisting of two, six and 12 STR 

models resembling a scale-down system consisting of two connected stirred bioreactors 

were compared. 

6.3.1 Reactor configurations 

With the developed model structure (chapter 5.2) it is possible to approximate the 

hydrodynamics within various reactor configurations and types. The aim of this simulation 

study is to determine if different reactor designs and configurations lead to comparable 

simulation results of S. cerevisiae cultivation when the mixing times are identical. 

Three models with different arrangements of STR models but identical mixing times are 

simulated and compared:  

1. 24 STR models (zones) connected to resemble the flow characteristics in a stirred 

bioreactor (rotational and vertical flow, model 1). 

2. 12 STR models vertically arranged in a stirred bioreactor (vertical flow, model 2).  

3. 12 STR models connected to simulate two-connected stirred bioreactors and the 

connections between the reactors (two reactors, model 3).  

The volumetric flows between STR models of the first model correspond in principle to those 

in a bioreactor with one Rushton turbine, as they were described, for instance, in the work 

of Delafosse et al. (Delafosse et al. 2014). Figure 33 presents the flow directions of this 

model consisting of 24 interconnected ideally STR models (Figure 33; left side). The stirrer 

would be located in the lowest layer. The right side of Figure 33 shows the configuration of 

the second model consisting of 12 vertically arranged zones. 
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Figure 33: Structure of two network of zones models of interconnected STR-models. Left 

side: 24 ideally mixed tank reactor submodels (24 cells). Inner ring in light grey, flow is 

indicated with white arrows. Outer ring in dark great, flow is indicated with black arrows. 

Rotational flow is ten times higher than radial and horizontal flow (model 1). Right side: 12 

connected STR models (reactor zones) in a purely vertical arrangement (model 2). 

The model with rotational flow consists of two rings with 12 reactor cells each (Figure 33, 

left side). The general axial flow direction in the inner ring is down, and in the outer ring 

upwards, which would be the case for Rushton turbines in a stirred tank reactor without 

baffles (Desouza and Pike 1972). The rotational flow is assumed to be in the direction of 

the impeller rotation and ten times greater than the radial and axial flow. The simulation of 

this model is compared to a simulation of model 2 with 12 vertical reactor zones without 

rotation and only vertical flow (Figure 33, right side) as well as a simulation of a physical 

two-compartment scale-down model (model 3). Model 3 has one ideal STR model for each 

reactor and five for each piping simulating the circulation flow, resulting in 12 STR models 

in total (Figure 34). 
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Figure 34: Left side: Schematic of the scale-down model (SDM) with two stirred tank 

reactors (STR 1 and STR 2). Right side: Structure of the network of zones model with 12 

STR-models, one for each STR (C1 & C2) and five for the piping (C3 – C7 & C8 – C12) 

representing the physical SDM (model 3). 

The initial total volume of model 1 and model 2 was chosen to be 1 m³, the volume of all 

STR models for the scale-down model simulation was chosen to be 1 L, which corresponds 

to the volume of the physical scale-down model used in this work (chapters 8 and 9). The 

STRs in the SDM model have a volume of 0.4 L each, each pipe 0.1 L, corresponding to 

0.02 L per STR model. All individual STR models in the other two model configurations have 

the same initial volume (0.0625 m³ for model 1, 0.125 m³ for model 2). In model 1 with 

rotational flow, all six STR models at the top (L1) increase in volume due to feeding, in 

models 2 and 3 only the zones where the feeding is located increase in volume (see 

Figure 35). 

The initial biomass density was set to 2 g L-1, the initial glucose concentration to 0.5 g L-1. 

The feeding strategy is identical to chapter 6.1 with an initial volumetric feed rate of 

0.025 m³ min-1 (0.025 L min-1 for model 3) and a final rate of 0.3 L min-1 (0.3 mL min-1 for 

model 3) at 48 h. All simulations were performed, assuming fully aerobic conditions 

throughout the vessel (DO was set to 20% in all zones). The mixing time is identical for 

each simulation and is set to about 552 s. This mixing time was deliberately set so high to 

increase the substrate concentration differences between STR models and amplify the 

influence of the heterogeneous concentrations on the simulation result. Figure 35 presents 

a comparison of the resulting simulations.  

STR 1

STR 2

STR 2 STR 2STR 1

C1 C2

C3 C4 C5 C6 C7

C8 C9 C10 C11 C12

Model 3

Two connected stirred tank reactors



 

 

110 

 

Simulation study of the art 

 

Figure 35: Comparison of three simulations of fed-batch cultivations with different model 

configurations. 1st column: Network of zones model with 24 compartments situated on four 

levels, two rings and three cells per ring (model 1). 2nd column: Reactor zone model with 12 

compartments and only vertical flow (model 3). 3rd column: Scale-down model with two 

compartments (model 2).  

The glucose concentration differences between the simulations for zones with low overall 

concentrations are small, whereas the differences in zones with higher concentrations (with 

the feeding inlet) are more pronounced. The glucose concentration in the zone with the 

feeding inlet in model 2 is about 20% higher than in model 3 but over 50% lower compared 

to model 1. The zone with the feeding inlet in model 1 has a higher glucose concentration 

compared to every other zone of all three simulations. This increase is mainly caused by 

the smaller relative volume of this STR-model L1R1C2 (upmost, outer ring).  

After 16 h to 24 h, the zones with the highest glucose concentration are above the limit 

needed for ethanol production, the zones with the lowest glucose concentrations are below 

the limit necessary for ethanol uptake in all simulations. Consequently, there is a 

simultaneous ethanol production and uptake in the simulations.  
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The ethanol peaks at concentrations of 3.5 - 5 g L-1 in all simulations which is about 50% of 

the maximum ethanol concentration in the baseline simulation of an ideally mixed bioreactor 

(chapter 6.1).  

The different maximum ethanol concentrations (Figure 35) are caused by the differences of 

the glucose concentrations. The lowest peak ethanol concentration and earliest time is in 

the SDM simulation with 3.5 g L-1 at 16 h, the highest peak ethanol concentration with 5 g L-1 

occurred in the model with purely vertical flow at 20 h. In each simulation, the biomass 

density increases to about 49 – 52 g L-1 (model 1: 52 g L-1, model 2: 49 g L-1, model 3: 

50 g L-1). 

Overall, the impact of the different designs on the simulation results is relatively low when 

the mixing time is kept constant. These simulation results support the hypothesis, that 

heterogeneities occurring in large-scale reactors might be replicable with a scale-down 

model consisting of two compartments if identical mixing times are used. 

6.3.2 Number of reactor submodels for the SDM 

Three simulations were performed to assess the impact of the number of STR models used 

for the piping between the two reactors of the scale-down model. If the simulation results 

are not impacted, this saves computing time, since there is direct correlation between 

computing time and the number of STR models (compartments).  

The two tank reactors were simulated with one STR model for each reactor. For the 

assessment of the initial situation, model 3 of the previous chapter 6.3.1 was selected with 

a total of 12 STR models (five for each connection, Figure 36 left). Two further models were 

selected, a model with 6 STR models (two for each connection, Figure 36 centre) and a 

model without the zones for the connection between the reactors (Figure 36 right). 

The total volume of the system remained at 1 L; the initial volume of each reactor was set 

to 0.4 L (0.5 L in the model with 2 STR models). The flow between reactors was set to 

250 mL min-1 (1/4 of the initial total volume per minute) which resulted in a realistic mixing 

time (see Vrábel et al. 1999) 𝑡𝑀,95 of 108 s, which is about one fifth of the mixing time used 

in the previous section. The volumetric feeding rates started at 0.025 mL min-1 and were 

increased every four hours until reaching 0.3 mL min-1 after 44 h (identical to the strategy 

applied in (chapter 6.3.1)). This feed was fed into STR 1; the volume in STR 2 was constant. 

The feeds were simulated with glucose concentrations of 280 g L-1 (Figure 36). 
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Figure 36: Comparison of three simulations of fed-batch cultivations of the SDM with one 

STR model for each stirred tank reactor and different numbers of STR models for the piping 

between reactors. 1st column: 12 STR models (five for each connection). 2nd column: Six 

STR models (two for each connection) 3rd column: Two STR models (without a simulation 

of the connection). 

The volumes in R1 and R2 are lower for six and twelve compartments since part of the 

medium is in the piping between the reactors. The concentration courses are almost 

identical between the simulations. Therefore, if the volumetric flow rates of the circulation 

flow between the reactors and the mixing times are identical, the STR models for the 

connections can be omitted without influencing the simulation results.  

6.4 Comparison of heterogenous DO concentrations in the SDM 

The first experimental study (chapter 8) with the scale-down model utilises an aerobic and 

an anaerobic reactor to imitate heterogeneous dissolved oxygen concentration. The 

influence of the heterogeneous DO concentration on the process performance might be 

relevant for cultivations in industrial reactors (chapter 2.3.1). 

The simulations with this DO heterogeneity were performed with two STR models (zones); 

one for each reactor of the SDM. For the simulation, the flow rate between reactors was set 

to the rates from the previous chapter 6.3.2 at 250 mL min-1. The initial volume was set to 
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0.5 L in each reactor which resulted in a mixing time of 108 s. This is the median mixing 

time of the previous chapter 6.2. The initial biomass density for the batch processes was 

set to 5 g L-1 and for the fed-batch processes to 2 g L-1; the initial glucose concentration to 

50 g L-1 for the batch experiments and to 0.5 g L-1 for the fed-batch processes. 

Heterogeneous DO concentrations are also experimentally investigated in a scale-down 

system consisting of two STRs (chapter 8). Three simulations of batch processes with 

different DO setpoints (30% for aerobic conditions, 0% for anaerobic), for an aerobic-

aerobic, an aerobic-anaerobic, and an anaerobic-anaerobic scale-down system were 

performed (Figure 37).  

 
Figure 37: Comparison of three simulations of batch cultivations. 1st column: aerobic-

aerobic two compartment scale-down model. 2nd column: aerobic-anaerobic configuration. 

3rd column: anaerobic-anaerobic configuration. 

The concentrations between the two reactors are identical in system with a homogenous 

DO (left and right side of Figure 37). For the process in the aerobic-anaerobic system this 

difference is about 0.1%. 

The simulations demonstrate that approximately 20% less biomass is produced in the 

system with heterogeneous DO concentration compared to fully aerobic conditions. 

This reduction was also shown by Sweere et al. for fluctuating oxygen profiles in a single 

reactor setup without considering heterogeneous conditions within the reactor (Sweere and 

Mesters et al. 1988). In the anaerobic process only half the biomass is produced compared 

to fully aerobic conditions. In the aerobic-aerobic simulation the ethanol is fully consumed 

after 8 h, whereas the cultivation with heterogeneous DO concentrations takes about 
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5-times as long. This model hypothesis was subsequently tested experimentally (see 

chapter 8.1.1).  

In addition, three fed-batch processes were simulated with a combined glucose and 

nitrogen-source feed (Figure 38). The initial glucose and nitrogen source concentrations 

were reduced for the fed-batch simulations. All other initial conditions remained unchanged. 

 
Figure 38: Comparison of three simulations of fed-batch cultivations with a stepwise linearly 

increasing feed. Feeding is performed into reactor R1. 1st column: aerobic-aerobic two 

compartment scale-down model. 2nd column: aerobic-anaerobic configuration with the feed 

located in the aerobic reactor. 3rd column: anaerobic-anaerobic configuration. 

The glucose concentration difference between R1 and R2 is about 0.1 g L-1 in all 

simulations, the relative differences for the biomass density and ethanol concentrations are 

below 0.2%.  

In the fully aerobic configuration, glucose concentration drops below the 0.1 g L-1 in R1, 

resulting in ethanol uptake. Ethanol concentration is decreasing until reaching 0 g L-1 at 38 h 

of the fully aerobic process. However, ethanol is not consumed in the system with different 

DO setpoints since the glucose concentration is not decreasing below the concentration 
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needed for ethanol uptake (diauxic metabolism). The final biomass density in the fully 

aerobic configuration is more than 30% higher compared to the aerobic-anaerobic 

combination (feed in aerobic compartment), and 3.5 times higher compared to the fully 

anaerobic system. 

The simulation results suggest that DO differences resulting from non-ideal mixing 

conditions may influence the process performance. The experimental verification for batch 

and fed-batch processes is carried out in chapters 8.1 and 8.2 where experimental data 

from the SDM with heterogeneous DO concentration are compared to data from single 

bioreactors.  
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7 Single bioreactor investigations 

The developed mathematical model was first utilised with processes performed in a single 

bioreactor system, in an ideally mixed, homogeneous environment. The modified mDoE 

method utilising the mathematical model was tested and evaluated before its application 

with processes under non-ideally mixed conditions. 

The historical data of three processes were used for parameter identification (chapter 7.1). 

Since the available experimental data is limited, the parameter identification was performed 

multiple times to quantify the parameter uncertainties (chapter 7.1.2). 

Multiple mDoEs with different designs were carried out and compared to a detailed design 

using 2000 different experimental settings (chapter 7.2.1). The desirability score was 

calculated targeting biomass production while considering process robustness 

(chapter 7.2.2). The experimental settings of four experiments were selected based on the 

desirability scores and experimentally carried out (chapter 7.2.3). 

Furthermore, during the application of the mDoE, the mathematical model was tested for its 

descriptive and predictive capabilities for single bioreactor systems. By applying the mDoE 

method a simultaneous improvement of the process and the model was achieved.  

7.1 Experiments for modelling (A1 – A3) 

The experimental data of three cultivations were used for the model parameter 

identifications and the Monte Carlo based uncertainty quantification. The initial volumes and 

the compositions of the medium, as well as the feed concentrations, are displayed in 

Table 10. 

Table 10: Initial volume (V) and medium composition as well as feed concentrations. 

A single feed containing the carbon source glucose (Glc.) and nitrogen source consisting of 

yeast extract (YE) and peptone (Pep.) was used. 

 Initial medium Feed 

 
V Yeast Glc. YE Pep. Glc. YE Pep. 

L g L-1 g L-1 g L-1 g L-1 g L-1 g L-1 g L-1 

A1 1.0 3.0 6.0 1.4 2.3 290.0 50.0 50.0 

A2 1.0 3.0 6.0 1.4 2.3 290.0 50.0 50.0 

A3 1.0 20.0 30.0 2.9 4.5 290.0 85.0 135.0 

The temperature was set to 30 °C in the cultivations (A1 – A3) and the pH was automatically 

controlled at 5. The volumetric gassing rate was manually adjusted to values between 1 
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and 2 vvm, with a maximum value of 2 L min-1. The stirrer speed was set to values between 

500 and 800 rpm to maintain a DO above 10% (aerobic conditions).  

Cultivation A1 utilised a feeding strategy, which was expected to lead to a high biomass 

density. A2 was performed with an initially low glucose feeding rate expected to lead to no 

ethanol production in the first 20 h. This feeding rate was increased during the process to 

reach ethanol inhibition. In A3, a high initial biomass density of 20 g L-1 was inoculated to 

achieve a high final biomass density. The feeding strategies were designed based on 

process knowledge and the process model developed by S. Brüning (2016) (utilising a 

parameter set of a different S. cerevisiae) as well as adapted during the experiments 

(Brüning 2016).  

These three experiments had different objectives and thus generated different experimental 

data. These data show several effects that are process-relevant and therefore suitable for 

parameterising the model. The resulting parameterisations were employed for the 

applications of the modified mDoEs. 

7.1.1 Experimental results 

Figure 39 displays the offline data for the biomass density, as well as the glucose and 

ethanol concentrations of the experiments (A1 – A3). The composition of the exhaust gas 

and the RQ, as well as the feeding rate, volume, and the pH (controlled at pH 5) are 

presented. 
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Figure 39: Experimental data of cultivations A1 - A3. 1st row: Offline data for biomass 

density, glucose, and ethanol concentration. 2nd row: Online data of the off-gas composition 

(yO2 and yCO2) as well respiratory quotient (RQ) calculated from the offgas-data. 3rd row: 

Theoretical calculated feeding rate and volume, as well as the online measurement of the 

pH. Experimental settings are explained in chapter 7.1 and the used reactor in 

chapter 4.3.1. 

At the end of the cultivation A1, a dry cell weight density of 64 g L-1 was achieved. 

The ethanol concentration reached 28 g L-1. The initial glucose in the medium was fully 

depleted after 3 h, afterwards the determined glucose concentration was always close to 

0 g L-1. The glucose concentrations were below the limit of determination of the used 

enzymatic test kits. This was the case despite feeding from 3h onwards. The initially low 

ethanol production rate is reflected by the RQ value, which remains below one for the first 

21 h; afterwards, ethanol production starts and the RQ stays above one for the last feed 

rate increasement at 30 h. 

Cultivation A2 was performed with the aim of producing ethanol and reaching ethanol 

inhibition. Experiment A2 utilised identical initial conditions as A1, but with a feeding strategy 

designed to initially lead to no ethanol production and after 20 induce overflow metabolism 

through overfeeding. This should result in ethanol inhibition towards the end of the 
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cultivation. The feed was chosen to start at a lower rate of about 0.01 mL min-1 until 21 h 

which resulted in a lower biomass density at 24 h compared to A1. After increasing the feed, 

40 g L-1 of ethanol was produced. This observation was supported by the RQ which 

exceeded 1 from 21 h and by a glucose concentration peak which reached approximately 

8 g L-1. Dry cell weight density reached 24 g L-1 at the end of the cultivation. 

Cultivation A3 aimed to reach a high biomass density. The dry cell weight increased from 

initially 18 g L-1 to over 100 g L-1 at the end of the cultivation. This was achieved until the 

end of the process within a comparatively short process duration. Glucose concentrations 

were below the limit of determination once the initial glucose was consumed. The ethanol 

concentration remained lower compared to the other cultivations reaching a maximum of 

10 g L-1 at the end of the cultivation. The RQ was constantly close to 1 which is consistent 

with the observed low ethanol production rate in this cultivation.  

7.1.2 Parameter identification and uncertainty quantification 

The experimental data of the three processes (A1 – A3) were used for the identification of 

the model parameters. Since the data amount at this early stage of process development 

is low, the model parameters were identified 116 times with the application of the Monte-

Carlo based uncertainty quantification. This enables a prediction of the process robustness 

even with low amount of available data at the cost of an increased computational effort.  

For each of the 116 parameter identifications, 3000 simulations of the three processes 

(A1 – A3) were performed, totalling over one million model simulations. This was only 

possible because the simulations could be performed before the next experiments and with 

the developed and accelerated model (under 1 s per simulation, see chapter 5.2). 

Furthermore, this identification step could be parallelised on multiple PCs since each 

parameter identification is independent from each other. In this work, the parameter 

identification was performed on three PCs simultaneously. 

The experimentally determined offline data, initial concentrations, and control functions of 

processes A1 - A3 were varied by using (assumed) standard deviations for each of the 

116 parameter identifications. 

The offline data and the initial concentrations were varied by a standard deviation of 5% 

around the determined value. Since the biomass compartments cannot be directly 

determined, a variation of 10% for the initial value for each compartment was assumed. 

Physico-chemical measurements including pH, DO and temperature, alongside feed 

volume flows, feed concentrations (glucose and nitrogen source) were also varied by a 5% 

standard deviation close to the set or determined value. 
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A total of 18 parameters were selected for repeated parameter identifications. The selected 

parameters include the description of uptake rates, yield coefficients for metabolic 

pathways, transfer rates of cell compartments, as well as boundary conditions and strengths 

between effects like overflow metabolism or ethanol inhibition. The initial values and 

identified mean values, as well as a short description of each parameter are supplied in 

Table 22 (in appendix) as well as reasons why they were chosen for the parameter 

identification (see chapter 12.2.1.1).  

Evaluation of parameter identification 

The evaluation of the parameter identification is performed graphically (Figure 40) and with 

the coefficient of determination R².  

The arithmetic mean of each parameter was calculated, and a mean parameter set of the 

116 resulting parameter sets was generated. The simulation with the mean parameter set 

(continuous black line in Figure 40) and the uncertainty band of the simulated data courses 

after identification (dashed lines) are displayed and compared to the experimental offline 

data for cultivations A1 – A3. The uncertainty bandwidth is the area between the 10% and 

90% quantiles of the simulations results. 

 

Figure 40: Experimental offline-data (dry cell weight density, glucose concentration, ethanol 

concentration) of cultivations A1 - A3 in comparison to results after model parameter 

identification. The continuous line represents the mean of 116 Monte-Carlo parameter 

identifications, the dashed lines represent the 10% and 90% quantiles of these 

identifications (based on already published graphics in (Moser et al. 2021)). 
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The model parameters were adapted successfully to the data of the three experiments with 

good R² obtained with the mean parameter set (A1: R² of 0.98, A2: R² of 0.85 and A3: R² of 

0.97). The simulated data for biomass density and ethanol concentration have a high 

agreement throughout the experiments. The largest difference between the simulated and 

experimental data occurred in cultivation A2 for the glucose concentration during the phase 

with ethanol production resulting in a slightly lower R². However, the glucose concentration 

of A2 lies within the uncertainty band. 

Overall, the model parameters could be reliably and robustly identified both quantitatively 

and qualitatively, as the R² is above 0.85 and the uncertainty bands are relatively narrow 

for all three experiments. 

7.2 Optimisation of a single reactor fed-batch process 

Before the operating conditions for a process under non-ideal mixing conditions were 

calculated and optimised with mDoE, this optimisation method was first tested on processes 

performed in a single 1 L bioreactor.  

Table 11 displays the planned initial medium composition selected for the mDoE 

experiments (B1 – B4) along with the compositions of the glucose and nitrogen source feed. 

Table 11: Initial volume and medium composition as well as feed concentrations for the 

mDoE experiments. Separate feeds for the carbon source (glucose) and nitrogen source 

(yeast extract and peptone) were calculated. 

 Medium    𝑭𝑮𝒍𝒄 𝑭𝑵 

 
Vol. Yeast Glc. YE Pep. Glc. YE Pep. 

L g L-1 g L-1 g L-1 g L-1 g L-1 g L-1 g L-1 

B1 – B4 0.7 2.0 15.0 1.4 2.3 400 130 270 

All experiments were inoculated with 2.0 g L-1 of dry yeast into an initial medium volume 

of 0.7 L. The initial medium consisted of 15.0 g L-1 glucose, 1.4 g L-1 yeast extract and 

2.3 g L-1 peptone. The glucose feed was planned and carried out with a concentration of 

400 g L-1. The nitrogen-source feed was planned and carried out with a yeast extract 

concentration of 130 g L-1 and a peptone concentration of 270 g L-1 for all for experiments. 

The temperature was controlled at 30°C, the stirrer speed was fixed at 800 rpm for all four 

experiments. 

  



 

 

122 

 

Single bioreactor investigations of the art 

Three factors were selected for the optimisation of a S. cerevisiae fed-batch cultivation with 

the modified mDoE:  

1) The set-point of the pH value control 

2) The volumetric feeding rate 𝐹𝐺𝑙𝑐 at the end of the cultivation (𝑡𝑒𝑛𝑑 = 48 h) for a linearly 

rising glucose feed. 

3) The volumetric feeding rate 𝐹𝑁 at the end of the cultivation (𝑡𝑒𝑛𝑑 = 48 h) for a linearly 

rising nitrogen source feed. 

The rates were calculated with the following equation (7.1): 

𝐹𝑘(𝑡) =
𝐹𝑘,𝑒𝑛𝑑

𝑡𝑒𝑛𝑑
∙ (𝑡 − 𝑡𝑠𝑡𝑎𝑟𝑡) (7.1) 

Using this equation, linearly rising feeding strategies starting at 1 h into the cultivation are 

designed for the glucose and nitrogen source feeds. Linear feeding strategies offer an 

advantage over exponential feedings since they allow for a more stable process operation 

and are safer to handle. Although exponential feeds could theoretically lead to better results, 

due to the expected exponential cell growth at the start of the cultivation. However, 

exponential feeding rates that are slightly too high can quickly result into overfeeding and 

overflow metabolism. As a result, cell growth might be inhibited, reinforcing overfeeding. 

The parameter sets used for the following simulations during the execution of the mDoE 

were drawn from the 116 identified parameter sets of the previous chapter with the usage 

of Latin-Hypercube sampling. 

The desirability score 𝐷 of the experimental conditions in the mDoE was calculated. 

The calculation consists of the maximisation of the biomass density and the minimisation of 

the variability of the simulation results regarding the biomass density (see chapter 4.6.3). 

The maximisation of the biomass density was weighted by 80%, the minimisation of the 

variability by 20%. 

7.2.1 Evaluation of different model-based designs 

The process of selecting the right design space is crucial since the choice of the design 

boundaries can greatly impact the outcome of the DoE. For this reason, multiple different 

experimental designs were tested and compared. These designs were two Box-Behnken 

designs, two central composite designs and one design with 27 different factor 

combinations created with the mDoE software tool. 

Each point within the design space was simulated 20 times with different parameter sets. 

The 20 different parameter sets were drawn by Latin-Hypercube sampling from the 

116 identified parameter sets used as the basis. All simulations in this chapter utilised the 

experimental factors (glucose and nitrogen feeding rates as well as pH), along with the initial 

conditions introduced in chapter 7.2. 
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For the first run of each design, higher maximum volumetric feeding rates of up to 

1.0 mL min-1 for the glucose and 0.6 mL min-1 for the nitrogen source feed were chosen. 

The maximum rates were halved for the second design. The lowest feeding rate were set 

at 0.1 mL min-1 for both design spaces. The simulations within first design space were 

simulated with pH values ranging from 3 to 7, whereas the second design had narrower 

boundaries ranging from 4 to 6. 

Figure 41 presents the calculated desirability scores for the two Box-Behnken designs for 

3D-plot, 2D-plots, and response surfaces of a quadratic function.  

 

 

Figure 41: Desirability scores for two mDoE-Runs using Box-Behnken designs are 

presented for pH value, as well as the final feeding rates FN and FGlc. The top row has wider 

boundaries than the bottom row. 1st and 2nd column: 3D and 2D scatter plots; 3rd column: 

Visualisation of the response surfaces for the fitted quadratic functions for pH 5. 

The simulation results and calculated desirability scores are highly dependent on the 

chosen boundaries of the designs. In the first design the best process is expected to be 

found in the lower left corner, while in the second design it is expected to be located in the 

lower centre. The limited number of simulated experimental settings renders the localisation 

of the optimum (within the design space boundaries) of the experiment (or simulation) 

difficult to impossible. 

Figure 42 presents two mDoE-runs with the same boundaries for central-composite 

designs. 
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Figure 42: Desirability scores for two mDoE-Runs using inscribed central-composite 

designs are presented for pH value, as well as the final feeding rates FN and FGlc. The top 

row has wider boundaries than the bottom row. 1st and 2nd column: 3D and 2D scatter plots; 

3rd column: Visualisation of the response surfaces for the fitted quadratic functions for pH 5. 

The central composite design produced more distinct simulated optimum areas in the 

response surfaces, as evidenced by the stronger gradients and smaller area of the optimal 

area. This more pronounced optimum region compared to the Box-Behnken design could 

be attributed to the different type of DoE design or on the chosen boundaries. The true 

optimal region could still be missed by the central-composite design, since the empty space 

between design points is still large. 

A design space consisting of 27 different factor combinations was created with the mDoE 

software tool (chapter 5.3). This corresponds to a full factorial design space with three levels 

(3 k factorial design). Each point was again simulated 20 times using parameter sets 

determined by Latin-Hypercube sampling. Figure 43 presents the resulting desirability 

scores for each point in the design space and quadratic response surfaces displayed for pH 

5 (a), as well as the final volumetric rate (at 𝑡 = 48 h) for the nitrogen source 

(𝐹𝑁 = 0.18 mL min-1) (b) and glucose feeds (𝐹𝐺𝑙𝑐 = 0.41 mL min-1) (c). 
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Figure 43: 1st row: Visualisation of the quadratic surface response function shown for 

a) pH = 5, b) FN = 0.18 mL min-1 and c) FGlc = 0.41 mL min-1. 2nd row: Desirability scores for 

the mDoE run with 27 factor combinations (corresponding to a full-factorial design space) 

for pH value, as well as the final feeding rates FN and FGlc.  

The optimal factor combination (experimental setting) is predicted to be pH 5 and at the 

border of the design space at low nitrogen and glucose feeding rates. This is evident in both 

the direct graphical visualisation of the desirability score of each point as well as in the 

quadratic response surfaces. The application of the full-factorial design (together with the 

results of chapter 7.2.2) was part of the publication that focused on the application of the 

mDoE-Toolbox (Moser et al. 2021).  

In all presented designs the empty space between points of experimental settings was 

leading to uncertainties since the real optimum area could be located between points. 

Furthermore, the response surfaces and simulated optimum areas are clearly impacted by 

the selected design. Since the resulting response surfaces and their optimum areas are 

depending on the chosen design, a selection on this basis would lead to vastly different 

experiments being selected and carried out. Therefore, using classical designs, optimal 

experimental factor combinations can only be determined with limited reliability. 

The uncertainty of identifying factor combinations leading to optimum process conditions 

could potentially be reduced by the simulation of an increased number (> 1000) of 
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experimental settings in the design space (chapter 7.2.2). This is now feasible since 

simulations can be completed in about a second.  

7.2.2 Experimental design space and evaluation 

Since the traditional experimental designs exhibited various positions of the optimal area 

depending on the design, a comprehensive mDoE with a total of 2000 experimental settings 

was carried out.  

For each point 20 simulations with differing parameter sets were performed, resulting in a 

total of 40000 simulation runs. This required a computation time of about 14 hours, which 

is the main disadvantage of this method. However, this method results in an approximation 

of the response surface in the hyperspace by simulating many factor combinations. 

The main advantage is the provision of a clear view of the optimal area of the design space 

including its shape, rotation, and gradients. Optimal settings within the design space are 

defined as settings that lead to high results of the desirability function (𝐷 > 0.8).  

Figure 44 illustrates the desirability scores of each point for the detailed run in a 3D view on 

the left side. The right side displays a 2D section of the desirability scores between pH levels 

of 4.5 to 5.5, which corresponds to the location of the optimal area.  

 

Figure 44: Desirability scores of 2000 experimental settings in a 3D view and a 2D slice 

between pH 4.5 and 5.5. 

The area comprising experimental settings with high predicted desirability scores 

(red coloured points with scores close to one) is clearly visible. It can therefore be concluded 

that the optimum of the mDoE can be identified more reliably if a significantly higher number 

of factor combinations are calculated within the design space. 

The best single simulated experiment is at 𝐹𝐺𝑙𝑐 = 0.40 mL min-1, 𝐹𝑁 = 0.19 mL min-1 and 

pH 5.1. This experiment displays the highest average final viable biomass and a relatively 

low variability. This strongly corresponds to the optimum of the fitted quadratic function 

(equation 4.45) which has nearly the same settings (𝐹𝐺𝑙𝑐 = 0.41 mL min-1, 
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𝐹𝑁 = 0.18 mL min-1, pH 4.9) (Figure 45). The parameters of the quadratic function were 

identified with the desirability scores of the 2000 different simulated experiment settings. 

Since Figure 44 visualises the location and shape of the optimum area with higher detail 

and accuracy, the calculation of the quadratic function for the visualisation of the response 

surface is not necessarily needed. For comparison purposes, the response surface is 

shown below in Figure 45. 

 

Figure 45: Response surfaces for determined optimum process conditions at pH 4.9, max. 

nitrogen feed at 0.18 mL min-1 and max. glucose feed at 0.41 mL min-1. 2000 different 

experimental settings were simulated in the design space and used for the identification of 

the parameters of the quadratic function. 

The location of the optimal area of the response surface is close to the area of high 

desirability scores (see Figure 44). The area with the highest desirability score has lower 

maximum scores (D ≈ 0.6) compared to the results of the individual factor combination 

where the highest scores reach values of about 0.92.  

The response surfaces (Figure 45) exhibit lower maximum values than those observed in 

the response surfaces of the Box-Behnken and Central-Composite designs (chapter 7.2.1), 

which both reached maximum desirability scores of approximately 1.0. This discrepancy 

may be attributed to the high number of experimental settings which impacts the fitting 

process of the quadratic function.  

The rotation and shape of the optimum area differs greatly from Figure 44. With a large 

number of points, the detailed representation of the response surface is therefore 

preferable. It’s preferable since the location and shape of the optimum area can be derived 

directly from the results of the individual experimental settings without alterations 

(see Figure 44).  

Based on Figure 44 (and Figure 45) four factor combinations were chosen for experiments. 

The corresponding desirability scores (ranging from 0.48 to 0.92) of these experiments are 

listed in Table 12. 
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Table 12: Chosen factor combinations determined with the mDoE. FGlc and FN are the final 

feed rates of a linearly rising feed at the end of the process simulated accordingly to 

equation (7.1) as well as the desirability score of each planned experiment. 

 𝐹𝐺𝑙𝑐 𝐹𝑁 pH Desirability score 

 mL min-1 mL min-1 - - 

B1 0.41 0.18 5 0.92 

B2 0.28 0.12 6 0.88 

B3 0.28 0.12 4 0.89 

B4 0.54 0.25 5 0.48 

The settings of the first experiment B1 are chosen at the optimum of the quadratic function 

(𝐹𝐺𝑙𝑐 = 0.41 mL min-1, 𝐹𝑁 = 0.18 mL min-1, pH 5.0) with the highest desirability score of 0.92. 

For the next two experiments (B2 and B3), settings were selected in the centre of the optimal 

region. In this region, the average final biomass density is expected to be lower compared 

to B1. However, the variability is also lower which should lead to a more robust process 

operation, given the lower impact of small deviations and disturbances on the simulated 

process performance. This results in slightly lower desirability scores of 0.88 and 0.89 

compared to B1. Two experiments with different controlled pH levels (pH 4 and pH 6) at 

lower feed rates (𝐹𝐺𝑙𝑐 = 0.28 mL min-1 and 𝐹𝑁 = 0.12 mL min-1) compared to B1 were 

selected and performed.  

The final experiment B4 was performed at higher glucose and nitrogen-source feeding rates 

(𝐹𝐺𝑙𝑐 = 0.54 mL min-1 and 𝐹𝑁 = 0.25 mL-1) at the edge of high desirability scores resulting in 

a lower desirability score of 0.48. These experimental settings of B4 were chosen to assess 

if the edge of the optimum area was predicted accurately (see Figure 44).  

7.2.3 Performed experiments (B1 – B4) 

The experimental settings (𝐹𝐺𝑙𝑐, 𝐹𝑁, pH value) of four cultivations (Table 12) were selected 

utilising mDoE and carried out in the single MDX bioreactor. Figure 46 presents the 

comparison between experimental and simulated data for the offline data of 𝑐𝐷𝐶𝑊, 𝑐𝐺𝑙𝑐 and 

𝑐𝐸𝑡𝑂𝐻 including uncertainty prediction bands as well as the online data for the exhaust 

gas composition. The fourth row of Figure 46 presents the mDoE factors, the pH value 

(online data) and the time courses of 𝐹𝐺𝑙𝑐 and 𝐹𝑁 (control values) as well as the calculated 

medium volume. 
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Figure 46: Experimental data for mDoE cultivations B1 – B4 compared to simulated data 

from the mDoE-Toolbox. Plots B1 a/b – B4 a/b show the data for cDCW, cGlc and cEtOH. 

The continuous lines in plots B1 a/b – B4 a/b represent the arithmetic mean of 

30 simulations with different parameter sets determined by Latin-Hypercube sampling. The 

dashed lines represent the 10% and 90% quantiles of these 30 simulations, the area 

between the dashed lines is the predicted uncertainty band. Plots B1 c – B4 c are the online 

data of the exhaust gas data composition (yO2 and yCO2) and the calculated RQ. 

Plots B1 d – B4 d are displaying the pH, the calculated feed rates (FGlc and FN) as well as 

the calculated medium volume V. 

B1 achieved the highest desirability score of 0.92 (Table 12) and highest simulated average 

biomass density while also having a narrow uncertainty band. B2 and B3 show slightly 

narrower uncertainty bands, but their simulated mean biomass density is slightly lower 

compared to B1. It is expected that simulations with narrow uncertainty bands are indicating 
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cultivations that are robust to changes in the model parameters and to the process control 

since the experimental data and process control of experiments A1 – A3 used for parameter 

identification were varied. 

In contrast, B4 shows the widest uncertainty band but the highest potential biomass density 

in the prediction among all experiments (upper boundary of uncertainty band). The wide 

uncertainty band indicates a high variability in the simulations of B4. This is due to the risk 

of overfeeding, which potentially results in the highest ethanol concentrations.  

The final dry cell weight density (at 𝑡 = 48 h) is determined between 45 g L-1 (B4) and 

80 g L-1 (B3). The initially provided glucose was fully depleted after 14 hours in all 

experiments. In B1 the glucose feed increased the glucose concentration in the medium 

above the limit for overflow metabolism which resulted in an ethanol concentration of almost 

20 g L-1. In cultivations B2 and B3 the lower glucose feeding rate caused less ethanol 

(𝑐𝐸𝑡𝑂𝐻 = 12 g L-1) to be produced.  

In experiment B4, with the highest maximum glucose feeding rate (0.54 mL min-1) and the 

highest nitrogen source feeding rate (0.25 mL min -1), a final ethanol concentration of more 

than 45 g L-1 was reached. This high ethanol concentration most likely inhibited biomass 

growth resulting in the lower final biomass density of about 50 g L-1 compared to the other 

experiments. 

The oxygen and carbon dioxide levels in the exhaust gas changed nearly linearly, as 

theoretically expected with linear rising feeds when the glucose fed is immediately used up 

(see equation (4.16) for ethanol production). The steps in the exhaust gas online data were 

caused by adjustments of the aeration rate to ensure aerobic conditions. 

The RQ reached its maximum in the first hours of the cultivation (at about t = 3 h), shortly 

before the initial glucose concentration was fully depleted. Afterwards, the RQ subsequently 

increased gradually, matching with increasing ethanol concentrations. Cultivations B2 and 

B3 exhibit low maximum ethanol concentrations of about 12 g L-1, respectively. 

This corresponds to RQ values closer to and below 1 after the initial RQ peaks. In contrast, 

B1 and especially B4, showed higher RQ values above 1.5, indicating an ethanol production 

in both experiments, which is evident in the higher final ethanol concentrations (20 g L-1 in 

B1 and 45 g L-1 in B4 compared to B2 and B3).  

The biggest difference between the simulated uncertainty bands and the determined dry 

cell weight density occurs in experiment B3. The experimental data exceed the simulations 

by over 20 g L-1 in experiment B3 at around 24 h. This was also the case in the other three 

cultivations but less pronounced. The final biomass densities are predicted well and are 

located within the uncertainty band, except for B1 which is about 10% less than the lower 

boundary of the uncertainty band. 
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The shape of the ethanol uncertainty bands differed qualitatively from the experimental 

data, exhibiting a peak concentration, whereas during the experiments, the ethanol 

concentration increased throughout the complete cultivation.  

Experiment B3 with the highest final biomass density of 80 g L-1 showed simultaneously the 

highest yield coefficient 𝑌𝑋/𝑆 of 0.52 of the mDoE experiments B1 – B4 (Figure 47). 

  

Figure 47: Yield coefficient for glucose YX/SC for the experiments used for parameter 

identification (A1 – A3) and the mDoE experiments (B1 – B4). 

The yield coefficient 𝑌𝑋/𝑆𝐶 of experiments B1 and B2 were close with values of 0.46 and 

0.48 respectively; only 𝑌𝑋/𝑆𝐶 of B4 was considerably lower at 0.27. The yield coefficients of 

B4 and A2 are lower compared to the other experiments since most of the glucose is 

metabolised into ethanol instead of biomass resulting in lower final biomass densities. 

With the application of the modified mDoE the yield coefficient of B3 was increased by 25% 

and the final biomass by (more than) 30% compared to the experiment with similar initial 

conditions (A1).  

7.3 Discussion and conclusion 

After parameterisation with data from only three historical cultivations, the model’s 

predictive capabilities were sufficient to improve the process performance in an ideally 

mixed bioreactor system. The biomass density was increased by 30% compared to a 

previous cultivation (A1) with similar initial conditions. Furthermore, this improvement was 

achieved with just four new experiments (B1 – B4), instead of the potential 27 cultivations 

in a full-factorial design or 15 in a central composite design (CCD), leading to a reduction 

of the required number of experiments by at least 75%. 

A total of 120 parameter identifications were performed using the Monte-Carlo uncertainty 

quantification, efficiently utilising the limited data available from only three historical 
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cultivations. The desirability function was computed with the aim of maximising the biomass 

density while simultaneously minimising the variability. This leads to an approximation of 

the simulated robustness of the process to changes in the model parameters (obtained by 

varying experimental data and process control of experiment A1 – A3) and to the process 

control.  

A novel approach was chosen for the mDoE, simulating a large number of experimental 

settings in the design space. A three-dimensional design space for three factors (𝐹𝐺𝑙𝑐, 𝐹𝑁 

and pH) with 2000 points was created using the k-means clustering algorithm maximising 

the distance between points. These 2000 different settings were simulated with 

20 simulations each (as described in chapter 5.3). The expected process performance was 

evaluated based on the mean result and variability. The result is a detailed representation 

of the desirability score depending on the three factors (𝐹𝐺𝑙𝑐, 𝐹𝑁, pH value). 

The substantial number of different simulated experimental conditions reduces the impact 

of the design space boundaries on the mDoE result (see chapter 7.2.1). In previous 

versions of the mDoE and other combinations of DoEs with model-assisted methods, 

classic design of experiments were utilised for the simulation of the design space. The small 

number of experimental settings (factor combinations) in classic designs enabled a faster 

calculation and a direct comparison with experimentally executable design spaces. 

However, the resolution of the resulting design spaces are lower, selected boundary 

conditions have a huge influence (see chapter 7.2.1) and an evaluation via response 

surfaces would be necessary. (Mandenius and Brundin 2008; Möller et al. 2015; Möller et 

al. 2019; Bayer et al. 2020; Gassenmeier et al. 2022). 

Experiment B3 yielded the highest final biomass density. The settings of B3 were located 

in the centre of the optimum area (see Figure 44) with a slightly lower desirability score of 

0.89 compared to experiment B1, which had a slightly higher desirability score (0.92) and 

about 50% higher volumetric feeding rates. This experiment B3 exhibits a high yield 

coefficient 𝑌𝑋/𝑆 of 0.52 which is close to the most common value found in literature of 

approximately 0.5 and only slightly lower than experiment A3 used for parameter 

identification (see Figure 47) (Sonnleitner and Käppeli 1986; Babel et al. 1983; van Dijken 

et al. 2000).  

Overall, the application of the mathematical model within the novel approach of the model-

based design of experiments was validated. The optimisation of a S. cerevisiae process 

was achieved, while simultaneously identifying the model parameters. Moreover, these 

improvements were made in the relevant region of expected desirable process 

performances. 
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With this result, the foundations are in place to use the mathematical model for processes 

under heterogeneous conditions. The next experiments in the physical scale-down model 

were performed with heterogeneous dissolved oxygen and substrate concentrations. 

Afterwards the model parameters were identified. Finally, the mathematical model was 

validated with experimental data and the process was optimised with the application of the 

mDoE (chapter 8). 
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8 Scale-down model characterisation 

The developed physical scale-down model (SDM) is consisting of two connected stirred 

tank reactors. Two different heterogeneous conditions were identified for the S. cerevisiae 

cultivations in the SDM. The first one are heterogeneous dissolved oxygen concentrations 

in production reactors and the second one heterogeneous carbon substrate concentrations. 

The research objective of the experiments was the characterisation of the influence of these 

heterogeneities on S. cerevisiae cultivations in a controlled non-ideally mixed environment 

(chapters 8.1 and 8.2). Experimental data on the simultaneous influence of heterogeneous 

dissolved oxygen and substrate concentrations are not published. The new information and 

data gained were used for the identification of the parameters of the new mathematical 

model. 

Five batch experiments were performed to quantify the influence of controlled 

heterogeneous dissolved oxygen conditions (chapter 8.1, Table 13). Batch experiments 

were carried out to isolate the effect of this heterogeneity without overlaying heterogeneous 

substrate concentrations. Three experiments were performed in the SDM, two cultivations 

where both reactors were either aerobic (C1) or anaerobic (C2) as well as one experiment 

where one reactor of the two-compartment SDM was aerobic and the other anaerobic (C3). 

These cultivations were compared to two aerobic cultivations in a single reactor system with 

similar initial conditions (C4 & C5). The experimental data were used to quantify the 

influence of heterogenous dissolved oxygen concentrations in the SDM. 

Afterwards, five fed-batch experiments were conducted and analysed (chapter 8.2, 

Table 15). These fed-batch experiments introduced a second heterogeneity to the scale-

down system (heterogenous substrate conditions). The first two cultivations (D1 & D2) were 

carried out to determine whether the location of the feeding inlet, either positioned in the 

aerobic or the anaerobic reactor, had an influence on the process performance. This was 

not performed and investigated so far for fed-batch cultivations of S. cerevisiae. Please 

note, that the feeding inlet is always located in the first reactor (R1) of the SDM independent 

from the location of the aeration. The fed-batch cultivations D3 and D4 were performed in 

a single bioreactor under fully aerobic (D3) and anaerobic conditions (D4). Experiment (D5) 

in the SDM consisting of two reactors and featuring a batch phase, followed by two feeds 

with rising volumetric feed rates. 

Afterwards, the available data (experimental series A - D) of 16 experiments were utilised 

for the identification of parameters of the mathematical model. The mathematical model 

with identified model parameters was validated against three experiments: (1) the single 

reactor cultivation A3 (in chapter 8.3.2.1); (2) a new experiment with feeding rates 
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alternating between both reactors (E1, chapter 8.3.2.2); (3) a new experiment with 

conditions determined with mDoE as will be presented in chapter 8.3.2.3. 

For the experiments in the SDM (C1, C3, C5, D1, D2 and D5) the initial volumes of the 

reactors were identical. This 1:1 ratio is similar to other working groups and roughly 

represents large-scale stirred tank reactor conditions (Lara and Leal et al. 2006; Oosterhuis 

1984; Amanullah et al. 2004). Oosterhuis et al. (Oosterhuis et al. 1985; Oosterhuis 1984) 

used a 1.6 L reactor for the anaerobic compartment and a 0.6 L as the aerobic 

compartment. Lara et al. and Sandoval-Basurto et al. utilised a 2:1 ratio between the 

anaerobic and aerobic compartment (Lara and Leal et al. 2006; Sandoval-Basurto et al. 

2005). The mixing times were set to 120 s for the batch experiments and to 4 min for the 

fed-batch experiments to increase the influence of the heterogenous dissolved oxygen (and 

substrate) concentrations (see chapter 4.3.3.1). These mixing times are in the range of large 

production scale reactors as published by Vrábel et. al (Vrábel et al. 2000). 

Sweere et. al 1988 were able to show that increased mixing times lead to greater effects of 

heterogeneous dissolved oxygen concentrations in non-ideally mixed reactor systems 

(Sweere and Matla et al. 1988).  

In all experiments, the medium temperature was controlled at 28 °C through an external 

water bath (MDX bioreactors and SDM) and internal temperature control in the Biostat B. 

The pH was not controlled. 

8.1 SDM - batch experiments (C1 – C5) 

Three scale-down model experiments were carried out in batch operation mode, along with 

two additional experiments in a single bioreactor (MDX bioreactor). Batch experiments were 

chosen for cultivations C1 – C5 due to their uncomplicated process control and ability to 

provide valuable data on uptake rates and yield coefficients. The initial volume of each 

reactor was 1 L. The mixing time was set to approximately 120 s by adjusting the volumetric 

flow rate of the circulation pump (method described in chapter 4.3.3.1). The conditions in 

the single bioreactor were assumed to be ideally mixed at stirrer speeds at or above 

800 rpm. The initial nitrogen source was consisting of 15 g L-1 yeast extract and 15 g L-1 

peptone in all cultivations. The initial glucose concentration was set to 100 g L-1 for the first 

two experiments. Both cultivations were inoculated to an initial biomass density of 6.0 g L-1. 

Table 13 lists the initial volumes, mixing times and the initial concentrations of biomass, 

glucose as well as the nitrogen source (peptone and yeast extract). 
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Table 13: Experimental conditions of five batch cultivations, three in the scale-down model 

(C1, C3, C5) and two in a single bioreactor (assumed to be ideally mixed).  

Experiment 𝑉𝑅1 𝑉𝑅2 𝑡𝑀90 𝑐𝐷𝐶𝑊 𝑐𝐺𝑙𝑐 𝑐𝑌𝐸 𝑐𝑃𝑒𝑝. 

# Combi. L L s g L-1 g L-1 g L-1 g L-1 

C1 Ae-Ae 1.0 1.0 ~120 6.0 100 15.0 15.0 

C2 Ae 1.0 -  6.0 100 15.0 15.0 

C3 An-Ae 1.0 1.0 ~120 10.0 50.0 15.0 15.0 

C4 Ae 1.0 -  10.0 50.0 15.0 15.0 

C5 An-An 1.0 1.0 ~120 10.0 100 15.0 15.0 

 

Figure 48: Comparison between a batch cultivation in the scale-down system 

(R1: reactor 1, R2: reactor 2) under aerobic conditions in both reactors (1st column) with an 

aerobic experiment in a single bioreactor (2nd column). 1st row: Offline data for glucose and 

ethanol concentration as well as dry cell weight density. 2nd row: Online data for the exhaust 

gas composition (yO2 and yCO2), RQ and the aeration rates. 3rd row: Online data for the 

dissolved oxygen concentration, pH value and stirrer speed of the reactors. 
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In cultivation C1 (C1 Ae-Ae), both reactors were aerated, resulting in aerobic conditions in 

both reactors. This experiment was compared to experiment C2 in a single bioreactor 

(1 L MDX bioreactor) under aerobic conditions (DO > 10%) (C2 Ae) to check if the result of 

the SDM could be reproduced in a single bioreactor (Figure 48).  

In C1, glucose was depleted in the first seven hours, leading to an increase of the biomass 

density from initially 6 g L-1 to 22 g L-1. Biomass production stopped almost completely after 

7 h and a final biomass density of 23 g L-1 was determined at the end of the cultivation C1. 

In C2, glucose was completely depleted after 7 h as well and a biomass density of 22 g L-1 

was reached at 12 h which is similar to experiment C1.  

Ethanol was produced up to a concentration of approximately 50 g L-1 in C1 and 40 g L-1 in 

C2 in the first seven hours. Afterwards, the ethanol concentration was constant at 50 g L-1 

in C1. Ethanol was therefore not consumed in the SDM under fully aerobic conditions. 

This difference between the maximum ethanol concentrations in C1 and C2 might be 

caused by different initial glucose concentrations (96 g L-1 in C1 and 90 g L-1 in C2) and the 

ethanol consumption in C2. 

However, in C2, ethanol was consumed starting at 7 h for the following 11 h, which caused 

an increase in biomass density from 22 g L-1 to almost 30 g L-1. At 17 h ethanol was fully 

consumed in C2, which is indicated by the exhaust gas composition. At 17 h, the mole 

fraction of oxygen in the exhaust gas (𝑦𝑂2
) was at the lowest while the of carbon dioxide 

(𝑦𝐶𝑂2
) was at its highest point during the ethanol consumption phase (𝑡 > 6 h). Afterwards, 

𝑦𝑂2
 was rising and 𝑦𝐶𝑂2

 falling. The pH was also slightly increasing at that time-point again 

after remaining at a constant value of 4.7 for 10 h. 

The DO was above 10% except for a brief time period from 4 h to 5.5 h in R2 (cultivation 

C1), indicating aerobic conditions in the SDM-reactors. After glucose was fully consumed, 

the DO in both reactors was increasing and reached final values of above 60%. The pH was 

decreasing from initially 6.8 to 4.4. 

The third experiment (C3 An-Ae) in the scale-down model was conducted in a way where 

one reactor was aerated and the other not, resulting in different DO concentrations in the 

two reactors. For this experiment the initial glucose concentration was set to 50 g L-1 to 

reduce the maximum ethanol concentration and the risk of ethanol inhibition. 

This experiment was compared to an aerobic experiment (C4 Ae) in a single bioreactor with 

the same initial conditions, to assess the influence of heterogeneous DO concentration on 

the cultivation. Both experiments (C3 & C4) were inoculated to a biomass density of 

10.0 g L-1 (Figure 49). 
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Figure 49: Comparison between batch cultivation C3 in the scale-down system (R1: 

reactor 1, R2: reactor 2) under heterogenous DO (R1 aerobic, R2 anaerobic) (1st column) 

with process C4 in a single bioreactor under aerobic conditions (2nd column). 1st row: Offline 

data for glucose and ethanol concentration as well as dry cell weight density. 2nd row: Online 

data for the exhaust gas composition (yO2 and yCO2), RQ and the aeration rates. 

3rd row: Online data for the dissolved oxygen concentration, pH value and stirrer speed of 

the reactors. 

The initial glucose (𝑐𝐺𝑙𝑐 = 50 g L-1) was completely depleted within the first 4 hours in both 

cultivations. In C3 biomass density was rising from 10 g L-1 to 18 g L-1 during the first 

4 hours and remained at that density until the end of the experiment. The ethanol 

concentration reached about 21 g L-1 and remained almost constant with a final 

concentration of 20 g L-1. The RQ decreased to values below 1 after glucose was fully 

consumed, the pH was dropping to values of about 4.5. The DO in the first reactor of the 

SDM (R1) is above 10% throughout the cultivation whereas in the second reactor (R2) the 

DO is constantly at 0%. 

In contrast to C3, during experiment C4 biomass grew throughout the cultivation until 

reaching a final biomass density of 25 g L-1. Ethanol concentration reached a peak of 
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25 g L-1 at 4 h and was fully consumed until approximately 13 hours cultivation time. The pH 

dropped to 4.7 until the ethanol peak at 5 h and increased slightly until ethanol was fully 

consumed. The transition from glucose to ethanol uptake is reflected in the RQ. RQ declined 

from values above 2 to values below 1 between 3 and 4 h cultivation time when glucose 

was fully depleted indicating ethanol consumption in both experiments. 

The last experiment (C5 An-An) was performed in the SDM with both reactors under 

anaerobic conditions. This experiment was performed with an initial glucose concentration 

of 100 g L-1 and was inoculated to an initial biomass density of 10 g L-1 (Figure 50). 

 

Figure 50: Batch cultivation C5 in the scale-down system (R1: reactor 1, R2: reactor 2) 

under anaerobic conditions. 1st row: Offline data for glucose and ethanol concentration as 

well as dry cell weight density. 2nd row: Online data for the dissolved oxygen concentration, 

pH value and stirrer speed of both reactors. 

The initial glucose was depleted after about 6.5 hours. The biomass density was increasing 

from initially 10 g L-1 to a final biomass density of 22 g L-1. The ethanol concentration 

reached approximately 40 g L-1 at 6.5 h. Ethanol was not consumed since the both reactors 

of the physical scale-down model were under anaerobic conditions. The pH started at about 

6.7 and decreased to 4.7 over the course of the cultivation. The DO decreased in both 

reactors to 0% in the first 15 minutes of the cultivation C5. The composition of the exhaust 

gas was not determined since both reactors were unaerated. 



 

 

140 

 

Scale-down model characterisation of the art 

8.1.1 Comparison of the batch cultivations C1 – C5 

Table 14 displays the yield coefficients for the biomass formed per glucose consumed 

(𝑌𝑋/𝑆𝐶), as well as averaged glucose uptake rates (𝑟𝐺𝑙𝑐) and ethanol uptake rates (𝑟𝐸𝑡𝑂𝐻) for 

the batch cultivations C1 – C5 (see chapter 4.3.4). 

Table 14: Yield coefficients, glucose uptake, growth rate and ethanol production rate for the 

batch experiments in the physical two-compartment scale-down system and single 

bioreactors.1  

Experiment 𝑌𝑋/𝑆𝐶 𝑟𝐺𝑙𝑐 𝑟𝐸𝑡𝑂𝐻 

# Combi. 𝑔𝐷𝐶𝑊 𝑔𝐺𝑙𝑐⁄  𝑔 𝑔𝐷𝐶𝑊
−1 𝑠−1 𝑔 𝑔𝐷𝐶𝑊

−1 𝑠−1 

C1 Ae-Ae 0.19 ± 0.02 3.1 ± 0.4∙10-4 - 

C2 Ae 0.22 ± 0.02 2.7 ± 0.3∙10-4 4.3 ± 0.4∙10-5 

C3 An-Ae 0.21 ± 0.02 2.4 ± 0.3∙10-4 1.5 ± 0.1∙10-5 

C4 Ae 0.28 ± 0.03 2.2 ± 0.2∙10-4 3.9 ± 0.2∙10-5 

C5 An-An 0.13 ± 0.02 2.7 ± 0.3∙10-4 - 

Cultivation C3 under mixed conditions shows the highest yield coefficient 𝑌𝑋/𝑆𝐶 of 0.21 of 

the three cultivations performed in the SDM (C1, C3, C5), which is slightly higher than 𝑌𝑋/𝑆𝐶  

of the fully aerobic experiment C1 (𝑌𝑋/𝑆𝐶 = 0.19) and 50% higher compared to C2 

(𝑌𝑋/𝑆𝐶 = 0.13). However, experiment C4 in the single bioreactor exhibits the highest yield 

coefficient (𝑌𝑋/𝑆𝐶 = 0.28). Without the biomass growth from ethanol uptake this would be 

reduced to 0.23 (± 0.02) and be in the same range as the other experiments (except C5). 

The growth based on ethanol uptake in C1, C3 and C5 is considerably smaller (reducing 

𝑌𝑋/𝑆𝐶 by less than 0.02). 

For the cultivations with similar initial glucose concentrations (C1, C2, C5 as well as 

C3, C4), the glucose uptake rates are similar ranging from 2.2∙10-4 g gDCW s-1 (C4) to 

3.1∙10-4 g gDCW s-1 (C1). The glucose uptake rates are slightly higher in the fully aerobic 

experiments C1 and C2 where a lower initial biomass concentration was chosen and in the 

fully anaerobic experiment in the SDM (Table 14).  

Figure 51 presents the offline data determinations for dry cell weight density, glucose 

concentration and ethanol concentration for the batch cultivations to support a direct 

comparison of concentration profiles. 

 

1 Deviations were estimated for the case of a 5% deviation for the initial glucose or highest ethanol 

concentration and 5% deviation for the average biomass density. The highest calculated deviation 

for those cases is shown in the table. 
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Figure 51: Comparison of dry cell weight density, glucose concentration and ethanol 

concentration for experiments C1 – C5 

All five experiments support the concept of overflow metabolism (Crabtree-effect and 

anaerobic metabolism) which resulted in ethanol production. The highest ethanol 

concentrations correspond to about half the initial glucose concentrations which is close to 

the theoretically possible ethanol produced from glucose for batch processes (see 

chapter 4.3.4). The biggest difference between the single stirred tank reactor cultivations 

and the heterogeneous SDM was that ethanol is consumed in the single-bioreactor 

cultivations at a higher rate compared to the experiments in the SDM (C1 and C3). In STR 

experiment C2 the ethanol uptake rate was 4.3∙10-5 s-1 and in STR experiment C4 

3.9∙10-5 s-1. The rate is calculated for the interval starting at the peak ethanol concentration 

(for C2 at 6 h, for C4 at 4 h) until the end of the cultivation (12 h). In contrast, no changes 

in the ethanol concentration were determined in the fully aerobic (C1) and anaerobic (C5) 

cultivations in the SDM. In the SDM experiment with heterogenous DO concentrations (C3), 

an ethanol uptake rate of 1.5∙10-5 s-1 was determined which is over 60% lower compared to 

the rates of the aerobic STR experiments C2 and C4.  

The reduction of the ethanol uptake rate in C3 is most likely mainly caused by one reactor 

being under anaerobic conditions. The volume of the anaerobic reactor was set to 1 L; 

sampling reduced the volume in the aerobic reactor by 10% (0.1 L) during the cultivation. 
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Since ethanol consumption only takes place under aerobic conditions and approx. 50 - 55% 

of the volume of the system is anaerobic, a reduced ethanol uptake rate by the same 

percentage (50 – 55%) is expected. This would result in an ethanol uptake rate of the 

aerobic reactor of approx. 3.0∙10-5 s-1. This rate (in experiment C3) is about 25% to 30% 

lower than the uptake rates in the aerobic single reactor cultivation (C2). This further 

reduction of the ethanol uptake rate in the SDM might be attributed to the cell alternating 

between the aerobic and anaerobic compartment. Furthermore, due to the low ethanol 

uptake rate and the heterogeneous conditions, biomass growth nearly stopped in the SDM 

cultivation after glucose depletion. 

The process performance was clearly affected by the heterogeneity created in the SDM. 

The experimental results of this study with batch experiments confirm the results of Sweere 

et. al. (1988) that the production of S. cerevisiae is reduced under heterogeneous dissolved 

oxygen concentrations (Sweere and Matla et al. 1988). The experiments also confirm the 

observation by George et. al. (1998) that the growth of S. cerevisiae is reduced in non-

ideally mixed production reactors (George et al. 1998). This behaviour was in general 

already predicted by the mathematical model during the simulation study (chapter 6). 

The main difference between simulation and experiment is, that the ethanol uptake rate was 

much lower in experiments with heterogeneous conditions compared to fully aerobic 

conditions. Under fully anaerobic conditions, no ethanol consumption was determined 

(experiment C5) which was expected since oxygen is needed for the oxidisation of ethanol 

(Battley 1960).  

8.2 SDM - fed-batch experiments (D1 – D5) 

Five fed-batch cultivations were performed to characterise the scale-down system with 

heterogeneous DO concentrations and additionally heterogenous conditions regarding the 

substrate concentration induced by feeding into only one of the two reactors.  

Table 15 lists the initial experimental conditions of the fed-batch experiments.  
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Table 15: Experimental conditions of five fed-batch cultivations, three in the scale-down 

model (D1, D2, D5) and two in a single stirred bioreactor (MDX bioreactor) (D3 and D4). 

The compartment with feed is named first in the 2nd column of the table. The conditions in 

the single bioreactor were assumed to be ideally mixed (stirrer speed at 600 rpm in D3 and 

at 300 rpm in D4). 

Experiment 𝑉𝑅1 𝑉𝑅2 𝑡𝑀90 𝑐𝐷𝐶𝑊 𝑐𝐺𝑙𝑐 𝑐𝑌𝐸 𝑐𝑃𝑒𝑝. 𝑐𝐺𝑙𝑐,𝐹𝑒𝑒𝑑 

# Combi. L L s g L-1 g L-1 g L-1 g L-1 g L-1 

D1 Ae-An 0.5 0.5 260 10.0 - 25.0 25.0 500 

D2 An-Ae 0.5 0.5 260 10.0 - 25.0 25.0 500 

D3 Ae 1.0 - - 10.0 - 25.0 25.0 500 

D4 An 1.0 - - 10.0 - 25.0 25.0 500 

D5 An-Ae 0.6 0.6 250 6.0 25.0 25.0 25.0 500 

The glucose concentration of the feed was 500 g L-1 for all cultivations. The first reactor 

(labelled R1) in the SDM experiments is always the reactor where the feeding inlet is 

positioned. One reactor of the experiments in the SDM (D1, D2, D5) was aerated causing 

aerobic conditions, while the other one was not aerated (anaerobic conditions). The feeding 

inlet is located in the aerobic reactor in cultivation D1 (D1 AeAn), in D2 and D5 in the 

anaerobic reactor of the SDM (D2 AnAe, D5 AnAe).  

The purpose of D1 and D2 was to determine the influence of the feeding inlet positioning 

on cultivations in the SDM. It is anticipated that glucose concentrations will be higher in the 

reactor with feed compared to the reactor of the SDM without the feed causing a 

heterogeneous glucose concentration in the system.  

Cultivation D5 utilised two feeding periods, with different volumetric feeding rate, which 

should lead to two separate ethanol consumption phases with lower ethanol concentrations 

compared to all other experiments performed in the SDM. The first feeding period is 

performed with lower volumetric flow rates to obtain data for simultaneous feeding and 

ethanol uptake. The initial medium volume in each of the reactors was set to 0.5 L, 

totalling 1 L.  

Cultivations (D3 and D4) were performed under either fully aerobic (D3) or fully anaerobic 

(D4) conditions utilising the identical feeding strategy, initial conditions, and initial volumes 

as experiments D1 and D2 (see Table 15).  

The circulation flow rate was set to 150 mL min-1 resulting in experimentally determined 

mixing times of approximately 260 s for processes D1 and D2. The mixing time was doubled 

compared to the batch-mode experiments of the previous chapter 8.1 with the aim to amplify 

the influence of the heterogenous dissolved oxygen concentrations. This higher mixing time 
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of approx. 4 minutes is still in the range of large scale reactors as published by Vrábel et. al 

(Vrábel et al. 2000). 

The STR cultivations D3 and D4 had initial volumes of 1.0 L and were performed in the 2 L 

Biostat B bioreactor. The reactor was assumed to be close to ideally mixed, as mixing times 

below 5 s were estimated by visual observations. D3 and D4 were performed to quantify 

the influence of the heterogeneous conditions regarding the substrate and dissolved oxygen 

concentrations against experiments in ideally mixed homogenous systems.  

For cultivation D5 in the SDM the volume in each reactor was increased to 0.6 L and the 

circulation flow to 180 mL min-1. The reactor volumes and the circulation flow rate are both 

20% higher compared to D1 and D2 which resulted in a mixing time of 250 s. This mixing 

time is close to the mixing times of D1 and D2 and only about 4% (10 s) lower. 

The initial biomass density (𝑐𝐷𝐶𝑊) was set to 10 g L-1 to decrease the process duration in 

D1 – D4 to 24 h with sufficient information content. This biomass density of 10 g L-1 can 

approximately be expected after 12 h in a process with an initial biomass density of about 

2 g L-1. In experiments D1 – D4 glucose was exclusively provided by the feed medium 

(no glucose in the initial medium); nitrogen source was provided with the initial medium 

(peptone and yeast extract concentration set to 25 g L-1). Feeding took place during the 

initial six hours of processes D1 – D4 at a feeding rate of 0.6 mL min-1 and a glucose 

concentration in the feed of 500 g L-1.  

Experiment D5 was performed in the SDM with a different feeding strategy with two 

separate feeding periods, an initial batch phase and a longer process duration of 48 h. 

The volumetric feeding rate of the first feed was set to 0.05 mL min-1 to acquire data for a 

feed that causes a lower ethanol production. The feeding rate of the second feed was set 

higher at 0.17 mL min-1 to acquire additional data for ethanol production. In addition, the 

behaviour of the system for a feeding strategy with an interruption and an ethanol 

consumption phase with lower ethanol concentrations compared to the other processes 

shall be investigated. 

8.2.1 Influence of the feeding inlet position on simulations 

Three preliminary simulations were carried out, with the feed positioned in the aerobic, the 

anaerobic, and lastly with a combination of both with half the feed in each reactor. The 

utilised parameter set was identified utilising data from the experiments presented in 

chapter 7.1.2. The initial conditions, the glucose concentration of the feed, and mixing times 

are identical to the settings of processes D1 and D2 (chapter 8.2.2). The simulations utilised 

six connected STR-models, two of which are operated as the reactors in the SDM, while 

the other four simulate the piping between the reactors. The circulation flow between the 
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reactors is set to 125 mL min-1, resulting in a mixing time 𝑡𝑀,90 of 260 s. Figure 52 shows 

the simulation results different for positions of the feeding inlet for 𝑐𝐺𝑙𝑐, 𝑐𝐸𝑡𝑂𝐻 and 𝑐𝐷𝐶𝑊 for 

cultivations in the SDM. The right side of Figure 52 displays a zoomed-in section of the 

process between 5h and 7h. The simulated relative concentration difference between the 

two reactors for each of the three simulations is small (less than 0.1%). This difference is 

not observable in Figure 52. 

 

Figure 52: Influence of the positioning of the feeding inlet on simulations of two-reactor 

scale-down systems. Simulation with feeding in the aerobic reactor, both reactors and 

anaerobic reactor. Mixing time is set at 260 s for all simulations. Left column shows the 

entire simulation of the process; right column a zoomed in time period ranging from 5 h to 

7 h. 1st row: Glucose concentration, 2nd row: Ethanol and biomass concentration, 3rd row: 

Feed volume flow and medium volume.  

The glucose uptake rate is approximately 20% higher when the feeding inlet is located in 

the aerobic reactor compared to the anaerobic reactor. The ethanol concentration and the 

biomass density show slight decreases (approximately 2%), when glucose is fed in the 

aerobic reactor. In the next step, the influence of the positioning of the feeding inlet was 



 

 

146 

 

Scale-down model characterisation of the art 

experimentally examined (D1 and D2), in comparison to fully aerobic (D3) and anaerobic 

(D4) fed-batch processes in a single bioreactor. 

8.2.2 Fed-batch experiments (D1 – D4) 

Two experiments corresponding to the simulations (Figure 52) were carried out. In 

experiment D1, glucose was fed into the aerobic reactor, in D2 into the anaerobic reactor. 

The volume of the anaerobic reactor was kept constant at 0.5 L, the volume in the aerobic 

reactor was variable, depending on the feeding rate and the sample volume. For both 

experiments, the circulation flow was set to 200 mL min-1 resulting in an experimentally 

determined 𝑡𝑀,90 of approx. 260 s (method described in chapter 4.3.3.1). The feeding 

(0.6 mL min-1) was turned on for the first six hours with a glucose concentration of 500 g L-1 

matching the flow rate in the simulations. The stirrer speed was set to 800 min-1 throughout 

the experiment.  

The glucose and ethanol concentration, biomass density, the exhaust gas composition, and 

the pH were measured, and the aeration rate, feeding rate as well as the calculated reactor 

volumes have been recorded (Figure 53). 

The biomass densities, metabolite concentrations and exhaust data of cultivations D1 and 

D2 are remarkably similar. In both cultivations 𝑐𝐷𝐶𝑊 is increasing up to about 18 g L-1 

(D1: 18.4 g L-1; D2: 17.6 g L-1) in the first eight hours of the experiment. In D1 the biomass 

density was slightly lower (16.2 g L-1) at the end of the process, whereas in D2 𝑐𝐷𝐶𝑊 was 

increasing to 18.4 g L-1. During D2, the glucose concentration reached a higher peak 

concentration of 9 g L-1, which is one-third higher than in D1 where glucose was fed into the 

aerobic reactor (𝑐𝐺𝑙𝑐,𝑝𝑒𝑎𝑘  = 6 g L-1). Ethanol was produced up to a maximum of 22 g L-1 in 

both processes and was consumed afterwards. After 18 h of ethanol reduction (after feeding 

stopped), 𝑐𝐸𝑡𝑂𝐻 decreased to 15 g L-1. The experimental ethanol uptake rate is about 70% 

slower compared to the uptake rate in the simulation (chapter 8.2.1). 
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Figure 53: Fed-batch cultivations performed in the SDM with the feeding inlet positioned in 

the aerobic reactor (D1) and anaerobic reactor (D2). 1st row: Offline data for cDCW, cGlc and 

cEtOH. 2nd row: Online data for the exhaust gas composition (yO2 and yCO2) and the RQ. 

3rd row: Online data for the dissolved oxygen concentration, pH value and stirrer speed of 

both reactors. 4th row: Feeding and aeration rate as well as the calculated volumes in both 

reactors. 

The molar fraction of CO2 in the exhaust gas increased until it reached a maximum 

(D1: 8.4%; D2: 7.0%) and subsequentially decreased after glucose was consumed. The RQ 

was above 1 for the initial 6 hours during feeding, indicating ethanol production in both 

reactors. After feeding stopped, RQ dropped below 1, indicating ethanol consumption. 

The exhaust gas composition remained stationary (𝑦𝑂2
 = 20.3%, 𝑦𝐶𝑂2

 = 0.3%) in D1 until 

the end of the process. 



 

 

148 

 

Scale-down model characterisation of the art 

The DO in the aerobic reactor of cultivation D1 stayed above 20%. In the anaerobic reactors 

of both cultivations the DO never increased above 1% after the initial process phase. 

In D2 the DO in the aerobic reactor (R2) was staying above 20% until 10 h, afterwards the 

DO in R1 increased to 120%2. The DO in the reactor with the feeding inlet stayed close to 

0% for the entire process D2 after the initial phase. The pH started at 7 and decreased to 

values at about 5. 

Cultivations D3 and D4 were conducted in a single bioreactor in parallel to D1 and D2, with 

identical initial conditions, as well as feeding rates and concentrations. Cultivation D3 was 

performed aerobically while D4 was conducted anaerobically in an unaerated bioreactor. 

The volumes in D3 and D4 matched the total initial volume of the SDM (𝑉𝑀 = 1 L). Figure 54 

presents the resulting cultivations D3 and D4. 

 

2 In experiment D2 the membrane filter for the exhaust gas was blocked from 10 h until 

24 h. This caused the aerated reactor to empty through an increase in pressure. This is also 

evident in the exhaust gas data, as the measured exhaust gas composition matched the 

composition of the aeration flow (ambient air). The DO simultaneously reached approx. 

120%, because the DO probe was in contact with air rather than the reactor medium, which 

was used for calibration of the probe. Furthermore, during this period, the circulation pump 

delivered a small unknown quantity of air into the anaerobic reactor, which was visually 

confirmed but insufficient to increase the DO of the anaerobic reactor. The blocked filter 

was replaced at t = 24 h. The experiment was extended to 26 h to ensure that enough data 

for the ethanol consumption phase were collected. The emptying of R2 was considered in 

simulations of experiment D2. The data from the experiment was not discarded, as this 

deviation from the planned process control can be considered in the mathematical model. 

Using mathematical models, the data of such "unsuccessful" experiments can be utilised 

and the need of experimental resources can be reduced. 
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Figure 54: Fed-batch cultivations performed in the single bioreactor (aerobic conditions D3 

and anaerobic D4). 1st row: Offline data cDCW, cGlc and cEtOH. 2nd row: Online data for the 

exhaust gas composition (yO2 and yCO2) and the RQ. 3rd row: Online data for the dissolved 

oxygen concentration, pH value and stirrer speed. 4th row: Feeding and aeration rate, stirrer 

speed as well as the calculated volumes. 

The peak glucose concentration in the aerobic experiment D3 was the highest among the 

experiments, reaching 13 g L-1. In D4 a peak glucose concentration of 6.7 g L-1 was 

reached. Although 𝑐𝐸𝑡𝑂𝐻 increased to 21 g L-1 in both experiments, it was only consumed in 

D3 under aerobic conditions and at a higher rate compared to experiments D1 and D2 with 

a heterogeneous DO concentration (chapter 0). After 17 h ethanol was completely depleted, 

indicated by the online data of DO, pH and in the exhaust gas composition, which all exhibit 
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abrupt changes at this time point. In D4 ethanol concentrations did not decrease, as was 

expected due to the anaerobic conditions throughout this cultivation.  

At the end of D3, 𝑐𝐷𝐶𝑊 reached 36 g L-1 (t = 24 h). In the anaerobic experiment D4, the 

biomass density remained constant after reaching approximately 14 g L-1, which is similar 

to experiment D1 were the biomass density remained constant at about 16 g L-1. 

The fraction of CO2 in the exhaust gas reached 4% and oxygen decreased below 20%. 

The RQ was above 1 during ethanol production and below 1 during ethanol consumption. 

During D3, the pH decreased to a value close to 5 but increased after ethanol depletion.  

Comparison of the fed-batch experiments D1 – D4  

Figure 55 illustrates a comparison of the offline data between the four performed fed-batch 

experiments D1 – D4 to quantify the influence of non-ideally mixed conditions on the 

cultivations, as well as the influence of the feeding inlet positioning. The feeding inlet was 

positioned in the aerobic reactor in experiment D1 and in the anaerobic reactor in 

experiment D2. 

 

Figure 55: Comparison of offline data (cDCW, cGlc, cEtOH) for experiments D1, D2, D3 and D4. 

The final biomass density was twice as high in the aerobic single bioreactor experiment D3 

as compared to the SDM experiments D1 and D2. The biomass density remained constant 

after the feeding stopped in the SDM experiments D1 and D2 and in the anaerobic 

experiment D4. In D3, biomass was produced during the ethanol consumption phase to a 

final density of 36 g L-1.  
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There was no impact of the feeding inlet location on biomass growth, but there was an 

impact on the glucose concentrations. The peak glucose concentration was higher when 

the feeding inlet was positioned in the aerobic reactor. The aerobic experiment D3 shows 

the highest peak glucose concentration of about 13 g L-1, while the lowest peaks were 

observed in the anaerobic cultivation (D4) with 6 g L-1 and in experiment D2 with 7 g L-1 

(feeding into the anaerobic reactor of the SDM). The glucose uptake rate is therefore higher 

under anaerobic conditions compared to aerobic conditions, which confirms the results of 

batch cultivations published by Hollander et al. (1986). This may be caused by the so-called 

Pasteur effect in which an increased uptake rate of glucose is observed in the absence of 

oxygen. The influence of this effect on S. cerevisiae cultivations has been previously 

reported by other research groups (Deken 1966; Hollander et al. 1986). 

Table 16 lists various yield coefficients (calculation method in chapter 4.3.4) for specific time 

periods as well as the ethanol uptake rates for the fed-batch experiments D1 – D4. 

Table 16: Yield coefficients and uptake rates of ethanol for cultivations D1 - D4. Deviations 

were estimated for the case of a 5% deviation for the initial glucose or highest ethanol 

concentration and 5% deviation for the average biomass density. The highest calculated 

deviation for those cases is shown in the table. 

  𝒓𝑬𝒕𝑶𝑯 𝒀𝑿/𝑺𝑪 𝒀𝑿/𝑺𝑪 𝒀𝑷/𝑺𝑪 𝒀𝑿/𝑷𝑪 

Time period 
During EtOH 

uptake 
0 - 6 h 0 - 24 h 0 - 6 h 6 - 24 h 

# Combi. gEtOH gDCW s-1 gDCW gGlc
-1 gDCW gGlc

 -1 gEtOH gGlc
 -1 gDCW gEtOH

 -1 

D1 Ae-An 8.2 ± 0.5∙10-6 0.17 ± 0.02 0.13 ± 0.02 0.45 ± 0.04 - 

D2 An-Ae 1.0 ± 0.3∙10-5 0.17 ± 0.02 0.20 ± 0.02 0.43 ± 0.05 0.25 ± 0.03 

D3 Ae 2.4 ± 0.3∙10-5 0.22 ± 0.03 0.51 ± 0.03 0.42 ± 0.05 0.72 ± 0.08 

D4 An - 0.15 ± 0.02 0.09 ± 0.01 0.42 ± 0.04 - 

In every cultivation about the same maximum ethanol concentration (22 g L-1) was reached 

after 6 h. In both cultivations performed in the SDM (D1 and D2) ethanol concentration 

decreased and was completely depleted in the aerobic single reactor cultivation (D3).  

The ethanol uptake rate 𝑟𝐸𝑡𝑂𝐻 of the fully aerobic cultivation D3 (2.4∙10-5) was approximately 

doubled compared to the SDM experiments D1 (8.2∙10-6) and D2 (1.0∙10-5). A possible 

explanation for this difference might be the proportion of aerobic volume in the total medium 

volume. D3 was performed under fully aerobic conditions, whereas in cultivations D1 and 

D2 only half the medium volume was under aerobic conditions since only one reactor of the 

SDM was aerated and ethanol uptake requires aerobic conditions. 

Furthermore, the ethanol uptake rate in D1 is lower compared to D2. This might be again 

caused by the ratio of aerated to unaerated medium volume. The aerobic reactor in D1 had 
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a medium volume of 0.5 L, which was about 15% lower than the volume in the anaerobic 

reactor (0.58 L). In D2 the aerobic reactor (R2) contained a volume of 0.62 L, which is 20% 

larger compared to the volume in the anaerobic reactor (R1 with 0.5 L). This was caused 

by the fixed medium volume of 0.5 L in reactor 1 of the SDM during the experiments (reactor 

with feeding). With the assumption that ethanol was only consumed in the aerobic reactor, 

the ethanol rates for the aerobic reactor change to 1.7∙10-6 (D1) and 1.8∙10-6 (D2). This is 

still about 35% lower compared to the fully aerobic experiment D3. This reduction is close 

to the calculated performance loss in chapter 8.1.1 for the performed batch experiments. 

This confirms the assumption that performance loss might be attributed to the cells 

constantly alternating between aerobic and anaerobic zones in the SDM. To find a possible 

explanation for these differences, a brief model-based investigation will be presented in 

chapter 0. 

The oxygen fraction in the exhaust gas was lower and carbon dioxide fraction higher in D3 

during ethanol uptake compared to the other processes, despite a higher aeration rate. 

Therefore, the oxygen uptake rate and carbon dioxide production rates were higher which 

was caused by the higher ethanol uptake rate. 

Although the absolute ethanol uptake was lower in D2, the specific uptake rate was almost 

equal to D1, even though only the last four hours of the cultivation were used for the 

calculation3. In D1, 𝑟𝐸𝑡𝑂𝐻 was calculated with data obtained from a larger period between 

10 h and 24 h. For the calculation of 𝑟𝐸𝑡𝑂𝐻 of experiment D3 it was assumed that ethanol 

was fully consumed at 17 h.  

The yield coefficients 𝑌𝑃/𝑆𝐶 were approximately equal in all fed-batch cultivations and about 

10 – 15% lower than the theoretical maximum value. Thus, most of the glucose was 

metabolised into ethanol via overflow metabolism and anaerobic fermentation. The ethanol 

formed was consumed during the aerobic experiments and the SDM experiments. 

The yield coefficient for biomass from glucose (𝑌𝑋/𝑆𝐶) over the total process time was 

highest in the aerobic single reactor experiment D3 with 0.51, which is close to values found 

in literature (Babel et al. 1983). In the SDM experiments this yield was reduced to 0.13 in 

D1 and 0.20 in D2. The anaerobic cultivation showed the lowest 𝑌𝑋/𝑆𝐶 of 0.09. 

Two cultivations with different feed locations, in the aerobic (D1) and anaerobic (D2) reactor 

of the physical scale-down model, and otherwise identical operation have not yet been 

 

3 The blocked nozzle caused one of the reactors in the physical scale-down system to empty 

from 10 h until 24 h. As a result, the data could only be used after the desired volume ratio 

had been restored. This made it possible to use exclusively the last four hours to calculate 

the ethanol uptake rate. 
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performed for S. cerevisiae. The experimental results of these cultivations indicate that the 

positioning of the feeding inlet did not have an influence on the process performance for the 

executed feeding rates. The deviations between the experimental results of D1 and D2 for 

𝑐𝐷𝐶𝑊 and 𝑐𝐸𝑡𝑂𝐻 and for most relevant process performance indicators was lower than 5% 

for most of the time, which was approximately the expected measurement inaccuracy. This 

is consistent with the minor differences found in the previously performed simulations 

(chapter 8.2.1). Since the experimental data for D1 and D2 are that similar, it is safe to 

assume that reproduceable experiments can be performed using the SDM. 

8.2.3 Fed-batch experiment with two feeding periods (D5) 

Experiment D5 was performed in the SDM with a feeding strategy comprising two separate 

glucose feeding periods, separated by a period without feed. This experiment was 

performed to investigate the behaviour of the system with a feeding interruption. Another 

aim of the experiment was to achieve simultaneous metabolisation of glucose and ethanol 

with a low volumetric feeding. 

The first feeding period started at 8 h and ended at 22 h with a lower feeding rate of 

0.05 mL min-1; the second feeding period was shorter starting at 25 h and ended at 29 h 

with a higher feeding rate of 0.17 mL min-1. This should lead to two ethanol consumption 

phases with lower ethanol concentrations compared to all other experiments performed in 

the SDM. Experiment D5 started with a total volume of 1.2 L with both reactors of the SDM 

containing the same initial medium volume. The initial medium contained of 25 g L-1 

glucose, 25 g L-1 peptone, and 25 g L-1 yeast extract and was inoculated to a biomass 

density of 6 g L-1. Experiment D5 had a duration of 48 h. 

The feeding inlet in D5 was positioned in the anaerobic reactor (R1) since the feed in 

industrial-scale reactors is usually located at the top. At the top of industrial reactors, an 

aerobic zone is expected which is created by surface aeration with an anaerobic zone 

underneath (Oosterhuis and Kossen 1984). In both zones, ethanol production is expected 

either by overflow metabolism or by anaerobic fermentation of glucose to ethanol. Both 

cases are covered by the positioning of the feed inlet in the anaerobic reactor. Figure 56 

visualises the experimental results of cultivation D5 with two separate glucose feeding 

periods. 
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Figure 56: Experimental data of the repeated fed-batch cultivation with two separate 

volumetric feeding periods D5 in the physical scale-down model (the feeding inlet is located 

in the anaerobic reactor R1). 1st row: Offline data for cDCW, cGlc and cEtOH. Glucose was 

assumed to be depleted after the second feeding period. 2nd row: Online data for the 

exhaust gas composition (yO2 and yCO2) and the RQ. 3rd row: Online data for the dissolved 

oxygen concentration, pH value and stirrer speed of both reactors. 4th row: Feeding and 

aeration rate as well as the calculated volumes in both reactors. 

Glucose was consumed within the first four hours of the cultivation. Afterwards, the 

determined glucose concentration never exceeded 0.02 g L-1. During the initial batch phase, 

ethanol increased up to a peak concentration of 23 g L-1, and afterwards decreased 

continuously, except during the second feeding period (from 25 h to 29 h), where the 
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ethanol concentration increased from 5 g L-1 to 10 g L-1. At the end of the cultivation, an 

ethanol concentration of 4 g L-1 remained in the SDM. These changes of the ethanol 

concentration were also reflected in the measurements of the exhaust gas composition and 

the calculated RQ.  

The RQ was below one after the initial batch phase, indicating ethanol uptake by the cells, 

except during the second feeding period when ethanol was produced. The ethanol uptake 

rate is lower compared to fully aerobic experiments, since it can only be consumed in the 

aerobic reactor of the SDM (chapter 8.1.1 and 0). Biomass density increased up to a dry 

cell weight density of 26 g L-1 until the end of the cultivation. The time course of the pH 

correlates to the inverse of 𝑐𝐸𝑡𝑂𝐻. When ethanol was being produced, the pH decreased 

and vice versa.  

DO was remaining between 20% and 30% in the aerobic reactor (R2) and decreased within 

8 h to 0% in the anaerobic reactor (R1). During the second feeding period the DO was 

increasing in R2. This might have been caused by the overflow metabolism of glucose to 

ethanol, which requires less oxygen as compared to the ethanol oxidation during the first 

feed. The resulting yield coefficient 𝑌𝑋/𝑆𝐶 was determined to be 0.38. 

The experiment D5 has shown that it is possible to design a feeding strategy which leads 

to simultaneous glucose and ethanol uptake (first feeding period) in a system with 

heterogenous DO concentrations. In both previous fed-batch experiments in the physical 

SDM (D1 and D2), the feeding rates were higher in relative terms. These higher feeding 

rates resulted in ethanol production rather than ethanol uptake. 

8.3 Model validation with fixed feeding profile cultivations 

The first step towards model validation involves identifying the model parameters and initial 

values. Furthermore, the precision of the model is checked visually and with the coefficient 

of determination R² (chapter 8.3.1). This is followed by the check of the model validity using 

experiments which were not used in the identification process. These experiments should 

be performed under different experimental conditions than the experiments whose data are 

used for parameter identification. The experimental data from 16 of the 17 previously 

discussed experiments in chapters 7 and 8 were utilised for the parameter identification. 

All three selected experiments for model validation are fed-batch cultivations with 

predetermined fixed feeding profiles. 

Experiment A3 with the highest final 𝑐𝐷𝐶𝑊 of all experiments was used for model validation 

rather than parameter identification. Additionally, an experiment in the SDM was carried out 

with alternating feeding inlet position (E1). Finally, a model-based design of experiments 
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was performed. Experimental conditions obtained from this mDoE were utilised for fed-

batch experiment E2 in the SDM (E2).  

8.3.1 Model parameter identification 

Since a total of 16 experiments were utilised for the parameter identification, a short 

computation time of the model was crucial. Consequently, a simple and thus fast model 

containing the base functions was created with the model generation tool. The physico-

chemical submodel, which performs the calculations of DO, pH, and temperature as well as 

submodels for the biocatalysis, hydrolysis, foam formation and antifoam addition were not 

included into the process model. The DO in aerobic reactors was set to 20% and in 

anaerobic reactors to 0% for the simulations during parameter identification. The pH was 

adjusted to pH 5 since an influence of the pH on the process was not expected. The medium 

temperature in the simulation was set to a constant value of 28°C.  

A total of 27 parameters were identified during the parameterisation. All identified model 

parameters, their initial and final values, as well as a short description are listed in Table 23 

in appendix (Appendix chapter 12.2.1.2). In addition to the selected model parameters, the 

initial values of glucose concentration (𝑐𝐺𝑙𝑐), ethanol concentration (𝑐𝐸𝑡𝑂𝐻) and biomass 

density (𝑐𝐷𝐶𝑊) were identified. The identification boundaries for the initial values were set 

to ±25% of the analytically determined values. 

The evaluation of the parameter identification can be done visually (qualitatively), 

mathematically (quantitatively) or both combined. Figure 57 and Figure 58 present the 

offline data and control variables for the 16 experiments used for the parameter 

identification and the resulting R² after identification. The graphs were used for the 

qualitative evaluation of the parameter identification result. 
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Figure 57: Simulated data in comparison with experimental data for experiments A1, A2, 

B1 – B4, C1, and C2 after the parameter identification. 1st rows: Experimental and simulated 

data for cDCW, cGlc and cEtOH. 2nd rows: Volumetric feeding rates for glucose and nitrogen-

source feed as well as reactor volumes  
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Figure 58: Simulated data in comparison with experimental data for experiments C3 – C5 

and D1 – D5 after the parameter identification. 1st rows: Experimental and simulated data 

for cDCW, cGlc and cEtOH. 2nd rows: Volumetric feeding rates for glucose and nitrogen-source 

feed as well as reactor volumes 

13 of the 16 (or over 80%) of experiments are qualitatively parameterised well with a single 

set of model parameters. A comparison of the batch cultivations (and batch phases in the 

initial phase of fed-batch cultivations) reveals a near-perfect correlation between the 

experimentally determined and simulated glucose concentrations and biomass densities. 
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For this reason, the parameters related to the glucose uptake rate as well as to the biomass 

and ethanol production rates are well identified. Overall, this results in a remarkably high 

average R² value of 0.93 for the batch processes (C1 – C5) which were performed in the 

physical SDM and single bioreactors. 

Only three fed-batch experiments (A2, B4 and D5) exhibit clear deviations between the 

simulated and experimental data. A2 and B4 featured glucose feeds, which eventually led 

to ethanol inhibitions. D5, however, featured lower volumetric glucose feed rates.  

For experiments (A2, B4 and D5), the simulations are well parameterised for the batch 

phases. The deviations in cultivations B4 and D5 between simulated and experimental are 

only occurring during fed-batch phases and mainly affect the ethanol concentration while 

glucose concentrations are low. During these feeding phases, the sensitivity of the model 

to small variations of the simulated glucose concentration is high. Simulated low glucose 

concentrations are in a range, where the simulation might switch between ethanol 

production (overflow metabolism) as well as ethanol uptake (Diauxic growth). 

This increased sensitivity at low glucose concentrations is also expected in physical 

experiments. Because of this increased sensitivity, the behaviour during these cultivations 

is difficult to simulate. This new insight will be used to design experiments in future with the 

specific aim of improving the parameterisation of this behaviour at low glucose 

concentrations. 

In A2 the simulated glucose concentration during feeding is lower than in the experimental 

data. The simulated biomass density is increasing until the end of the simulation, while there 

is no increase in the experimental data of A2. However, the relative differences between 

the simulated and experimental ethanol concentrations are low at around 5% throughout 

experiment A2. 

The fed-batch cultivations determined by the mDoE application (B1 – B4) are well 

represented by the simulations with the identified parameter set. For cultivation B4, 

the mathematical model is only not able to represent the experimentally determined ethanol 

production during the final process phase (chapter 8.3.1). This ethanol production is a 

unique behaviour for this cultivation. Nonetheless, the first 24 hours of cultivation B4 are 

well identified. 

Similarly, for the simulated process D5 the model only inaccurately simulated the 

experimental ethanol concentrations, initially underestimating, and later overestimating the 

concentrations. In the experiment the glucose concentrations during the first feeding period 

were low enough to enable ethanol uptake, whereas in the simulation ethanol was 

produced. This is indicated by the experimentally determined steep decline directly after the 

second feed, followed by a much lower ethanol concentration gradient. However, this lower 
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ethanol gradient (correlating with the ethanol uptake rate) is similar in the simulation and 

the experiment after feeding stopped. This result is not conclusive and may be attributed to 

analytical errors for the determination of the ethanol concentration immediately after 

feeding.  

Despite these qualitative differences, the R² of these three experiments are good with 

resulting values above 0.76 (A2: R² of 0.79, B4: R² of 0.76, D5: R² of 0.8) which are close 

to 0.8. An R² of 0.8 was defined as the goal for the parameter identification. 

Figure 59 presents the R² for the quantitative comparison of all 16 experiments4. 

 

Figure 59: Resulting coefficients of determination (R²) for the 16 experiments used for 

parameter identification. 

Out of the 16 experiments, 10 show an R² above 0.8. The fed-batch experiments D1 and D2 

in the SDM exhibit the lowest R² of 0.44 and 0.41. While these experiments are qualitatively 

well identified (in Figure 57), many experimental values are clustered around the mean 

value of the experimental data, leading to a lower R² without large discrepancies between 

the experimental and simulated data. The higher R² was also caused since the WMSD 

(chapter 4.6.1) was minimised during the parameterisation. The WMSD only considers the 

(squared) difference between simulated and experimental data, without taken the mean 

value into account (unlike R²). For this reason, a qualitative comparison should always be 

carried out simultaneously. 

The lower R² (D1 – D4) are also caused by differences between experiment and simulation 

regarding the glucose concentrations during the initial fed-batch phase of the cultivations. 

In D1 the experimental and simulated data produce similar peak concentrations of glucose, 

 

4 For the calculation of the coefficient of determination R², all glucose concentrations determined by 

HPLC that are below 0.5 g L-1 were set to 0 g L-1. 
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but the peak occurs approximately one hour later in the simulation. This cannot be factored 

into the purely quantitative calculation of R² and is only qualitatively asserted. D2, D3 and 

D4 exhibit lower calculated peak glucose concentrations compared to the experimental 

data.  

Overall, the model parameters were identified successfully. The 16 experiments are 

performed under aerobic, anaerobic, and non-ideally mixed conditions while employing 

various control strategies (batch and fedbatch). The mathematical model is therefore 

capable of describing experiments under homogeneous (single bioreactors) and 

heterogeneous (SDM model) conditions regarding heterogenous dissolved oxygen and 

substrate concentrations with only one set of parameters.  

Model-based investigation of the reduced ethanol uptake rate 

With the mathematical model utilising the identified parameter set, model-based 

investigations of effects, observed in the physical scale-down model, are now possible. 

The effect investigated in this chapter is the reduced ethanol uptake rate in the experiments 

under the influence of heterogeneous dissolved oxygen concentrations. 

For this purpose, simulations of the two fed-batch cultivations D1 and D3 were carried out 

and the results are compared with the experimental results. D1 was carried out in the SDM 

with different dissolved oxygen concentrations in the reactors of the SDM (see 

chapter 8.2.1). The feeding inlet was positioned in the aerobic reactor in D1. 

Experiment D3 was carried out in a single, ideally mixed bioreactor under fully aerobic 

conditions. The ethanol uptake rate in the aerobic reactor of experiment D1 was about 35% 

lower compared to cultivation D3 (performed in a single reactor). 

Figure 60 displays a comparison between the SDM experiment D1 and the single bioreactor 

cultivation D3. The model calculates the activation (𝑟𝑋𝑎) and inactivation rates (𝑟𝑋𝑖) of the 

biomass in each reactor of both experiments which are presented in the second row of 

Figure 60.  
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Figure 60: Experimental and simulated data for fed-batch cultivations D1 with the feeding 

inlet positioned in the aerobic reactor and aerobic single bioreactor cultivation D3. 

1st row: Offline data and simulated cultivation courses for cDCW, cGlc and cEtOH. 

2nd row: Cumulated activation and inactivation rates of the biomass. 3rd row: Feeding rate 

as well as the calculated volumes. 

When glucose is available through glucose feeding (first 6 h of the simulation), the biomass 

inactivation and activation rates are more similar between both simulations. These rates are 

also almost identical in both reactors of D1 compared to the second process phase after 

feeding stopped. 

The main differences between the two simulated processes occur during the ethanol uptake 

phase (after feeding is stopped at 6 h). Right at beginning of this phase, the average 

inactivation rate in D1 is initially ten times higher compared to D3 (D1: 𝑟𝑋𝑖,𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ≈ 1.0, 

D3: 𝑟𝑋𝑖 ≈ 0.1). Towards a process time of 16 h, the inactivation rates converge and D1 is 

only 10% higher than D3 (D1: 𝑟𝑋𝑖,𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ≈ 1.1, D3: 𝑟𝑋𝑖 ≈ 1.0). 

The activation rate of the biomass seems to be higher in D1 than in D3. However, this only 

applies to the aerobic reactors; no reactivation occurs in the simulation of the anaerobic 

reactor. The biomass in D1 is continuously inactivated in the anaerobic reactor of the SDM 
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and reactivated in the aerobic reactor. This continuous cycle reduces the ethanol uptake 

rate compared to the simulation of the fully aerobic, homogeneous system D3. 

Furthermore, the overall activation rate in D1 is approximately 40% lower compared to D3 

(D1: 𝑟𝑋𝑎,𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ≈ 0.7, D3: 𝑟𝑋𝑎 ≈ 1.3). Therefore, a greater proportion of the biomass is 

inactivated in D1 and no longer metabolically active. This also results in a reduction of the 

ethanol uptake rate in D1, as less active biomass is available. This phenomenon is also 

plausible for the performed physical experiments. The biomass in the anaerobic part of the 

physical SDM was unable to undergo metabolism, as no carbon substrate was available 

that could have been utilised under anaerobic conditions by S. cerevisiae. This would have 

resulted in an increasingly inactive biomass which in turn caused the lower ethanol uptake 

rates that were experimentally determined during the experiments in the heterogenous 

scale-down system compared to the experiments in the homogenous single bioreactors. 

8.3.2 Experimental investigations for model validation 

The mathematical model with the identified parameter values was validated using data from 

three experiments that were performed under different process conditions. 

The experimental data were not used for parameter identification. Like all experiments, any 

new experiments for validation should increase knowledge and provide new insights into 

the process, in addition to being used for model validation. 

The first experiment used for model validation is cultivation A3. This cultivation had the 

highest final biomass density of all experiments (more than 100 g L-1). The second highest 

biomass density is about 20% lower which gives A3 a distinctive and unique feature. 

This experiment was selected for the model validation because a successful validation 

would demonstrate the mathematical model’s capability to successfully predict cultivations 

with higher densities than those in the data used for the parameter identification. 

The second validation experiment is a new experiment in the SDM with four repeating 

glucose feeds with increasing volumetric rates and alternating feeding locations (E1). 

The feeding rates of E1 were set to lower values than in previous experiments to reduce 

the overflow metabolism of glucose. With this experiment the precision of the model 

prediction could be tested for four phases of ethanol production and uptake in the scale-

down system. 

Finally, a modified model-based design of experiments was performed for the optimisation 

of a fed-batch experiment in the SDM (E2). Three factors were optimised: (1) The volumetric 

feed rate of a continuous glucose feed, (2) the initial nitrogen source concentration, and (3) 

the initial glucose concentration. Experimental settings for one experiment were selected 

based on the desirability score and carried out. The aim of experiment E2 was to 
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demonstrate the effectiveness of the mathematical model within a model-based process 

design method for the design of the process operation of an experiment in a scale-down 

system with heterogeneous conditions (regarding DO and substrate concentration) while 

predicting experimental data. 

8.3.2.1 Experiment A3 with highest biomass concentration 

Experiment A3 was the experiment with the highest final biomass concentration of all 

experiments. This cultivation was not utilised for parameter identification. Figure 61 displays 

a comparison between the concentrations of glucose and ethanol, as well as the dry cell 

weight density of the experimental and simulated data. 

 

Figure 61: Comparison of simulated and experimental data of process A3. 

1st row: Simulated and experimental data for cDCW, cGlc and cEtOH. 2nd row: Volumetric feed 

rate and reactor volume. 

Overall, a satisfactory agreement between the real experimental data of A3 and the 

simulation is reached with the identified parameter set. The first 32 h of the process are 

simulated with a high accuracy. Nonetheless, discrepancies between the simulation and 

experiment occur towards the end of the cultivation. The biomass growth stagnated during 

the experiment, whereas in the simulation a slightly decelerated increase of the biomass 

density can be observed. The biomass growth deceleration in the experiment caused an 

increasing ethanol concentration in the experiment, which cannot be observed in the 

simulation results. Nonetheless, the R² for this experiment is 0.88, demonstrating a good 

quantitative precision. Consequently, this part of the model validation was successful. 
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8.3.2.2 SDM experiment with alternating feed location (E1) 

For the second model validation scenario, a new experiment was designed. Experiment E1 

utilised a repeated feeding approach with increasing rates. The feed was turned on for one 

hour and then switched off for the same time-period. This cycle was repeated four times. 

The first two feeding rates were set to 0.05 mL min-1, and the subsequent two to 

0.1 mL min-1. The glucose concentration in the feed was 500 g L-1. The initial nitrogen-

source concentration was set to 50 g L-1 (25 g L-1 peptone, 25 g L-1 yeast extract). 

The feeding inlet positioning alternated between the aerobic and anaerobic reactors for 

each cycle starting in the aerobic reactor. The temperature was controlled at 30°C, the 

stirrer speed was fixed at 800 rpm throughout the cultivation. 

The research goal of this experiment (E1), in addition to model validation, was to determine 

whether there is a measurable effect on the cultivation course resulting from the cyclic 

interruption of the feeding. At the same time, the influence of the alternating feeding inlet 

positioning on a single experiment was investigated. To avoid overflow metabolism 

the feeding rates were set at a lower rate in comparison to the other fed-batch cultivations 

D1 to D4 in the SDM.  

The ethanol concentration was determined in both reactors using HPLC analysis. 

The experimental results presented in Figure 62 display the average ethanol concentration 

determined in both reactors. The mixing time 𝑡𝑀,90 was set to 250 s which is approximately 

the mixing time of the other fed-batch experiments in the SDM (D1 and D2). Figure 62 

presents the comparison of the experimental and simulated data for the model validation 

experiment E1. The model accurately predicts the cultivation with both quantitative and 

qualitative precision. The R² value for the entire experiment is 0.84, which is reflected in the 

high qualitative agreement depicted in Figure 62. 
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Figure 62: Comparison of simulated and experimental data in a repeated fed-batch 

cultivation with alternating feeding location in the physical scale-down Model (for the model 

validation experiment E1. 1st row: Experimental and simulated offline data for cDCW, cGlc and 

cEtOH. 2nd row: Online data for the exhaust gas composition (yO2 and yCO2) and the RQ. 

3rd row: Online data for the dissolved oxygen concentration and pH value of both reactors. 

4th row: Feeding and aeration rate as well as the calculated volumes in both reactors. 

The initial glucose concentration (1 g L-1) is fully depleted within the first hour during the 

initial feeding cycle, in both the experiment and the simulation. Glucose was initially 

determined in both reactors, however, since the difference between both reactors was 

negligible, glucose concentrations were subsequently determined only in the aerobic 



 

 

167 

 

Scale-down model characterisation of the art 

reactor (R1) after two hours. Thereafter, the determined 𝑐𝐺𝑙𝑐 in the experiment remained 

almost constant and close to 0 g L-1 during batch-phases without feeding and at 0.06 g L-1 

when feeding was activated. During feeding, calculated 𝑐𝐺𝑙𝑐 increased to 0.4 g L-1 which 

was more than six times higher compared to the experimental data. Additionally, there is an 

observable difference between the reactors in the simulations. The simulated reactor with 

feeding exhibits up to 30% higher glucose concentrations compared to the reactor without 

the feeding inlet. These small absolute differences between the reactors are difficult to 

determine analytically and could therefore potentially match the simulation results. 

The ethanol concentration was slowly increasing throughout the experiment, ultimately 

reaching 4 g L-1. The increase only occurred during feeding and the ethanol concentration 

decreased once feeding was stopped. The dry cell weight density was increasing from 

10 g L-1 up to 14 g L-1 until the end of the cultivation. The accuracy of the model for the 

ethanol concentration (R² = 0.92) and dry cell weight density (R² = 0.80) is high. 

Figure 63 presents a comparison between values for the yield coefficient 𝑌𝑃/𝑆𝐶 determined 

from simulated and experimental data. 

 

 Inlet positioning 𝒀𝑷 𝑺𝑪⁄ ,𝒆𝒙𝒑 𝒀𝑷 𝑺𝑪⁄ ,𝒔𝒊𝒎 

1st Feeding period STR2, aerobic 0.71 0.45 

2nd Feeding period STR1, anaerobic 0.24 0.24 

3rd Feeding period STR2, aerobic 0.34 0.35 

4th Feeding period STR1, anaerobic 0.27 0.35 

Total - 0.35 0.35 

Figure 63: Experimental and simulated yield coefficient YP/SC of ethanol from glucose for 

each individual feed of cultivation E1. 
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Overall, the simulated and experimental yield coefficients for ethanol from glucose are in 

the same range. However, the yield coefficient during the 1st feeding phase is higher, which 

might indicate that ethanol is produced from overflow metabolism and anaerobic 

metabolism. 𝑌𝑃/𝑆𝐶 calculated from experimental data was also higher than the theoretically 

possible yield coefficient of 0.511 (calculated in chapter 4.3.4).  

This might be explainable by the potential existence of small quantities of carbon sources 

in either in the nitrogen source (or the dry yeast used for inoculation), which are not 

considered in the mathematical model. If only 2% of the initial nitrogen source would consist 

of carbon-based substrates (e.g. sugars), corresponding to an additional 1 g L-1, the yield 

coefficient 𝑌𝑃/𝑆𝐶 would be reduced to 0.48. This is close to the simulated value of 0.45.  

These small quantities of additional carbon-based substrates within the nitrogen source 

have therefore a potentially strong impact on the yield coefficient. This strong influence is 

caused by the low glucose input through feeding and by the short time-period used for the 

calculation of 𝑌𝑃/𝑆𝐶. The influence on the yield coefficients of these carbon-based substrates 

within the initial nitrogen source would be significantly lower all other experiments, as 

considerably more glucose is considered for the calculations. 

It could be demonstrated that the experimental yield coefficient 𝑌𝑃/𝑆𝐶 are dependent on the 

feeding location. 𝑌𝑃/𝑆𝐶 was lower when the feeding inlet was positioned in the anaerobic 

reactor (except first feeding period). This result may seem counterintuitive, considering that 

glucose is metabolised into ethanol under anaerobic conditions. However, it is likely, that 

the ethanol produced in the anaerobic reactor was instantly consumed in the aerobic reactor 

when the feeding inlet is positioned in the anaerobic reactor. When the feeding inlet was 

situated in the aerobic reactor, ethanol was produced in the aerobic reactor since the 

glucose concentration was above the threshold of overflow metabolism or in both reactors. 

However, there is no ethanol uptake possible under anaerobic conditions, resulting in higher 

𝑌𝑃/𝑆𝐶 (ethanol from glucose). In conclusion, simultaneous ethanol production and uptake 

takes place in the SDM when the feeding inlet is positioned in the anaerobic reactor. 

This hypothesis can be reinforced if the ethanol consumed in the aerobic reactor is added 

to the yield calculations (of the 2nd and 4th feeding period). To estimate the quantity of the 

ethanol consumed during the feeding periods the average ethanol uptake rate during the 

phases without feeding is calculated (𝑟𝐸𝑡𝑂𝐻,𝑎𝑣𝑔 = 3.0∙10-6 s-1). With this rate the ethanol 

consumed in the aerobic reactor during feeding can be estimated. Considering this 

consumed ethanol and recalculating the yield coefficients, 𝑌𝑃/𝑆𝐶 would be increased to 0.32 

for the 2nd and to 0.31 for the 4th feeding period. These changes are almost negating the 

difference compared to the 3rd feeding period.  
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The slightly lower values can be explained because only one reactor is available in the 

recalculation of the coefficients, in comparison to the yield coefficient of the 3rd feeding 

period, where ethanol is produced in both reactors.  

The increased experimental 𝑌𝑃/𝑆𝐶 observed during the third feeding period is also reflected 

in the exhaust gas concentrations and respiratory quotient (RQ). More ethanol is produced; 

this caused an increased CO2 production and subsequentially a higher RQ.  

However, this is not reflected in the simulation, where 𝑌𝑃/𝑆𝐶 is equal for the 3rd and 4th 

feeding period, and therefore independent from the feeding location. This is caused by the 

higher simulated glucose concentrations during feeding compared to the experiments. 

The concentrations in the aerobic reactor during the third feed were above the threshold for 

the overflow metabolism. This effect, occurring in the experiments, would be observable in 

the simulations if the simulated glucose concentration in the aerobic reactor would be lower 

(below Crabtree limit) or the threshold for the overflow metabolism higher (above glucose 

concentration).  

Figure 64 presents the result of a simulation where the glucose feed concentrations were 

reduced to 100 g L-1 (1/5 of original concentration) leading to lower simulated glucose 

concentrations in the reactors of the SDM. 

 

Figure 64: Simulation of cultivation E1 with decreased feed concentrations from originally 

500 g L-1 to 100 g L-1. This causes the simultaneous production and uptake of ethanol 

during the 4th (and 2nd) feed resulting in a lower increase of the ethanol concentration. 

1st row: Simulated biomass density in R1, as well as glucose concentrations of both reactor 

and ethanol concentration in R1. 2nd row: Volumes of the reactors R1 and R2 and feeding 

rates. 
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During the third feeding period the yield coefficient 𝑌𝑃/𝑆𝐶 is about 30% higher compared to 

the fourth feeding period (3rd feed: 𝑌𝑃/𝑆𝐶 = 0.09, 4th feed: 𝑌𝑃/𝑆𝐶 = 0.07). In the experimental 

data of E1, 𝑌𝑃/𝑆𝐶 during the third feeding period was about 26% higher compared to 

the 𝑌𝑃/𝑆𝐶 of the fourth feeding period. This relative difference of the experiment is close 

to the relative difference of the simulation (Figure 64). This demonstrates that the 

mechanistic, mathematical model is in general capable of simulating this effect caused by 

heterogeneous substrate and DO concentrations in the SDM. The result highlights the 

sensitivity of low glucose concentrations in cultivations. 

In summary, an experiment was performed with four feeding periods, separated by batch 

periods without feeding. Such an experiment was not part of the data used for parameter 

identification. The model is able to accurately describe the experimental results of a fed-

batch cultivation in the scale-down model with a high degree of agreement (R² = 0.84). 

The biomass growth and ethanol production were simulated with high precision. However, 

the experimentally determined concentrations almost remained at zero (below the limit of 

determination), whereas the simulated glucose concentrations were increasing during the 

feeding periods. Furthermore, the model is producing realistic yield coefficients. 

In contrast to cultivations D1 and D2, the feeding location has an increased influence on 

the experiment as seen in yield coefficient 𝑌𝑃/𝑆𝐶. This difference is most likely caused by 

the lower glucose concentrations in the medium during feeding in experiment E1 compared 

to D1 and D2. This could lead to simultaneous ethanol uptake (in aerobic reactor) and 

production (in anaerobic reactor) when the feed is located in the anaerobic reactor. It might 

therefore be beneficial, to feed into (well-mixed) anaerobic regions of the large-scale 

bioreactor, in order to reduce the ethanol concentration through simultaneous ethanol 

uptake in the aerobic reactor zones and production in the anaerobic regions. 

The mathematical model is able to simulate this effect when the glucose concentrations are 

below the limit necessary for ethanol uptake. 

Furthermore, it is probable, that carbon-based substrates exist in the nitrogen-source (yeast 

extract and peptone) which have a measurable influence on the yield coefficients. The yield 

coefficients are primarily influenced when the amount of glucose considered in the 

calculation is low (in comparison to the available amount of the nitrogen source). 

Furthermore, the experiment E1 demonstrated that simultaneous uptake of glucose and 

ethanol in reactors and reactor systems with increased mixing times (in this case, four 

minutes) is plausible and now experimentally proven for fed-batch cultivations of 

S. cerevisiae.  
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8.3.2.3 Model validation utilising model-based Design of Experiments 

The primary goal of the third validation experiment was to demonstrate that 

a biotechnological experiment under controlled heterogeneous dissolved oxygen and 

substrate concentrations can be systematically designed with model-based design of 

experiments (research question no. 2). This cultivation was carried out in the physical SDM 

with one non-aerated reactor resulting in heterogeneous conditions regarding the dissolved 

oxygen concentration. The experiment was inoculated with 10 g L-1 of dry yeast. The initial 

volume in both reactors is 0.5 L, the aeration is located in STR 1 at a rate of 0.5 L min-1. 

The developed mathematical model was utilised with the parameter set identified in 

chapter 8.3.1. The feeding trajectories were designed using the modified mDoE method 

introduced in chapter 5.3. 2000 different experimental settings were simulated in a three-

factorial design space. A Monte-Carlo based uncertainty quantification was not performed 

during parameter identification resulting in one parameter set since enough data from 

16 experiments was available (chapter 8.3.1). Therefore, each point in the design was 

simulated only once and the desirability score was replaced by selected values of process 

variables (e.g. maximum biomass density or ethanol concentration). The experimental 

settings were chosen to maximise the final dry biomass density 𝑐𝐷𝐶𝑊,𝑒𝑛𝑑. Three factors were 

selected for (process) optimisation / maximisation of the final dry biomass density: 

1) The initial glucose concentration 𝑐𝐺𝑙𝑐,𝑖𝑛𝑖. 

2) The combined initial nitrogen source concentration 𝑐𝑁,𝑖𝑛𝑖 consisting of yeast extract and 

peptone in equal proportions. This approximate ratio was also used for the experiments 

utilised for the parameter identification.  

3) The volumetric feeding rate of a glucose solution with a glucose concentration of 

500 g L-1. Feeding was performed between 4 h until 8 h. The feeding inlet was 

positioned in the aerobic reactor. 

Table 17 displays the boundaries for these factors used for the calculation of the mDoE. 

Table 17: Boundaries of the selected factors for the mDoE. The factors are the volumetric 

feed rate of a glucose feed, as well as the initial glucose and nitrogen source concentration. 

The glucose feed has a concentration of 500 g L-1. The nitrogen source is consisting of 

peptone and yeast extract with equal fractions. 

 Unit Lower Boundary Upper boundary 

𝑐𝐺𝑙𝑐,𝑖𝑛𝑖 g L-1 0.0 40.0 

𝑐𝑁,𝑖𝑛𝑖 g L-1 0.0 40.0 

𝐹𝐺𝑙𝑐 mL min-1 0.0 1.0 
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Result of the model-based Design of Experiments 

2000 different experimental settings within the design space were simulated with the 

(modified) mDoE utilising the same parameter set as the previous two validations. 

The results of the mDoE may also be used for a sensitivity analysis regarding the chosen 

factors without further additional computing effort, which is a great advantage of this 

method. 

Figure 65 shows the final simulated ethanol concentrations and biomass densities of each 

setting in the design space. The settings selected for experimental implementation are 

marked with “E2”. Four further settings for illustrative purposes are marked with “A” to “D”. 

 

Figure 65: Final ethanol concentrations (1st row) and dry cell weight densities cDCW,end 

(2nd row) of each point in the mDoE design. The selected experimental setting (E2) and four 

further illustrative settings (A – D) are symbolised for the 2D plot. The individual simulation 

results of these points are illustrated in Figure 66. Left side: 3D plots of all 2000 points in 

the design space. Right side: 2D plots for cGlc and FGlc; all points are for a nitrogen-source 

concentration above 15 g L-1. 

The higher the initial glucose concentrations or the glucose feeds, the higher the final 

ethanol concentrations, which is both expected and plausible (top row of Figure 65). 
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The initial nitrogen concentration has a negligible effect on the simulation results. This is 

seen in the gradients parallel to the 𝑐𝑁 axis. These gradients are low (indicated by a weak 

change in colour, parallel to the 𝑐𝑁 axis)., provided enough of the nitrogen-source is 

available to support biomass production throughout the entire process. The final biomass 

densities are the highest when the initial nitrogen-source concentration is at 40 g L-1. 

Therefore, all selected points have the same initial concentration of the nitrogen source 

(20 g L-1 of both peptone and yeast extract), which should support growth throughout the 

cultivation.  

The experimental settings of E2 are in the centre of the optimal area with the highest 

simulated final biomass densities. In this area, small deviations from the settings only have 

a small influence on the simulation results.  

The illustrative points (“A” – “D”) are chosen in different regions of the design that could be 

of interest. Figure 66 presents the simulation results for the chosen experimental conditions 

and the four illustrative points selected in the mDoE. 

 

Figure 66: Simulations of selected experimental settings maximising dry cell weight density 

determined by mDoE for the model validation experiment E2 and simulations of four other 

settings in the design space (A – D). 
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Setting A is in a region with a high initial glucose concentration and low feed rate. 

This simulation almost reached the final biomass density of simulation E2 with 22.5 g L-1.  

Setting B has a high initial glucose concentration and simultaneously an increased feed 

rate, which resulted in an increased production of ethanol (overflow metabolism). 

A maximum ethanol concentration of 43 g L-1 is produced which led to ethanol inhibition and 

to a decreasing biomass density.  

The simulation of the illustrative setting C is missing an initial batch phase; all glucose 

enters the system through the glucose feed. The process was initially glucose limited 

without biomass production due to the lack of a carbon source. The high feeding rate led to 

an ethanol production of 26 g L-1 which is slightly above the identified ethanol inhibition limit 

of approximately 25 g L-1.  

The process in setting D was glucose limited and only has a batch phase with a low initial 

glucose concentration leading to a reduced biomass production compared to the other 

simulations reaching only 15 g L-1. Due to the low glucose feed, ethanol is only produced to 

a concentration of 4 g L-1 and is fully consumed until the end of the process. 

The initial glucose concentration of the selected experimental setting E2 was determined 

to be 20 g L-1 and the initial nitrogen-source concentration at the upper border of the design 

space at 40 g L-1. The feeding rate was determined to be 0.28 mL min-1. At the end of the 

simulation a final dry cell weight density of 23.5 g L-1 and an ethanol concentration of 

13.5 g L-1 were reached. This experiment was carried out based on the experimental 

settings determined by the mDoE and the initial conditions. The simulation results of 

process E2 as well as the simulations of the illustrative settings are all plausible.  

Experimental execution (E2) 

The experimental settings in the centre of the optimal area with the highest simulated final 

biomass densities were carried out. The predicted simulation results of these conditions 

were compared with the experimental data. This comparison was used for the validation of 

the mathematical model. 

Figure 67 presents the experimental results in comparison to the simulation of the mDoE. 

The experimentally set initial glucose concentration and the initial dry cell weight density 

were about 15% lower than initially planned, the depicted simulation was adapted 

accordingly. 
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Figure 67: Experimental data of E2 in comparison to simulated data. 1st row: Experimental 

and simulated offline data for cDCW, cGlc and cEtOH. 2nd row: Online data for the exhaust gas 

composition (yO2 and yCO2) and the RQ. 3rd row: Online data for the dissolved oxygen 

concentration and pH value of both reactors. 4th row: Feeding and aeration rate as well as 

the calculated volumes in both reactors. 

The initial glucose was fully depleted after approximately two hours. Biomass was produced 

up to a density of 22 g L-1, ethanol was produced to a maximum concentration of 17 g L-1 at 

the end of the feeding period and was reduced to 10 g L-1 until the end of the process. 

During the initial batch phase and the subsequent feeding phase, the RQ reached values 

larger than 1, indicating ethanol production, which is reflected by the offline data. During 

phases where ethanol was consumed the RQ decreased to values below 1. The DO 

remained around or above 20% in the aerated, aerobic reactor and around 0% in the 
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anaerobic reactor. The measured pH values decreased during ethanol production and 

increased when ethanol was consumed. At the end of the experiment the pH value 

reached 6.2. The pH course of E2 is in well agreement with all other experiments. 

The simulation predicted the experimental data accurately with a calculated R² = 0.94. The 

initial glucose uptake phase (batch phase) and therefore the glucose uptake rate was 

predicted well. During feeding the glucose concentration in the simulation was at 2 g L-1, 

whereas in the experiment glucose concentrations were below detectable levels.  

The dry cell weight density was almost perfectly predicted, reaching an experimental and 

simulated final density of about 22 g L-1. The maximum difference between the simulated 

and the experimental biomass density is about 1 g L-1.  

Slightly lower ethanol concentrations were consistently experimentally determined after the 

feeding stopped at 8 h compared to the simulated values. In the experiment ethanol 

concentration reached a peak of about 17 g L-1 which is only 2 g L-1 less than in the 

simulation. After the feed was stopped, ethanol was consumed, and an ethanol 

concentration was consumed until 11 g L-1 were left at the end of the cultivation. In the 

simulation the final ethanol concentration was 13 g L-1 which is still 2 g L-1 more compared 

to the experiment. Therefore, the ethanol uptake rate was predicted accurately since the 

ethanol concentration decreased similarly in experiment and simulation (and the biomass 

density is almost identical in experiment and simulation).  

In summary, the mechanistic model is capable of predicting a process planned with the 

modified mDoE in a physical scale-down model imitating heterogenous dissolved oxygen 

concentrations that might occur in principle also in large scale production systems. 

The experimental settings were selected to simultaneously validate the model and optimise 

the process. An optimisation of the cultivation conditions was achieved since the 

experimental settings were selected in the area of the highest expected biomass production. 

The resulting R² of 0.94 for the experiment shows an exceptionally good precision for the 

prediction. 

8.4 Discussion and conclusion 

In this study the combined influence of heterogeneous substrate and DO concentrations in 

a scale-down reactor system on S. cerevisiae cultivations was investigated for the first time. 

For this investigation, a total of 19 cultivation experiments were performed. 

The data from 16 experiments were used to identify one single parameter set that is able to 

represent processes with different operational strategies (batch and fed-batch), in both 

single (homogeneous) bioreactors and in the scale-down model (heterogeneous). 

The parameter identification was successful, and the simulation demonstrated high 
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precision with the identified parameter set in most experiments (chapter 8.3.1). Simulations 

with the identified parameter set have shown that the lower ethanol uptake rates in 

cultivations in non-ideally mixed systems can be explained by higher biomass inactivation 

and lower biomass activation rates resulting in a proportionally more inactive biomass. 

Furthermore, model validation was successfully performed with the data of three 

experiments with predetermined fixed feeding profiles. The model and the parameterisation 

thus reflect the information and knowledge of all 19 cultivation experiments. 

Two of the validation processes were performed in the SDM with controlled heterogeneous 

conditions regarding the dissolved oxygen and glucose concentrations (E1 and E2) and one 

experiment in a single bioreactor (A3). These experiments were not utilised for parameter 

identification and had different goals than those of the identification experiments. 

Table 18 presents the coefficients of determination (R²) for the three validation experiments, 

as well as those for the concentration of glucose, ethanol, and biomass individually. 

Table 18: Resulting R² for the three validation experiments A3, E1 and E2. The R² for the 

individual offline variables are also calculated and shown. 

Experiment 
R² 

𝒄𝑫𝑪𝑾 𝒄𝑮𝒍𝒄 𝒄𝑬𝒕𝑶𝑯 total 

A3 Ae 0.90 0.99 -0.51 0.88 

E1 AnAe 0.80 -0.47 0.92 0.84 

E2 AeAn 0.96 0.96 0.90 0.94 

All experiments have high total R² of above 0.84 and even as high as 0.94 for the third 

experiment E2. Almost each R², even for the individual concentrations, is above 0.8, with 

only two exceptions for ethanol in A3 and glucose in E1, both of which are below zero. 

This is mainly caused by the method for the R² calculation, which is using the mean value 

of the experimental data. Therefore, R² is often low or even negative when there are no 

significant changes in the values of either the simulated or experimental variables.  

The R² for ethanol in experiment A3 is at -0.51 since the simulated concentrations remain 

consistently at about 0 g L-1. However, the experimentally determined ethanol concentration 

was increasing at the end of the cultivation. This small deviation has a huge influence on 

the resulting R² for the ethanol concentration but less influence on the R² for the full set of 

the determined offline variables, which has a value of 0.88. 

Experiment E1 was carried out with an alternating positioning of the feeding inlet between 

both reactors of the SDM. This resulted in heterogeneous glucose concentration and 
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dissolved oxygen concentration. The experimental data indicated that phases of 

simultaneous ethanol production and consumption in the SDM may occur when glucose is 

fed into the aerobic reactor. This could generally be confirmed with the simulations of the 

mathematical model when the glucose feed concentration was significantly reduced. Since 

those differences are quite small, the R² for E1 is still high with 0.84. 

The settings of experiment E2 were determined with the application of model-based design 

of experiments. This experiment has an initial batch phase followed by a fed-batch phase 

with ethanol production and an ethanol consumption phase. Therefore, this experiment 

featured three relevant experimental phases of large-scale cultivations. The experiment 

also demonstrated that the simultaneous production of ethanol and consumption is possible 

in a non-ideally mixed reactor system. Only three experiments used in the parameter 

identification have a resulting R² higher than experiment E2 (R² = 0.94). This demonstrates 

that the mathematical model is able to be used for the design of process with fixed feeding 

profiles in systems with heterogeneous environments (in the SDM).  

Overall, the total R² for the experiments used for model validation are on the same level 

(median R² at 0.88, average R² at 0.89) as the R² for the experimental data used for 

parameter identification (median R² at 0.88, average R² at 0.81). The qualitative visually 

performed comparisons in the previous chapters are supporting these high R² values. 

In conclusion, the processes in the physical model were utilising different operational 

strategies, mixing times as well as heterogenous dissolved oxygen and substrate 

concentrations (chapters 2.4 and 3). The novel developed mechanistic, compartmentalised 

model structure is capable of describing 16 cultivations and was able to predict 3 cultivations 

under homogeneous and heterogeneous conditions with a single set of parameters with 

both high quantitative and high qualitative accuracy. The mathematical model and its 

structure are therefore successfully validated. 

In addition, the approach of using a physical scale-down model in combination with a 

mathematical process model used in model-based design of experiments was validated 

together for the first time for biotechnological fed-batch cultivations (S. cerevisiae) under 

non-ideal mixing conditions. 
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9 Application case study 

There are performance differences for the industrial yeast production between large scale 

production and laboratory scale cultivations. These differences could be caused by non-

ideal mixing conditions and resulting concentration differences within the large-scale 

reactors. The validated mathematical model shall be utilised to support explanations of the 

performance differences. 

For this study, data from a pilot reactor cultivation were provided by an industrial partner. 

The data from this process are described in chapter 9.1. First, experiments on laboratory 

scale with downscaled process conditions were performed to quantify the influence of 

potential non-ideally mixed conditions of the pilot scale. These experiments were performed 

in single bioreactors with very short mixing times (considered as ideally mixed) to determine 

whether the longer mixing times of the pilot reactor influence the process performance 

(chapter 9.2.1). Furthermore, experiments with heterogeneous substrate concentrations 

under fully aerobic conditions were performed. The mixing time was selected to be in the 

expected order of magnitude of the pilot reactor were carried out in the SDM (chapter 9.2.2). 

The data obtained from these experiments were used to adapt the mathematical models to 

the new process. The parameter set from chapter 8.3.1 is not directly applicable as 

(industrial) media were used, which are different from the media used in experiments 

described in the previous chapters. 

A process performed with the application of an NMPC is described and was carried out with 

the objective of obtaining data with a low ethanol production for parameter identification. 

Further objectives of this experiment were the improvement of the process performance 

and the reduction of the difference between pilot and laboratory scale (chapter 9.3).  

Furthermore, the resulting parameter set of the NMPC application was used for a simulation 

study with the goal to explain the differences between the scales which might be caused by 

non-ideally mixed conditions (chapter 9.4). 

9.1 Pilot reactor process 

The data from the pilot reactor cultivation was provided by an industrial partner. The initial 

reactor medium in the pilot reactor cultivation (and the other cultivations) was only 

containing the nitrogen source, which was an industrially used yeast extract medium. 

The concentration of the yeast extract was high enough to support biomass growth 

throughout the complete cultivation. The applied feed had a sucrose concentration 

of 216 g L-1. 

The pilot process reactor has a maximum working volume of 1.6 m³. The data provided from 

the industrial partner were combined from two separate processes with identical conditions 
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and feeding rates. In the first process the offline data and the DO were determined, while 

the online data for the exhaust gas concentrations were measured in a second process with 

identical initial conditions and process control. The pilot reactor recorded the volume when 

it reached certain levels. The volumetric feeding rate presented has been calculated from 

the mean feeding rate of the two pilot-scale processes, adjusted to intervals of 30 minutes 

with constant rates. Subsequently, a scaled down version of this feeding rate was utilised 

for the experiments on the laboratory scale as part of this case study. 

 

Figure 68: Experimental data of two experiments in a pilot reactor. 1st row: Experimental 

offline data for cDCW and cEtOH. 2nd row: Online data for the exhaust gas composition (yO2 and 

yCO2) and the RQ. 3rd row: Online data for the dissolved oxygen concentration. 4th row: 

Feeding rate and the determined volume. 

In the pilot reactor process a dry cell weight density of approximately 42 g L-1 and a peak 

ethanol concentration of 5.3 g L-1 were reached. The ethanol concentration decreased to 



 

 

181 

 

Application case study of the art 

1 g L-1 until the end of the process. The increase and decrease of the ethanol concentration 

is consistent with the RQ value, which is above one until 8 h and decreases below one 

afterwards. Furthermore, during ethanol uptake, the DO value decreased to values around 

5%. The pilot process is assumed to be under fully aerobic conditions. 

The feeding rate of this process showed a quasi-exponential increase in the initial 9 hours 

reaching 0.85 L min-1, afterwards the feeding rate was gradually decreased to 0.6 L min-1. 

The maximum volume recorded in the pilot reactor at the end of the process was 

approx. 1.35 m³.  

9.2 Laboratory-scale experiments 

The overall aim of the laboratory-scale experiments was to improve the understanding of 

effects caused by large-scale conditions and of their influence on the cultivation process. 

The laboratory experiments were performed with the same industrial yeast extract medium 

as the pilot reactor process. The necessary nitrogen was provided by an industrial yeast 

extract medium and the carbon source with a sucrose solution. On both scales, the same 

feed to volume ratio was applied. An equal scale-down approach with a constant feed to 

volume ratio was also used by Bylund et. al (Bylund et al. 1998).  

The sample volume on the laboratory scale was 10 mL with 1L initial volume; the sample 

volume in pilot scale was 100 mL with 1 m³ initial volume. This different sample to reactor 

volume ratio between scales was considered for the calculation of the feeding rates in the 

small-scale experiments (except for experiment F1). 

Five experiments were conducted in single bioreactors (three experiments in a 2 L Biostat B 

and two experiments in a 1 L MDX reactor) and two further experiments in the physical 

scale-down model (SDM) consisting of two connected stirred tank reactors. 

The feeding strategy in the pilot reactor process was designed with a low sucrose feed rate 

to prevent ethanol production and inhibition. When the feeding rates are low, process 

relevant substrate gradients might occur in the pilot reactor that might influence the 

performance. For this reason, heterogeneous substrate concentrations were researched in 

the SDM.  

The five experiments in ideally mixed reactors were performed to determine whether the 

process performance in the pilot reactor was influenced by heterogeneous conditions. 

For the first experiment in the Biostat B bioreactor system (F1) the different sample to 

volume ratio between the scales was not considered. This was corrected for the second 

(F2) and all subsequent experiments. The third experiment (F3) featured a decrement step 

of the glucose feed during the final process phase. Since the DO concentrations were 

consistently low during these experiments, two further experiments were conducted in the 
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MDX bioreactor (F4 & F5). This bioreactor system has a different air dispenser which 

creates smaller air bubbles resulting in a higher surface to volume ratio, allowing for a better 

oxygen transfer into the liquid phase. This should lead to higher DO concentrations.  

The mixing time in the pilot reactor process was calculated according to the method 

described in chapter 4.3.3.2. The resulting theoretical mixing time had to be calculated 

mathematically using dimensionless numbers and was approximated to be 71 s (detailed 

calculation in appendix, chapter 12.2.3). This calculated mixing time is realistic for a 2 m³ 

bioreactor (Delvigne 2006). The mixing time in the SDM experiments was adapted to 

resemble the calculated mixing time and was set to about 70 s for the next experiments. 

The volume ratio (VR1 to VR2) in the two SDM experiments was kept at 1:1 at the start of the 

process. In these experiments (F6 & F7) the primarily researched heterogeneity were 

heterogeneous substrate concentrations. Additional data for cultivations with heterogenous 

conditions were acquired for the identification of the model parameters. These cultivations 

were also performed to check if heterogenous conditions might reduce ethanol production 

in the SDM. During the final phase of experiment F7 performed in the SDM, the RQ was 

measured in both reactors of the SDM to experimentally determine if ethanol is consumed 

and produced simultaneously in the cultivation.  

These preliminary experiments with the new media were also necessary to practise the 

handling on the small scale (for the NMPC experiment) and for the process transfer to a 

different laboratory. 

9.2.1 Single bioreactor experiments (F1 – F5) 

Five experiments were conducted in single lab-scale bioreactor systems. The first three 

cultivations (F1 - F3) were performed in the Biostat B bioreactor with an initial volume of 1 L 

(1.1 L in F1).  

F1 started with a feeding rate set to 0.30 mL min-1 and had a peak volumetric flow rate of 

0.90 mL min-1 at 9 h. After 9 h the feeding rate was set to a constant value of 0.79 mL min-1. 

After 1.75 h, the feeding rate was adapted to lower values until 3.5 h, to compensate for too 

high rates in the initial phase.  

The feeding rates of processes F2 and F3 were starting at 0.18 mL min-1. F2 was reaching 

0.77 mL min-1 at 9 h, afterwards the feed rate was adjusted to a constant value of 

0.70 mL min-1. The rate of F3 reached 0.80 mL min-1 at 9 h, afterwards the rate of F3 was 

adjusted to 0.77 mL min-1 and further reduced to 0.64 mL min-1 at 12.5 h.  

The feeding and process duration was extended to 21 h in F1 and F2. Nonetheless, 

identical total volumes were fed during processes F2 and F3 (530 mL) during the initial 17 h, 

which corresponds to the duration of the pilot reactor process. In F1 the total feed volume 
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was higher at about 600 mL in the first 17 h. The resulting experimental data are presented 

in Figure 69. 

 

Figure 69: Experimental data of case study cultivations F1, F2 and F3 in Biostat B 

bioreactors 1st row: Experimental offline data for cSuc, cDCW and cEtOH. 2nd row: Online data 

for exhaust gas composition (yO2 and yCO2) and the RQ (no data for F2 available). 

3rd row: Online data for the dissolved oxygen concentration, the pH value of both reactors 

as well as the aeration rate. 4th row: Feeding rate, stirrer speeds, as well as the calculated 

volumes. 
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Determinations of the sucrose concentration were carried out in the first cultivation F1; 

the sucrose concentration was consistently determined at approximately 0 g L-1 (below the 

level of determination). Therefore, it was assumed that the sucrose concentration was 

always 0 g L-1 in cultivations F1 – F5.  

In the three cultivations (F1 – F3) displayed in Figure 69 biomass growth was quite similar, 

reaching a dry cell weight density of about 40 g L-1 after 18 h and above 50 g L-1 towards 

24 h. The ethanol concentration increased to 15 g L-1 in F1 – F3 instead of the 6 g L-1 in the 

pilot scale process. After reaching the highest feeding rate at 9 h, the ethanol concentration 

was slightly increasing in F1. In F2 and F3 the ethanol concentration was slightly decreasing 

possibly due to the lower feeding rates.  

The RQ in F1 and F3 was above 1 for nearly the whole cultivation. Only at the end of the 

cultivations at 18 h the RQs reached values close to one. The online data for the exhaust 

gas composition of cultivation F2 were not determined. The pH was steadily decreasing to 

pH 4 starting at pH 6 in all three cultivations.  

The stirrer speed was adjusted multiple times in attempts to increase the DO. The DO still 

decreased to values closely above 0% at 10 h. This could potentially have influenced the 

process performance and might explain the higher ethanol concentrations compared to the 

pilot reactor process V1 where 𝑐𝐸𝑡𝑂𝐻 reached a maximum of 6 g L-1. For this reason, two 

simulations were performed for process F2 with the parameter set identified in 

chapter 8.3.1. One simulation was carried out under fully aerobic conditions (DO = 30%) 

throughout the process, the other one with anaerobic conditions (DO = 0%) after 8 hours. 

The resulting simulated data are presented in Figure 70. 
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Figure 70: Comparison between two simulations of process F2. First simulation is under 

fully aerobic conditions (1st column); second simulation is anaerobic after 8 hours (2nd 

column). 

The simulation of a fully aerobic process F2 is more similar to process F2 compared to the 

simulation of a process which is anaerobic after 8 h. The model simulates the biomass 

growth quite well; ethanol was decreasing after 10 h in the simulation but is constant in the 

process data. Based on the simulation, it can be concluded, that even though the DO 

measurement is close to 0%, the experiment is under aerobic conditions, however most 

likely under some oxygen limitation (microaerobic conditions).  

Two experiments (F4 and F5) were performed in the MDX bioreactor with an initial volume 

of 0.5 L. This bioreactor system utilises a frit for the gas dispersion, which might be able to 

support a higher DO during cultivation. In F4 the same feeding strategy as F3 was applied. 

The feeding strategy of F5 with stepwise decreasing feeding rates as performed in the pilot 

reactor process. Figure 71 presents the experimental data for processes F4 and F5. 
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Figure 71: Experimental data of case study cultivations F4 and F5 in MDX bioreactors. 

1st row: Experimental offline data for cDCW and cEtOH. 2nd row: Online data for the exhaust 

gas composition (yO2 and yCO2) and the RQ. 3rd row: Online data for the dissolved oxygen 

concentration, the pH value of both reactors as well as the aeration rate. 4th row: Feeding 

rate, stirrer speeds, as well as the calculated volumes. 

Cultivation F4 reached a final dry cell weight density of about 30 g L-1 which is approx. 

10 g L-1 less than the final density of F5 (40 g L-1 at 16 h). Ethanol was produced to 

a maximum concentration of 18 g L-1 in F4, which is the highest concentration of the five 

processes in single bioreactors (F1 – F5). The ethanol concentration was steady in the 

samples after 11 h. The RQ was above 1 indicating an increase of the ethanol concentration 

until 13.5 h when the RQ decreased to values below 1 indicating ethanol consumption.  
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The aeration rate was set to be constant at 0.7 L min-1 in both cultivations. The DO in 

cultivation F4 was decreasing to 5% and in F5 the lowest measured DO was around 40%. 

The pH was decreasing to pH 4 in both cultivations similar to F1 – F3. 

Even with the DO always above 30% in F5, ethanol was produced to a concentration of 

16 g L-1 indicating the overflow metabolism being active. Ethanol was reduced in F5 after 

11 h as indicated by the RQ being below 1. The exhaust gas data in process F4 exhibits 

gaps because the airflow required for the gas analyser was not always reached. This low 

air flow through the analyser is also reflected in the high 𝑦𝐶𝑂2
 and low 𝑦𝑂2

 in the exhaust 

gas compared to the other four processes (F1 – F3, F5). Since the DO in F4 was always 

above 20%, it can be assumed that the reduced gas flow did not influence the cultivation. 

The determined offline data are therefore usable for the identification of the model 

parameters. Nevertheless, the experiment was repeated in the form of experiment F5. 

Comparison of single bioreactor experiments (F1 – F5) 

The pilot scale process V1 and the five processes F1 – F5 in single bioreactors are 

compared. This comparison is based on the time courses of the biomass densities and 

ethanol concentrations (Figure 72). The volumetric feeding rate for experiment F1 was 

about 10% higher. The sample volume to reactor volume ratio of the pilot scale (100 mL 

sample volume / 1 m³ medium volume) was assumed to be identical to the laboratory scale 

experiments for the first experiment (10 mL sample volume / 1 L medium volume) resulting 

in a relatively higher feeding rate per medium volume on the laboratory scale (Figure 72). 
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Figure 72: Comparison between the cultivation in the pilot reactor V1 (red), and the 

experiments in the single bioreactors (F1 – F5) for cDCW, cEtOH and feeding rates. 

The cultivations V1, F2 and F5 in single reactor systems exhibited similar biomass 

production reaching about 40 g L-1 after 16 h. Process F4 reached a maximum biomass 

density of 32 g L-1 in 15 h. Between 10 h and 16 h the biomass density was higher in the 

pilot reactor process as compared to F1 – F5. At 12 h the difference between the pilot 

reactor and the lab-scale experiment was about 10% to 25%. However, the growth in the 

laboratory scale reactor was not slower compared to the pilot reactor process V1. 

For the first four hours, 𝑐𝐸𝑡𝑂𝐻 was similar in all processes. Afterwards, the ethanol production 

rate in the pilot reactor decreased and 𝑐𝐸𝑡𝑂𝐻 reached its peak after 6 h, which is four hours 

earlier than in the single bioreactor experiments (F1 – F5). The maximum ethanol 

concentration is 6 g L-1 in the pilot reactor and 15 g L-1 to 18 g L-1 in the single laboratory 

scale reactors. The ethanol concentration decreased in the pilot scale reactor after 6 h, 

whereas it remained almost constant in the laboratory-scale reactors, after reaching their 

maxima at about 10 - 12 hrs. 
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The cultivations exhibit comparable biomass productions but diverge clearly for the ethanol 

production. This difference might be caused by heterogeneous sucrose concentration within 

the pilot scale reactor. Consequently, experiments were conducted in the physical scale-

down model with heterogenous substrate concentrations induced by feeding into one of the 

reactors (F6 & F7). Both reactors were aerated and thus aerobic. Moreover, experiments 

were conducted with the objective to obtain experimental data from non-ideally mixed 

processes for the identification of the model parameters. A model-assisted investigation to 

identify a potential explanation or cause of these differences between the pilot plant and 

laboratory bioreactor is presented in chapter 9.6. 

9.2.2 Scale-down model experiments (F6 & F7) 

Up to this point, experiments have only been carried out under ideally mixed conditions, 

using the feeding strategy and conditions of the industrial cultivation. In order to carry out 

model-based investigations, data from cultivations under controlled heterogenous 

conditions are required for the parameter identification of the model, as the industrial pilot 

reactor experiment is probably not ideally mixed.  

The heterogeneous conditions of the substrate concentration in the pilot reactor might 

cause simultaneous ethanol production and uptake, which could result in lower ethanol 

concentrations. In systems with higher mixing times, regions in the reactor may be below 

the sugar concentrations that enable ethanol uptake, while other regions may exhibit 

concentrations high enough for ethanol production, as indicated in Figure 32. This was 

demonstrated during the simulation study in chapter 6.2, where different mixing times were 

compared and it was also indicated by other research groups (Sweere and Matla et al. 

1988). These conditions would also be conceivable for the process in the pilot reactor.  

For this reason, two experiments were performed in the scale-down model to test the 

hypothesis of concurrent ethanol uptake and production. Each reactor had an initial volume 

of 0.5 L with a 1:1 volume ratio (VR1 to VR2) between the reactors. A similar volume ratio 

was chosen by other research groups. Oosterhuis et al. (Oosterhuis et al. 1985; Oosterhuis 

1984) used a 1.6 L reactor for the reactor with the feeding inlet and a 0.6 L reactor without 

feeding. Lara et al. und Sandoval-Basurto et al. used a ratio of 2:1 between the two reactors 

(Sandoval-Basurto et al. 2005; Lara et al. 2016). 

Both processes utilised the feeding strategy which was used in process F5 with a stepwise 

decreasing feed after the peak feeding rate. The exhaust gas from both reactors were 

combined and determined together in the gas analyser. 

The mixing time of the pilot reactor was roughly estimated at about 71 s (chapter 12.2.3). 

The mixing time was set to about 70 s in F6 and to 73 s in F7. Cultivation F6 was extended 
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to a total cultivation duration of 26 h. Figure 73 presents the experimental data of these two 

processes.  

 

Figure 73: Experimental data of F6 and F7 in the scale-down model. 1st row: Experimental 

offline data for cSuc, cDCW and cEtOH. 2nd row: Online data for the exhaust gas composition 

(yO2 and yCO2) and RQ. 3rd row: Online data for the dissolved oxygen concentration, the pH 

value of both reactors as well as the aeration rate. 4th row: Feeding rate, stirrer speeds, as 

well as the calculated volumes in both reactors. 

In both experiments the gas input nozzle of one reactor (R1) was partly blocked and less 

air was let through into the system. Consequently, feeding was performed into the reactor 

with the blocked nozzle since overflow metabolism was expected in the reactor with the 

feeding inlet. The resulting experimental data can be utilised despite the blocked nozzle 

since ethanol production takes place at high sugar concentrations and under anaerobic 
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conditions (if not enough oxygen is supplied to R1). However, oxygen is supplied through 

the blocked nozzle, probably resulting in microaerobic conditions.  

In F6, a biomass density of 35 g L-1 was reached after 26 h, while in F7 27 g L-1 were 

produced in 15 h. In both processes the peak ethanol concentrations were about 25 g L-1. 

Ethanol was subsequently consumed in both processes, which was also reflected in the 

RQ. The RQ decreased to values around 1 in F6 after 18 h and below 1 in F7 at 12 h. At the 

end of the process, an ethanol concentration of 7 g L-1 remained in F6.  

In F6 the DO was always above 10% in both reactors except during the final process phase. 

In F7 the DO was at 60% in reactor 2 and decreased to under 10% in reactor 1 where the 

feed was located. The DO spikes for reactor 1 of cultivation F7 between 6 h and 9 h were 

probably caused by gas bubbles in front of the sensor, which were seen by visual inspection. 

The pH value decreased to pH 4 over the course of the processes. 

During feeding, in F7 from 11 h until 14 h, the exhaust gas composition was determined in 

individual reactors of the SDM. Figure 74 presents the exhaust gas composition and the 

RQ for both reactors together and for both individually. 

 

Figure 74: Exhaust gas composition for yO2 and yCO2 as well as the RQ for experiment F7 

between 11 h and 14 h. Measurements are for both reactors together and each reactor (R1 

and R2) individually. 

The RQ in the reactor where the feed was located (reactor 1, R1) was slightly above 1. 

This might have been caused by the overflow metabolism of sucrose to ethanol, which 

mainly takes place in the reactor with the feed. In R2, the RQ is clearly below 1 indicating 

that ethanol might be consumed instead of being formed. Consequently, it is possible that 

ethanol production and consumptions can occur simultaneously in the SDM. This was 

already experimentally shown by Sweere et. al (Sweere and Matla et al. 1988) and 

experimentally indicated in this work in chapter 8.3.2.2 with different yield coefficients, and 

now experimentally shown for a S. cerevisiae cultivation with conditions and a medium 
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utilised in industrial cultivations. The physical scale-down system is therefore experimentally 

capable of simultaneous ethanol production and consumption. It is also possible that this 

effect could have occurred in the pilot reactor. 

The two experiments performed in the SDM have demonstrated that the cultivation 

conditions in the SDM must be planned (and carried out) precisely and carefully for an 

experimental reproduction of the pilot scale data. Consequently, model-based (in-silico) 

experiments were carried out (see chapter 9.6). Given that only lab-scale experiments have 

been conducted thus far that consistently yielded more ethanol than the experiment on the 

pilot scale, a further experiment was carried out with the goal of a reduced ethanol 

production. 

9.3 NMPC experiment in the scale-down model (F8) 

The available data of cultivations with the industrial media are limited in their variety, as a 

similar feeding strategy has been used in cultivations F1 – F7. All previous cultivations on 

the laboratory scale also produced substantially more ethanol than on the pilot scale. 

Therefore, the aim of the next cultivation was to obtain data with lower ethanol 

concentrations. These ethanol concentrations should be as close as possible to the 

concentration of the pilot reactor process. The process will be designed using model based 

methods. 

The first option for the design of the cultivation is the application of the modified mDoE. 

As mDoE calculates fixed feeding profiles, potential experiments would be simulated in 

advance. The most promising experiment would be carried out. Since all experiments 

available for the parameter identification utilised similar feeding strategies, the identified 

initial parameter set is expected to be contain limited informative value even if the 

parameters are identified multiple times. For this reason, the possibility of missing the target 

cannot be ruled out using the mDoE method. This would most likely result in a second run 

of the mDoE and another cultivation experiment. 

NMPC's have been proposed as a potential powerful tool in process development for the 

model-based design of operational strategies (e.g. feeding strategies) (Witte 1996; Frahm 

and Hass et al. 2003; Li 2015). In the presented work, an NMPC of the OLFO-type 

(Witte 1996; Schneider et al. 1993) shall be utilised for the development of a feeding 

strategy leading to an ethanol concentration profile in the SDM which is as close as possible 

to the ethanol concentration profile in the pilot scale reactor (see also chapter 2.6.1 for a 

description of the NMPC). 

For the first time, this application of an NMPC in combination with the SDM would also test 

the capabilities of an NMPC to support the model-assisted scale-down of operational 
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strategies with the aim of reproducing the larger scale data. Overall, the NMPC application 

reduces the risk of additional experiments (Witte 1996) and, ideally, only one experiment 

has to be carried out for these objectives instead of multiple experiments.  

Additionally, the model and parameter set from the NMPC application is identified with the 

experimental data of all experiments (except F5 & F6) (chapter 9.3.2 for detailed 

information). It was subsequently used for model-assisted investigations of the scale-

dependent effects (chapter 9.6). 

9.3.1 Definition of the objective 

NMPC's require an optimisation criterion which is to be minimised or maximised. Here, the 

optimisation criterion was designed to reduce ethanol production while encouraging 

biomass growth since the main difference between the cultivations in different scales is the 

increased production of ethanol on the lab-scale. The criterion is therefore a combination of 

the maximisation of the final biomass density and the minimisation of the maximum ethanol 

concentration. 

𝐾𝑜𝑝𝑡 = {
100 − 𝑐𝐷𝐶𝑊,𝑓𝑖𝑛𝑎𝑙

100 − (𝑐𝐷𝐶𝑊,𝑓𝑖𝑛𝑎𝑙 − 5 ∙ (𝑐𝐸𝑡𝑂𝐻,𝑚𝑎𝑥 − 5))
       

𝑤ℎ𝑒𝑛
𝑤ℎ𝑒𝑛

      
𝑐𝐸𝑡𝑂𝐻,𝑚𝑎𝑥 < 5 𝑔 𝐿−1

𝑐𝐸𝑡𝑂𝐻,𝑚𝑎𝑥 ≥ 5 𝑔 𝐿−1 (9.1) 

The first equation is active when the ethanol concentration is below 5 g L-1 which was about 

the maximum ethanol concentration of the pilot-scale process. The second equation is 

active when 𝑐𝐸𝑡𝑂𝐻,𝑚𝑎𝑥 exceeds 5 g L-1 and is acting as a penalty function, which increases 

the optimisation criterium 𝐾𝑜𝑝𝑡 when active. The optimisation part of the NMPC is designed 

to minimise 𝐾𝑜𝑝𝑡. This should limit the ethanol production to a maximum of around 5 g L-1 

while still encouraging biomass growth. 

9.3.2 Parameter identification 

The NMPC started with an initial parameter set which was identified before the start of the 

optimisation experiment. The parameter identification utilised the data of five experiments 

performed on the laboratory scale (F1 – F4 and F7).  

Cultivations F5 and F6 were not considered for parameterisation to save computation time. 

The data of F5 and F6 were instead used to test the accuracy of simulations and validate 

the identified parameter set. A fast parameter identification during the NMPC experiment is 

crucial. Therefore, a mathematical model for the SDM only comprising of two reactor 

submodels was utilised, neglecting the piping between the reactors (see chapter 6.3.2).  

During the NMPC experiment the parameter identification and the control function 

optimisation were performed five times (chapter 9.3.3). 25 parameters were identified (listed 

in Table 24 in the Appendix), mainly the same parameters as in chapter 8.3.1 without 
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parameters describing anaerobic conditions as the experiments of this study are performed 

under aerobic conditions. The initial parameter set is the resulting parameter set from 

chapter 8.3.1. The resulting comparisons between the offline and simulated data after 

parameter identification are presented in Figure 75. 

 

Figure 75: Result of the parameter identification before the application of the NMPC 

(OLFO-algorithm) for processes F1 – F4 and F7. 

In the cultivations F1 and F2 a higher 𝑐𝐷𝐶𝑊 is reached compared to cultivations F3, F4 and 

F7, this is also reflected in the simulations of these processes. The SDM cultivation F7 has 

a higher final ethanol concentration, and less biomass growth compared to the single 

bioreactor experiments. This is also achieved by the model simulations after the parameter 

identification. Overall, the simulated data are representing the experimental data also 

qualitatively well and the model is able to describe differences between the processes. 

The resulting parameter set is validated with the experimental data of cultivations F5 and 

F6 (Figure 76). 
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Figure 76: Precision test of simulation with the identified parameter set compared to the 

experimental data of processes F5 and F6. 

In comparison to the experimental data, the final biomass density is slightly lower in both 

simulations, and the growth rate seems to be decreasing at the end. Ethanol concentration 

is slightly higher in the simulation of F5 and lower in F6. The experimental data are 

described well by the model, even for processes that were not utilised for the parameter 

identification. 

Figure 77 presents the resulting R² for 𝑐𝐷𝐶𝑊, 𝑐𝐸𝑡𝑂𝐻 and for both concentrations together for 

the chosen five processes for parameter identification and the two remaining processes 

used for checking the parameter identification. 

 

Figure 77: Coefficients of determination for the five processes utilised for the parameter 

identification (F1 – F4, F7) and the remaining two processes (F5 & F6) before the application 

of the NMPC (OLFO-algorithm). 

The resulting R² are all above 0.8 for 𝑐𝐸𝑡𝑂𝐻 and even above 0.9 for 𝑐𝐷𝐶𝑊 considering the 

cultivations used for identification. The combined total R² is above 0.9 for all seven 
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processes, even for the validation processes F5 and F6. This indicates that the parameter 

identification was not only qualitatively but also quantitively successful, and the model 

parameter set may be applied in simulations for cultivations not used for the parameter 

identification. The obtained parameter set may be utilised as the initial parameter set for the 

application of the NMPC in the next chapter. 

9.3.3 Results of the NMPC experiment 

The parameter set identified in chapter 9.3.2 was utilised as the initial parameter set. 

The utilised control function was a linear increasing feeding rate. The optimisation factors 

of this linear function 𝐹(𝑡) are the initial (𝐹𝑠𝑡𝑎𝑟𝑡) at the beginning of the cultivation (𝑡𝑠𝑡𝑎𝑟𝑡 = 0) 

and final volumetric rate (𝐹𝑓𝑖𝑛𝑎𝑙) of the feed 𝐹 at the end of the process (𝑡𝑓𝑖𝑛𝑎𝑙). 

𝐹(𝑡) =
(𝐹𝑓𝑖𝑛𝑎𝑙 − 𝐹𝑠𝑡𝑎𝑟𝑡)

𝑡𝑓𝑖𝑛𝑎𝑙
∙ 𝑡 + 𝐹𝑠𝑡𝑎𝑟𝑡 (9.2) 

This function with only two optimisation factors increases the performance of the NMPC 

compared to previous versions, in which control values were determined for time periods. 

The feed had a sucrose concentration of 216 g L-1, which was consistent with the other 

experiments in this case-study. The planned experimental duration was 20 h. 

The optimisation horizon for the model-based optimisation was also set to 20 h. The feed 

was planned to be turned off after 14 hours, and 6 hours of ethanol reduction were planned, 

to get additional data for the ethanol uptake phase.  

Figure 78 presents the experimental offline and online data for the cultivation with the NMPC 

in comparison to the resulting simulation of the last optimisation step. 
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Figure 78: NMPC cultivation F8 (final optimisation step) in the scale-down model in 

comparison with the final simulation. 1st row: Experimental and simulated data for cDCW and 

cEtOH. 2nd row: Online data for the exhaust gas composition (yO2 and yCO2) and the RQ. 

3rd row: Online data for the dissolved oxygen concentration and pH. 4th row: Optimised 

feeding rate and the calculated volumes of both reactors. 

At a process time of 14 h the ethanol concentration reached 0 g L-1. This made the planned 

ethanol uptake phase from 14 h to 20 h obsolete. For this reason, the final cultivation 

duration was reduced to 14 hours.  

At the end of the process (t = 14 h) a dry cell weight density of 26 g L-1 was reached. 

Peak ethanol concentration was only about 10 g L-1 which was reached between 6 h and 

10 h. The respiratory quotient is about 1 after 6 h until the end of the process. The exhaust 

gas fractions of O2 and CO2 increased, reflecting the increasing feeding rate. The DO 
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remained at 20% in both reactors after the initial decline. The pH was decreasing to 4.5 until 

the end, which was slightly higher than in experiments F1 – F7. 

A total of five parameterisation and optimisation steps were performed at 0 h, 3.5 h, 7 h, 9 h 

and 11 h. The historic data (of experiments F1 – F4 and F7) was weighted with a factor of 

0.5 for all parameter identification during the NMPC experiment. The last optimisation at 

11 h did not change the feeding rate calculated at 9 h. The first four optimisation steps are 

presented in Figure 79. 

 

Figure 79: Four (of five) optimisation steps of the NMPC process F8 in the SDM. 1st row: 

Experimental and simulated data for cDCW and cEtOH. 2nd row: Optimised / calculated feeding 

rate and the resulting volumes of both reactors. 

During the optimisation, the algorithm tried to limit the ethanol concentration to values below 

5 g L-1 to stay below the activation limit of the penalty term. In this respect, the experiment 

was successful and only a maximum ethanol concentration of 10 g L-1 was produced, which 

is half of the previous laboratory scale experiments. This was achieved by decreasing the 

initial feeding rate after each optimisation step, resulting in the apparent “saw pattern” 

(Figure 79). The reason for this is, that the experimentally determined ethanol concentration 

was always higher than the simulated concentration. The new parameter set, which was 

identified prior to the control function optimisation, was therefore tuned to simulate a higher 

ethanol production in each step.  

The mathematical model describes the time course of the biomass density quite well 

(R² = 0.93). However, the experimental ethanol concentrations of F8 were consistently 

clearly above the simulated values (see Figure 78). This difference might be caused by the 

low variety in the data in the experiments utilised for the parameter identification. The 

experimental data from five cultivations (F1 – F4 & F7) were used along with the NMPC 
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cultivation data for the parameter identifications, which all employed similar feeding 

strategies. This resulted in a parameter set which is adapted to these historic processes. 

However, the NMPC cultivation only had a limited influence on the parameter identification 

since the effect of simultaneous sucrose feeding and ethanol consumption caused by the 

lower feeding rate is not in the data of the previous experiments. One possible solution 

would be to increase the weighting of the NMPC experiment which would in turn potentially 

decrease the quality of the identification for the previous cultivations (F1 – F7). 

During the optimisation it is crucial to keep the period between the last sampling and the 

transfer of the optimised control trajectories as short as possible. The model parameters 

must be identified, and the process optimised, while the process is performed. Therefore, 

the number of iterations for the parameter identification had to be limited, which might 

contribute to the larger deviations between simulated and experimental data. In this case 

only one hour was planned for a combined parameter identification and the calculation 

(optimisation) of the feeding strategy. 

The result of the NMPC experiment indicates that the effective carbon substrate 

concentration in the pilot scale reactor might have been lower as compared to the laboratory 

scale experiments. Most of the yeast in the pilot reactor might be exposed to lower 

concentrations of sucrose caused by heterogeneous conditions resulting in a reduced 

ethanol production. This will be tested with the mathematical model in chapter 9.6 after the 

comparison and discussion of the experimental results. 

Overall, this novel application of an NMPC calculating control strategies for an experiment 

in a physical scale-down model tested the capabilities of an NMPC as a tool supporting the 

model-assisted scale-down of process conditions. Previously, NMPCs were used for the 

design, optimisation and control of operational strategies of cultivations in single bioreactors 

(Frahm et al. 2005; Witte 1996; Wang et al. 2016; Dewasme et al. 2013; Craven et al. 2014).  

9.4 Comparison of experiments 

The comparison of the pilot scale cultivation V1 and the scale-down cultivations F1 – F8 is 

mainly based on the biomass density and ethanol concentration (Figure 80). The pilot 

cultivation V1 (𝑉𝑖𝑛𝑖 = 1 m³) and the NMPC cultivation F8 (𝑉𝑖𝑛𝑖 = 0.5 L per reactor) are 

compared to selected cultivations; cultivation F2 in Biostat B (𝑉𝑖𝑛𝑖 = 1 L), cultivation F5 in 

MDX reactor (𝑉𝑖𝑛𝑖 = 0.5 L) and cultivation F6 in the SDM (𝑉𝑖𝑛𝑖 = 0.5 L per reactor). One 

cultivation per reactor type (and cultivation type) was chosen for the comparison. 
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Figure 80: Comparison between experiments in pilot reactor V1 (red), Biostat B F2 (blue), 

MDX reactor F5 (yellow), SDM F6 (green), and NMPC (black) F8 for cDCW, cEtOH, and feeding 

rates. 

The cultivations in single reactor systems (V1, F2, F5) exhibited similar biomass densities 

reaching about 40 g L-1 after 16 h. At the end of the NMPC process F8 (t = 14 h), a dry cell 

weight density of 26 g L-1 was reached, which is approximately 8 g L-1 less than in the single 

bioreactor processes (F1 - F5) and 12 g L-1 less than the pilot reactor process (V1) at the 

same time. Compared to the other process in the SDM F6, the biomass growth in F8 was 

about the same in the first 14 h, despite a lower feeding rate.  

For the first four hours, 𝑐𝐸𝑡𝑂𝐻 was similar in all processes. Afterwards, the ethanol production 

rate in the pilot reactor decreased and 𝑐𝐸𝑡𝑂𝐻 reached its peak after 6 h, which is four hours 

earlier than in the single bioreactor experiments (F2 and F5) and six hours earlier compared 

to cultivation F6 in the SDM. The NMPC cultivation is most similar to V1 regarding 𝑐𝐸𝑡𝑂𝐻. 

A peak ethanol concentration of 10 g L-1 (5 g L-1 in V1) was reached after 6 h. The ethanol 

concentration of 10 g L-1 is still relatively high, which can be attributed to the fact that the 

simulated ethanol concentrations were lower compared to the experimentally determined 
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concentrations. In both cultivations (V1 and F8) ethanol was decreasing after 10 h. 

Furthermore, the penalty function is only active at simulated ethanol concentrations above 

5 g L-1. The maximum ethanol concentration was three times higher in the laboratory scale 

processes F2 and F5 and even five-times higher in F6 compared to the pilot scale. 

Lower biomass densities and higher ethanol concentrations for S. cerevisiae cultivations 

due to heterogeneous glucose concentration were also published in literature by 

George et. al for a STR-PFR and Sweere et. al for a STR-STR configuration. (George et al. 

1993; Sweere and Matla et al. 1988) 

9.5 Evaluation of the NMPC application 

The NMPC employed a function for the calculation of a linear feeding strategy (see 

equation 9.2). This utilisation of a function represents a novel approach compared to the 

other versions of the OLFO algorithm in which control values were determined for multiple, 

specific time periods (Witte 1996; Frahm and Hass et al. 2003). This function reduced the 

optimisation factors to only two compared to previous applications of the OLFO-controller 

and thereby improved the performance of the NMPC (reduction of the computation time for 

optimisation). Consequently, the time between the last sampling and the transfer of the 

feeding strategy could be reduced, which is particularly advantageous for fairly fast 

cultivations, such as those of S. cerevisiae. 

The aim of the following evaluation is to determine how much the NMPC application has 

improved the process in comparison to the previously performed cultivations (V1, F1 – F7). 

The evaluation is based on retrospectively calculated optimisation criteria which are 

exclusively used for this evaluation and on yield coefficients. Table 19 lists the criteria for 

all experiments in chapter 9. Furthermore, the yield coefficients for each process of the case 

study are presented. 
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Table 19: Retrospectively calculated optimisation criteria (Kopt) at closest sample time 

(tKOpt) and yield coefficients (YX/SC) for biomass from sucrose for all processes of the case-

study 

Process Reactor V 𝒀𝑿/𝑺𝑪 𝑲𝒐𝒑𝒕 𝒕𝑲𝒐𝒑𝒕
 

V1 Pilot 1 m³ 0.51 58.8 15.0 h 

F1 Biostat B 1 L 0.51 118.3 12.6 h 

F2 Biostat B 1 L 0.54 109.2 14.0 h 

F3 Biostat B 1 L 0.45 105.1 14.5 h 

F4 MDX 0.5 L 0.38 145.0 15.5 h 

F5 MDX 0.5 L 0.50 119.5 13.6 h 

F6 SDM 2 x 0.5 L 0.37 166.5 14.5 h 

F7 SDM 2 x 0.5 L 0.30 153.0 15.0 h 

F8 (NMPC) SDM 2 x 0.5 L 0.58 74.4 14.0 h 

A lower 𝐾𝑜𝑝𝑡 corresponds to a higher final biomass density and lower final ethanol 

concentration. Ethanol concentrations below 5 g L-1 do not further reduce 𝐾𝑜𝑝𝑡 

(equation (9.1)). 𝐾𝑜𝑝𝑡 was retrospectively calculated for each experiment at the sample 

time 𝑡𝐾𝑂𝑝𝑡
 closest to the final time of cultivation F8 (14 h). For cultivation F2, the values for 

the calculation of 𝐾𝑜𝑝𝑡 were linearly interpolated between the two closest samples 

(𝑡𝐾𝑜𝑝𝑡,1 = 11.6 h and 𝑡𝐾𝑜𝑝𝑡,2 = 17.6 h). The criterium is only used as a target value which 

should ideally be as close as possible to the value of the pilot reactor process V1 

(𝐾𝑜𝑝𝑡 = 58.8). 

The best scale-down process without the NMPC yields a 𝐾𝑜𝑝𝑡 of 105.1, which is about 

78.7% higher than V1. The higher 𝐾𝑜𝑝𝑡 is caused by the higher ethanol concentration in the 

laboratory scale experiment. The NMPC (process F8) was able to reduce this relative 

difference to just 26.5% (𝐾𝑜𝑝𝑡 = 74.4) by reducing the final ethanol concentration. Ethanol 

is fully consumed in F8 until no ethanol is determined in the last sample compared to at 

least 12 g L-1 in the other scale-down processes. Since the minimisation of 𝐾𝑜𝑝𝑡 was the 

optimisation goal, the application of the NMPC can be evaluated as being successful. 

The yield coefficients for the single reactor processes are similar to V1. The scale-down 

model processes without adaptions of the feeding rate produced the lowest yield 

coefficients. The yield coefficient 𝑌𝑋/𝑆𝐶  for the NMPC process in the SDM is the highest with 
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0.58 out of all cultivations in this study with industrial media. The yield coefficient determined 

from F8 is 10% higher than the yield coefficients in the single reactor processes. 

Furthermore, the objective of acquiring data on reduced ethanol production was 

successfully accomplished since the NMPC experiment in the physical SDM (F8) produced 

less than half the ethanol compared to previous experiments (F6 & F7).  

Overall, the cultivation was brought closer to the pilot reactor cultivation (as evidenced by 

the low 𝐾𝑜𝑝𝑡). The yield coefficient 𝑌𝑃/𝑆𝐶 of the NMPC experiment was the highest of all 

experiments in this study (in chapter 9), which is caused by the low ethanol production 

during the process. Furthermore, the objective of acquiring data on reduced ethanol 

production was successfully accomplished since the NMPC experiment in the physical SDM 

(F8) produced less than half the ethanol compared to previous experiments (F6 & F7). 

The new data were already incorporated in the parameter set of the mathematical model 

during the NMPC application. With the parameterised model, model-assisted investigation 

of scale-dependent effects were performed (chapter 9.6). The application of the NMPC in a 

non-ideally mixed scale-down system together with the mathematical model was therefore 

successfully validated. 

Further investigation into the behaviour of the NMPC should be carried out in the future. 

This investigation should quantify the influence of the selected optimisation criterion on the 

cultivations. Additionally, the requirements for the experimental data used for 

parameterisation of the mathematical model to successfully identify the parameters should 

be determined. In this context, it should be investigated how accurate the simulations with 

the identified parameter set must be in order to successfully apply the NMPC. 

9.6 Model-assisted investigation of scale-dependent effects 

The experiments on laboratory scale (F1 – F8) demonstrate different behaviour to the pilot 

scale reactor cultivation. In cultivations conducted in the single reactors (F1 – F5) with 

volumes between 0.5 L and 1.5 L, higher ethanol concentrations were determined 

compared to the pilot reactor cultivation (1 m³). These differences between the scales might 

be caused by non-ideally mixed conditions in the pilot reactor. The mixing times in the 

laboratory reactors are shorter (< 5 s; visually determined) than in the pilot scale (> 10 s, 

mathematically approximated). In the SDM with two reactors, longer mixing times lead to 

more distinct differences (see Figure 32) regarding the sucrose concentrations between the 

two reactors. The pilot reactor might feature areas around the feeding inlet with higher 

sucrose concentrations (leading to ethanol production) and areas with lower concentrations 

(without ethanol production and/or ethanol uptake). The resulting heterogeneous substrate 
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concentrations also depend on the volumes of the zones and their volume ratios (Sweere 

and Matla et al. 1988). 

Figure 81 displays a comparison between the simulated and experimentally determined 

ethanol concentrations and biomass densities in the 1 m³ pilot-scale process (cultivation 

V1) as well as the simulated sucrose concentration. The model parameter values of the 

simulations are identical to the final parameter set of the NMPC application and were 

determined in chapter 9.3.3. The model parameter values for the limits of ethanol uptake 

(Diauxie) and production (Overflow metabolism, Crabtree-effect) are indicate in Figure 81 

by horizontal lines. 

 

Figure 81: Simulation of the pilot reactor cultivation under ideal mixed conditions compared 

to experimental data of experiment V1. 1st row: Simulated data of the sucrose concentration; 

2nd row: Offline data and simulated data for the biomass density and ethanol concentration; 

3rd row: Calculated volume and feeding rate of the simulation. 
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The simulated sucrose concentration is very close to the boundary concentration of overflow 

metabolism (0.155 g L-1) for the first 9 h of the experiment. After 9 h, the concentration 

decreases and from hour 12 h onwards it is close to the boundary concentration (0.06 g L-1) 

at which ethanol is consumed. Accordingly, ethanol is consumed from 12 h onwards. 

Therefore, slight differences in the sucrose concentration might have major influences on 

the simulation and cultivation result. 

The simulation shows that ethanol production and uptake are primarily dependent on the 

sugar concentration in the medium. In the simulation of the ideally mixed system, a higher 

maximum ethanol concentration is achieved (about 12 g L-1) compared to the pilot reactor 

process V1 (maximum ethanol concentration of 5 g L-1). This corresponds with the results 

of the experiments on the laboratory-scale, which feature a faster mixing time than the pilot 

reactor process. 

The mathematical model shall be used in the next simulations to test whether the reduced 

ethanol concentrations on the pilot scale could be caused by non-ideally mixed conditions. 

The sensitivity study in chapter 6.2 demonstrated that less ethanol might be produced when 

the mixing time is longer (see Figure 31). This was not confirmed by simulations using the 

conditions of the pilot scale cultivation and the identified parameter set (Figure 83 in 

Appendix). Longer mixing times led to lower ethanol concentrations in the simulation with 

the identified parameter set (Figure 83). An increase of the mixing time led to higher ethanol 

concentrations in the laboratory scale experiments in this study (see Figure 80). 

This difference is caused by the sugar concentration that quickly fell below the limit for 

ethanol uptake in one of the two reactors. This led to the lower ethanol concentration in the 

sensitivity study (see Figure 31). However, with the process conditions and identified 

parameters of this study, the simulated sugar concentration decreased considerably later 

(see Figure 83). 

This result is consistent with the results of the experiments on the lab-scale (F1 – F8). 

A lower maximum ethanol concentration was reached in the cultivations in the single 

bioreactor system compared to the cultivation in the SDM with mixing times of about 70 s. 

The mixing time by itself is therefore not sufficient to explain the lower ethanol concentration 

at the pilot scale. 

Another possible explanation for the lower ethanol concentration on the pilot-scale might be 

the existence of poorly mixed areas that might occur around the position of the feed inlet. 

The volume of this zone would only take up a small part of the overall reactor. Increased 

sucrose concentrations in the zone around the feeding inlet could lead to ethanol production 

in this zone. Lower sucrose concentrations in the rest of the reactor could show no ethanol 
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production and/or even ethanol uptake. Considering these two zones and their ratio 

influences the heterogeneous sucrose concentration and thus the process result.  

Three simulations were carried out with different volume ratios of the zones under fully 

aerobic conditions. Ratios of 330 mL/670 mL, 100 mL /900 mL and finally 50 mL /950 mL 

were simulated, the feed was always positioned in the reactor with the smaller volume.  

 

Figure 82: Three simulations at different volume ratios. 1st column: 330 mL/670 mL; 

2nd column 100 mL/900 mL; 3rd column: 50 mL/950 mL (volume ratios indicated in red and 

white above the graphs). 1st row: Offline and simulated data for sucrose concentration; 2nd 

row: Experimental offline and simulated data for the biomass density and ethanol 

concentration; 3rd row: Calculated volume as well as the feeding rate of the simulation. 
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The lowest ethanol concentrations were obtained in the simulated cultivation with the 

50 mL/950 mL ratio at approx. 7 g L-1, which is only approx. 2 g L-1 above the determined 

concentration of the experimental pilot reactor cultivation. The biomass production also 

increased with increasing volume differences and corresponds well with the data from the 

pilot reactor in all three simulations. 

The larger the volume difference between the zones, the greater the difference in the 

sucrose concentrations between the two zones. At 9 h, the sucrose concentration in reactor 

zone 1 compared to zone 2 is about 3 times higher for the 330 mL/670 mL ratio and 5 times 

higher for the 50 mL/950 mL ratio. Literature reports measured concentrations in the vicinity 

of the feed location that can be between twice as high (Larsson et al. 1996) and 400 times 

as high compared to the well-mixed zone around the stirrer (Bylund et al. 1998). 

A smaller volume ratio of the feeding inlet zone leads to a lower maximum ethanol 

concentration. This is caused by the smaller volume in which ethanol production takes 

place. The sucrose concentration within the zone without feeding input is always below the 

overflow metabolism limit. For this reason, no or only tiny amounts of ethanol are produced 

in this zone, but ethanol is not consumed either. Ethanol consumption starts at 10.5 h when 

the feeding rate surpasses its maximum. 

For these reasons, the existence of a relatively calm zone with a low exchange rate with the 

medium of the rest of the reactor in the area of the feed inlet may contribute to the 

differences between the pilot-scale and lab-scale cultivations. 

9.7 Discussion and conclusion 

Differences between S. cerevisiae cultivations in large scale reactors compared to those in 

laboratory-scale reactors can probably be attributed to the heterogeneous substrate 

concentrations and dissolved oxygen concentrations that might occur on the production 

scale (George et al. 1998; Larsson et al. 1996).  

To investigate this issue, data from a 1m³ pilot reactor cultivation were compared to data 

from lab-scale cultivations (1 L and 2 L bioreactors) using the industrial medium and the 

same feeding rate to volume ratio. For the pilot reactor cultivation, a relatively low feeding 

rate was utilised that could have led to low sucrose concentrations and heterogenous 

conditions within the reactor. The influence of these heterogenous conditions was 

investigated utilising five experiments in ideally mixed tank reactors (F1 - F5) and two 

experiments in the SDM with heterogeneous sucrose concentrations (F6 & F7).  

Biomass production was similar in the single bioreactor lab-scale experiments but reduced 

by about 20% for the experiments performed in the physical SDM as compared to the pilot-

scale data. Ethanol concentrations were higher in all seven lab-scale experiments F1 to F7 
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as compared to the pilot reactor process V1. In the ideally mixed experiments about the 

same dry cell weight density was reached, but the SDM cultivation resulted in 20% less 

biomass as compared to V1. In experiment F7, exhaust gas measurements in the individual 

reactors of the SDM revealed that ethanol was simultaneously produced in the reactor with 

the feeding inlet and consumed in the other reactor. However, a net increase of ethanol 

concentrations was measured, thus indicating that the overall ethanol production rate 

exceeds the overall ethanol consumption rate. 

Simulations with the mechanistic, mathematical model supported the assumption that 

cultivation F2 was under aerobic conditions, despite the DO measurement being close to 

0%. This was concluded based on the simulated results being more similar to a simulation 

of an aerobic cultivation compared to the simulation of anaerobic cultivation. However, 

the ethanol uptake rate in the simulation was higher than observed in the experiment, which 

suggests that the cultivation was performed most likely under some oxygen limitation 

(microaerobic conditions).  

For the parameter identification before and during the application of the NMPC, the data of 

five experiments performed on the laboratory scale were utilised (F1 – F4 and F7). 

The NMPC used is based on the OLFO algorithm. Historical data from other cultivations 

were used, which represents a modification of previous versions of the OLFO-controller 

(Witte 1996; Frahm et al. 2005). The modification was enabled by the lower computation 

time of the new mathematical model.  

The implemented criterion for the NMPC was a combination of aiming to limit the ethanol 

concentration to 5 g L-1 (the maximum concentration in the pilot scale was 6 g L-1) and 

maximising biomass growth. In the experiment, a maximum ethanol concentration was 

achieved which was only 4 g L-1 above the concentration of the pilot reactor process without 

reduced biomass growth (compared to the other experiments in the SDM F6 and F7). The 

maximum ethanol in of all other small-scale experiments (F1 – F7) were more than 10 g L-1 

above the ethanol concentration of the pilot-scale experiment. 

For the application of the mathematical model in an adaptive NMPC, short computation 

times are required, since the model parameters are identified, and the model-based process 

optimisation is performed during the cultivation. The chosen modelling approach enables 

the model utilisation in adaptive model predictive controllers due to the fast computation 

time of about one second per simulation run. Most other models, e.g. CFD simulations or 

compartmentalised models, utilised for the simulation of processes under heterogeneous 

conditions feature longer simulation times (Morchain 2017; Wang et al. 2015; Delafosse et 

al. 2014; Vrábel et al. 2000). 
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To understand the differences between the scales, further simulations of yeast cultivations 

were performed with the mechanistic model. These investigations were based on the 

experiments with the industrial medium and feeding strategy (F1 – F8) utilising the resulting 

parameter set of the NMPC application (chapter 9.3.3).  

The model-based investigations extend the research which was performed by 

Sweere et al. (1988) who carried out experiments with a heterogeneous glucose 

concentration in a two-compartment scale-down model. However, Sweere et al. 

investigated glucose fluctuations with a mathematical model based on Sonnleitner et al. for 

ideally mixed systems. (Sweere and Mesters et al. 1988; Sonnleitner and Käppeli 1986) 

The performed model-assisted investigations of the scale-dependent effects in this work 

revealed that slight changes of low sucrose concentrations can have a critical influence on 

the process performance. The simulation of small zones located at the feeding inlet resulted 

in comparatively low ethanol concentrations. In the small zone with high sucrose 

concentrations ethanol is produced, whereas in the rest of the reactor, no ethanol 

production was simulated, because the sucrose concentration was below the limit required 

for overflow metabolism. Similar simulations with a compartmentalised model considering 

flow patterns within a reactor were performed by Pigou et. al (2015) for an E. coli cultivation. 

Their simulations led to an acetate production (overflow metabolism) in a small zone of the 

reactor while in a different zone acetate was consumed (Pigou and Morchain 2015).  

Overall, the study presented in this chapter confirms that S. cerevisiae cultivations are 

largely influenced by the sugar concentration. The decisive metabolic changes mainly occur 

at low sugar concentrations (ethanol production and consumption). The experimental and 

modelling studies carried out were able to show how non-ideal mixing affects the sugar 

concentrations within a bioreactor and the consequences on cultivations. Besides the 

heterogeneous conditions regarding the sugar concentration (and dissolved oxygen 

concentration), the combination of physical scale-down model and mathematical process 

model can be used to investigate factors that have a decisive influence on the sugar 

concentrations and thus the process: 

1. Metabolism of the yeast and biomass density 

2. Feeding strategy 

3. Mixing / mixing time 

4. Zones and volumes (within the bioreactor) 

The cultivation processes can only be explained by consideration of all influencing factors 

and their interactions. The mathematical model is able to contribute substantially to the 

simultaneous investigation of the influence of these factors on the process behaviour. 

Adjusting these factors in simulations with the mathematical model support the design of 
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experimental strategies, designed with the aim of understanding different cultivation 

behaviours that would otherwise be difficult or impossible to explain. 

Due to the exciting potential for industrial application, the application and properties of the 

NMPC should be further investigated and improved (e.g. with regard to the function of the 

optimisation criterium, the parameter identification, etc.) for cultivations under 

heterogeneous conditions in the next steps. It should also be examined whether the scale-

down system, the mathematical model and the mDoE/NMPC can be transferred to other 

organisms (e.g. E. coli) or reactor configurations.  
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10 Conclusion and outlook 

The transfer of cultivation processes between scales remains a challenge. Cultivations 

performed at different scales present different yields and exhibit different process time 

courses and performances. 

The different behaviour of cultivation processes at different scales might be attributed to 

non-ideal mixing in larger scales. Additionally, the effects resulting from locally different 

substrate and oxygen concentrations could potentially overlap and interact. These effects 

and their influence on cultivation processes can be analysed and investigated with the 

utilisation of various physical scale-down models (SDM), as presented in numerous 

publications. 

Publications have also demonstrated the suitability of dynamic process models for the 

description of biokinetics and for the investigation and improvement of process control 

strategies in ideally mixed reactors. The combination of mathematical models with a non-

ideally mixed reactor allows for the consideration of industrially relevant heterogenous 

conditions in process simulations and design. However, the combination of models for the 

model-based development of process control strategies for processes in non-ideally mixed 

bioreactor systems with complex cultivation kinetics has yet to be shown. 

In this context, two research questions have been formulated, which were addressed in this 

work: 

1. Is a structured, mechanistic mathematical model, calculating several 

interconnected ideally mixed zones, able to approximate the flow patterns in stirred 

tank reactors and describe the effects caused by non-ideal mixing in 

biotechnological processes with complex kinetics?  

2. How can feeding strategies for biotechnological processes in non-ideally mixed 

reactors be systematically designed?  

In order to address the research questions, a combined modelling approach was employed, 

comprising of a mechanistic mathematical process model and a physical scale-down model 

consisting of two coupled stirred tank reactors. The influence of non-ideal mixed conditions 

on S. cerevisiae cultivations was investigated in laboratory-scale reactors including the 

physical scale-down model and ideally mixed systems and in a 1 m³ pilot-scale reactor for 

industrial yeast production. 

In order to ensure the effective utilisation of the mathematical model, it was necessary to 

reduce both the time required for its development and the time taken for computations. 

This was made possible by developing modelling tools, which also enable the development 

of user-defined mathematical models. The mathematical model and the aforementioned 

modelling tools in model-based methods were used to facilitate the application of adaptive 
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process control and design. Parameter identification and the calculation of a control 

trajectory were completed within an hour, which is a crucial timescale for yeast processes 

that typically span only one to a few days.  

A total of 27 cultivations were carried out in single, ideally mixed, lab-scale stirred tank 

reactors and in the non-ideally mixed physical scale-down system comprising of two 

interconnected stirred tank reactors. The investigations in this work were focused on 

cultivations with overlapping and interacting effects, such as heterogeneous (locally 

different) oxygen and substrate concentrations, which are also suspected in large 

production reactors. These overlapping effects exerted a considerable influence on the 

process performance of fed-batch S. cerevisiae processes and have not yet been published 

in this combination. 

Data from exhaust gas analysis and the calculated respiratory quotient (RQ) have 

demonstrated that the production of ethanol under aerobic or anaerobic conditions and the 

aerobic uptake of ethanol can occur simultaneously in the non-ideally mixed SDM. The 

transitions between these metabolisms occurs at low glucose concentrations 

(below 0.2 g L-1) and therefore play a key role in non-ideally mixed systems. 

The mechanistic mathematical model is consisting of a network of zones model. 

The network of zones model is formed by linking multiple stirred tank reactor models that 

are ideally mixed. In each stirred tank reactor model the same biokinetic and physical-

chemical submodels are integrated, containing all biokinetic and physico-chemical 

equations. This enables the simulation of cultivations both in ideally mixed and non-ideally 

mixed reactors with the same set of model parameters. 

The mathematical model was successfully parameterised (R² = 0.81 ± 0.17) using the 

experimental data from 16 laboratory-scale experiments with a complex medium. It is able 

to describe ideally mixed and non-ideally mixed processes in the scale-down model. 

Furthermore, the model was able to predict new cultivation courses for three experiments 

with a high degree of accuracy (R² = 0.89 ± 0.04) and was thereby successfully validated. 

Additionally, the model exhibited proficiency in describing processes utilising other industrial 

substrates well in a case study (R² > 0.9). 

Two methods were selected for the model-based design of feeding strategies and 

successfully employed for the process design in both ideally mixed and non-ideally mixed 

reactor systems. Fixed feeding profiles were designed prior to the start of the cultivation 

using a modified model-based design of experiments (mDoE). Moreover, adaptive feeding 

profiles were designed using a non-linear model predictive controller (NMPC) based on a 

variant of the open-loop feedback optimal (OLFO) algorithm. 
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The modified model-based design of experiments was employed to design a feeding 

strategy in a non-ideally mixed system with the objective of maximising the biomass density. 

This resulted in an approximately 20% increase in biomass density compared to other fed-

batch experiments performed in the SDM.  

The adaptive NMPC was used to design of a cultivation experiment in the physical scale-

down model with the objective of reproducing an industrial process performed on the pilot-

scale. By performing only one NMPC experiment, it was possible to achieve a cultivation 

with a low ethanol concentration that was in a similar order of magnitude compared to that 

of the pilot-scale experiment. 

In conclusion, this work has laid the basis for the simulation of cultivation processes with 

complex kinetics that are influenced by heterogeneous conditions regarding the dissolved 

oxygen and substrates concentrations, and for the application of model-based design and 

optimisation strategies. The mathematical model is capable of simulating yeast cultivations 

on a laboratory scale under ideally mixed and non-ideally mixed conditions. 

The new model structure, which incorporates a generalised biokinetic submodel will 

facilitate a systematic investigation of other organisms cultivated in non-ideally mixed 

reactor systems. This result is a mathematical model, which is suitable for analysing 

cultivations of different organisms in both ideally and non-ideally mixed reactor systems. 

The potential of this combination of mathematical and physical modelling for process design 

has been demonstrated in this work using cultivations of S. cerevisiae. 

Furthermore, a basis for novel advanced scale-down strategies was established. 

The model-based design of experiments in scale-down systems is now possible. 

The interconnected mathematical stirred tank reactor models within the process model can 

be utilised to simulate different reactor configurations, without the need of identifying the 

model parameter set of the biokinetic submodel, which is parameterised independently from 

the mixing conditions. Cultivations conducted on the laboratory scale in ideally mixed tank 

reactors can be used to identify the parameters of the biokinetic submodel. Furthermore, 

the model can also be employed to derive how a process would need to be configured in a 

scale-down model in order to mimic the behaviour of the large-scale process. 

The mathematical model could also be employed to design targeted experiments to address 

new research questions regarding other microorganisms.  

The newly developed approach, comprising of a flexible mathematical process model and 

experimental physical scale-down system has the potential to form the basis for new 

potential research and industrial applications for the model-assisted scale-down.  
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12 Appendix 

12.1 Material and methods 

12.1.1 Software libraries and packages 

Table 20 gives an overview of the software libraries and packages that are used within the 

modelling environment C-eStIM. 

Table 20: External software libraries used by C-eStIM. 

Library Usage Developer & Link to Website 

argtable2-13 
Provides a command 

line parser 

Stewart Heitmann, 

https://argtable.sourceforge.io/ 

boost_1_43_0 

Container, for the 

shared memory 

management 

(shared_ptr). 

Boost organisation, https://www.boost.org/ 

CppUnit_1_12_1 

Systematic testing of 

software components 

(not necessary) 

Baptiste Lepilleur, 

https://sourceforge.net/projects/cppunit/ 

fMinimize 

Algorithms for the 

minimisation of 

functions 

City University of Applied Sciences, 

Bremen based on work of Prof. Dr. 

Virginia Torczon, College of William and 

Mary, Williamsburg, Virginia, United States 

galib247 

Genetic algorithms for 

Minimisation of a scalar 

function of several 

variables 

Matthew Wall, Massachusetts Institute of 

Technology (MIT), Cambridge, 

Massachusetts, United States, 

http://lancet.mit.edu/ga/ 

Minuit2_5_22_00 

Minimisation of a scalar 

function several 

variables, with 

particular attention to 

the Least Square's 

parameter estimation 

Fred James and Matthias Winkler, CERN, 

Geneva, Swiss Confederation 

https://root.cern.ch/root/htmldoc/guides/mi

nuit2/Minuit2.html 

nTools 
Multiple simple numeric 

algorithms 

City University of Applied Sciences, 

Bremen 

tnt_3_0_12 
Translation of Fortran-

code to C++ 

Roldan Pozo, National Institute of 

Standards and Technology Gaithersburg, 

Maryland, United States, math.nist.gov/tnt/ 

tnt_helper 
Further algorithms. 

Addition to tnt_3_0_12 

City University of Applied Sciences, 

Bremen 
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12.1.2 Specification of used computer hardware 

Table 21 lists the computer hardware parts and specifications used for this work.  

Table 21: List of the used PC hardware parts: The central processing unit (CPU), the 

graphics processing unit (GPU), the motherboard, dynamic random-access memory 

(DRAM), hard-disk-drive (HDD), solid-state-drive (SSD), and the power supply. 

Part Specification 

CPU AMD Ryzen 5 5600X 

GPU MSI GeForce GTX 960 Gaming 2G, 2GB GDDR5 

Mainboard Gigabyte B550 Aorus Pro V2 AMD B550 So.AM4 Dual Channel 

DDR4 ATX Retail 

DRAM 32GB G. Skill Aegis DDR4-3200 DIMM CL16 Dual Kit 

HDD Seagate Barracuda 7200 2000GB, SATA 6Gb/s 

SSD 1000GB Samsung 970 Evo Plus M.2 2280 PCIe 3.0 x4 NVMe 1.3 

3D-NAND TLC (MZ-V7S1T0BW) 

Power supply Corsair CX Series Modular CX430M, 430W 

12.2 Experiments 

12.2.1 Parameter identifications 

12.2.1.1 Parameter identification of single-bioreactor system 

The parameters describing the maximum uptake rates under ideal conditions for glucose 

𝑟𝑆𝐶,𝑚𝑥,𝑋, nitrogen source 𝑟𝑆𝑁,𝑚𝑥,𝑋 and ethanol 𝑟𝑃𝐶1,𝑚𝑥,𝑋,𝐷𝑖 are identified. These uptake rates 

for the main biomass compartment 𝑋 are part of the Monod-like kinetics of the process 

model.  

A total of four yield coefficients of metabolic pathways were identified which are yields of 

metabolic pathways instead of ratios of metabolites in the model. 𝑦𝑆𝐶,𝑋,1 describes the first 

split of the glucose metabolism; ratio of produced biomass & ethanol to energy formation 

through respiration. 𝑦𝑆𝐶,𝑋,2 is the yield coefficient for the second split between biomass and 

ethanol (for example if 𝑦𝑆𝐶,𝑋,2 = 1, only biomass is formed). The last two selected coefficient 
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𝑦1𝑃𝐶1,𝑋 describes the split between ethanol consumption for biomass growth and energy 

formation for the primary and structural biomass compartment. This coefficient is part of the 

respiration metabolism of ethanol and oxygen to carbon dioxide and water. 

The parameters 𝐾𝑎𝑐𝑡, 𝐾𝑖 and 𝐾𝑑 describe the standard rates for activation, inactivation, and 

mortality of the biomass compartments. These rates are also modifiable by double sigmoid 

functions, like the Monod-like kinetics. The double-sigmoid function parameters of the 

influence of glucose limitation (𝑥𝑙50𝐾𝑖,𝑆𝐶 and 𝑦𝑙𝐾𝑖,𝑆𝐶) and nitrogen-source inhibition 

(𝑥ℎ50𝐾𝑖,𝑆𝑁 and 𝑦ℎ𝐾𝑖,𝑆𝑁) on the inactivation rate were also identified. If the glucose 

concentration falls closer to 𝑥𝑙50𝐾𝑖,𝑆𝐶 the inactivation rate is increasing until being multiplied 

by 𝑦𝑙𝐾𝑖,𝑆𝐶, if the nitrogen source concentration exceeds 𝑥ℎ50𝐾𝑖,𝑆𝑁 the rate is increasing until 

being multiplied by 𝑦ℎ𝐾𝑖,𝑆𝑁. The influence of the nitrogen source concentration on the 

inhibition rate was used by the model to simulate the transitions from exponential growth to 

the stationary and finally death phase. 

The ethanol inhibition strength 𝑦𝐶ℎ,0,𝑃𝐶 and boundary concentration ℎ500𝑃𝐶 through 

modifying the glucose uptake rate was also identified. The last parameters (ℎ502𝑆𝐶 and 

𝑦𝐶ℎ,2,𝑆𝐶) describe the sigmoid function which belongs to the Crabtree-effect. 

Table 23 lists the model parameters selected for the parameter identification, their initial 

and identified values, the unit, and a brief description of each parameter. 
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Table 22: Chosen model parameters for the Monte-Carlo parameter uncertainty 

quantification and parameter identification, as well as their initial value and mean value after 

identification, unit, and a description. 

Parameter 
Initial 

value 

Mean 

value 
Unit Description 

𝑟𝑆𝐶,𝑚𝑥,𝑋 5.25E-04 1.29E-04 s-1 Uptake rate of glucose 

𝑟𝑆𝑁,𝑚𝑥,𝑋 5.33E-05 5.41E-05 s-1 Uptake rate of nitrogen source 

𝑟𝑃𝐶1,𝑚𝑥,𝑋,𝐷𝑖 4.26E-05 1.36E-05 s-1 Uptake rate of ethanol 
     

𝑦𝑆𝐶,𝑋,1 8.50E-01 7.26E-01 - Yield coefficient glucose (split 1) 

𝑦𝑆𝐶,𝑋,2 1.10E-01 7.72E-02 - Yield coefficient glucose (split 2) 

𝑦1𝑃𝐶1,𝑋 7.00E-01 2.01E-01 - Yield coefficient ethanol (𝑋) 

𝑦1𝑃𝐶1,𝑋𝑠 6.60E-01 4.28E-01 - Yield coefficient ethanol (𝑋𝑠) 
     

𝐾𝑎𝑐𝑡 1.30E-06 9.60E-05 s-1 Activation rate 

𝐾𝑖 1.43E-05 1.08E-05 s-1 Inactivation rate 

𝐾𝑑 1.31E-06 4.76E-06 s-1 Mortality rate 
     

𝑥ℎ50𝐾𝑖,𝑆𝑁 2.00E+01 2.09E+01 kg m-3 Nitrogen source inhibition: -boundary 

𝑦ℎ𝐾𝑖,𝑆𝑁 1.00E+00 1.01E+01 - - strength 
     

𝑥𝑙50𝐾𝑖,𝑆𝐶 1.00E-02 1.36E-02 kg m-3 Glucose limitation: - boundary 

𝑦𝑙𝐾𝑖,𝑆𝐶 1.00E+00 1.03E+00 - - strength 
     

ℎ500𝑃𝐶 5.80E+00 8.62E+01 - Ethanol inhibition: - boundary 

𝑦𝐶ℎ,0,𝑃𝐶 1.00E+00 3.23E-01 - - strength 
     

ℎ502𝑆𝐶 8.50E+00 3.83E-01 kg m-3 Overflow metabolism: - boundary 

𝑦𝐶ℎ,2,𝑆𝐶 1.00E+00 5.06E-02 - - strength 

The identified mean nitrogen concentration limit (𝑥ℎ50𝐾𝑖,𝑆𝑁) above which nitrogen inhibition 

occurs was identified at 20.9 g L-1. This concentration is only reached at the end of the 

processes. The nitrogen concentration is low in the initial medium and gradually increases 

during the process due to feeding. When exceeding 𝑥ℎ50𝐾𝑖,𝑆𝑁, the inhibition constant is 

increased up to tenfold. This limit would be too low and unrealistic when simulating batch 

processes, where the initial nitrogen source concentration would be higher than 20 g L-1. 

The mean glucose concentration limit for the occurrence of overflow metabolism is identified 

at about 0.39 g L-1. Above that glucose concentration the Crabtree effect of glucose to 

ethanol occurs, which is in the range of literature values (Woehrer and Roehr 1981; 

Crabtree 1929; Deken 1966; Rose 1993). 

The identified mean boundary concentration ℎ500𝑃𝐶 concentration is about 86 g L-1. Since 

neither the experimental nor the simulation reach that concentration, ethanol inhibition was 
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not identified in the simulations. The final identified value for the ethanol inhibition strength 

𝑦𝐶ℎ,0,𝑃𝐶 was therefore not relevant. 

12.2.1.2 Parameter identification for model validation 

A total of 27 model parameters were selected for the identification in chapter 8.3.1. As in 

chapter 7.1.2 (chapter 12.2.1.1 in the appendix), the parameters describing the maximum 

uptake rates under ideal conditions for glucose 𝑟𝑆𝐶,𝑚𝑥,𝑋, nitrogen source 𝑟𝑆𝑁,𝑚𝑥,𝑋 and ethanol 

𝑟𝑃𝐶1,𝑚𝑥,𝑋,𝐷𝑖 are identified. These uptake rates for the main biomass compartment 𝑋 are part 

of the Monod-like kinetics of the process model.  

A total of three yield coefficients of metabolic pathways were identified which are yields of 

metabolic pathways instead of ratios of metabolites in the model. 𝑦𝑆𝐶,𝑋,1 describes the first 

split of the glucose metabolism; ratio of produced biomass & ethanol to energy formation 

through respiration. 𝑦𝑆𝐶,𝑋,2 is the yield coefficient for the second split between biomass and 

ethanol (for example if 𝑦𝑆𝐶,𝑋,2 = 1, only biomass is formed).  

In addition to the four yield coefficients identified in chapter 7.1.2 (𝑦𝑆𝐶,𝑋,1, 𝑦𝑆𝐶,𝑋,2, 𝑦1𝑃𝐶1,𝑋, 

and 𝑦1𝑃𝐶1,𝑋𝑠; description in chapter 12.2.1.1), two additional yield coefficients were 

identified (𝑦𝑆𝐶,𝑋𝑠,1 and 𝑦𝑆𝐶,𝑋,2,𝑎𝑛). 𝑦𝑆𝐶,𝑋𝑠,1 describes the first split of the glucose metabolism 

for the structural biomass compartment; ratio of produced biomass & ethanol to energy 

formation through respiration. 𝑦𝑆𝐶,𝑋,2,𝑎𝑛 describes the second split between biomass and 

ethanol under anaerobic conditions. This coefficient is important since processes and a 

heterogeneous oxygen concentration are part of the experimental data in chapter 8. 

The parameters 𝐾𝑎𝑐𝑡, 𝐾𝑖 and 𝐾𝑑 are again identified. They describe the standard rates for 

activation, inactivation, and mortality of the biomass compartments. 

Ethanol concentration of over 50 g L-1 are in the experimental data utilised for the 

identification of the model parameters. At this concentrations inhibition and even an 

increased death rate might occur for S. cerevisiae. For this reason, the parameter of two 

sigmoid functions were identified. The first function describes the influence of the ethanol 

concentration on the death rate 𝐾𝑑. 𝑥ℎ50𝐾𝑑,𝑃𝐶 describes the boundary concentration above 

which the death rate is influenced, the value of 𝑦ℎ𝐾𝑑,𝑃𝐶 is the multiplication factor which 

modifies the standard mortality rate, and 𝐾𝑆𝑙,𝐾𝑑,𝑃𝐶 is the slope of the transition from 

uninfluenced to the higher death rate. The second sigmoid function describes the influence 

of the ethanol concentration on the first carbon yield coefficient. When ethanol concentration 

is above 𝑥ℎ501,𝑃𝐶, the first split of carbon substrate to biomass and ethanol or energy is 

influenced by factor 𝑦ℎ1,𝑃𝐶 and the slope 𝐾𝑆𝑙,1,𝑃𝐶. This function results in a less efficient 

metabolism of the yeasts when ethanol gets close the boundary limit 𝑥ℎ501,𝑃𝐶. 
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Furthermore, the influence of the ethanol concentration on the carbon substrate rate is 

identified as in the previous chapter (chapter 7.1.2 and 12.2.1.1). The identified parameters 

of this sigmoid function are the boundary concentration ℎ500𝑃𝐶, the multiplied for the 

modification of the uptake rate 𝑦𝐶ℎ,0,𝑃𝐶 and the slope 𝐾𝑆𝑙,0,𝑃𝐶.  

The next parameters describe a sigmoid function which describes the influence of low 

carbon substrate concentrations (glucose concentration) on the first metabolic split of the 

carbon metabolism (biomass and ethanol or energy). 

When glucose decreases to the boundary concentration of 𝑥𝑙501,𝑆𝐶, the yield coefficient 

𝑦𝑆𝐶,𝑋,1 is multiplied up to factor 𝑦𝑙1,𝑆𝐶 (slope 𝐾𝑆𝑙,1,𝑆𝐶). This function results in a potentially 

less efficient metabolism of the yeasts. 

Last two parameter describe the multiplicator for the change of the carbon substrate uptake 

rate under anaerobic conditions 𝑦𝑙𝐶𝑙0,𝑃𝑂 and the change of yield (split 2) under anaerobic 

conditions 𝑦𝑙𝐶𝑙2,𝑃𝑂. These two parameters were selected since experiments in the data set 

are performed under anaerobic conditions and mixed oxygen conditions. 

Table 23 lists the parameter name of the model parameter selected for the parameter 

identification, their initial and identified values, the unit, and a brief description of each 

parameter. 
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Table 23: Chosen parameters for the parameter identification of the SDM experiments, as 

well as their initial value and value after identification, unit, and description. 

Parameter 
Initial 

value 

Final 

value 
Unit Description 

𝑟𝑆𝐶,𝑚𝑥,𝑋 4.00E-04 3.83E-04 s-1 Uptake rate of glucose 

𝑟𝑆𝑁,𝑚𝑥,𝑋 7.60E-05 7.22E-05 s-1 Uptake rate of nitrogen source 

𝑟𝑃𝐶1,𝑚𝑥,𝑋,𝐷𝑖 6.26E-05 1.06E-05 s-1 Uptake rate of ethanol 
     

𝑦𝑆𝐶,𝑋,1 8.00E-01 9.90E-01 - Yield coefficient SC&X / energy (split 1) 

𝑦𝑆𝐶,𝑋,2 6.50E-01 9.85E-01 - Yield coefficient SC / X (split 2) 

𝑦𝑆𝐶,𝑋𝑠,1 
9.50E-01 9.89E-01 - 

Yield coefficient SC&Xs / energy (split 

1) 

𝑦𝑆𝐶,𝑋,2,𝑎𝑛 
5.00E-01 8.51E-01 - 

Yield coefficient anaerobic SC / X (split 

2) 

𝑦1𝑃𝐶1,𝑋 2.00E-01 9.89E-01 - Yield coefficient ethanol (𝑋) 

𝑦1𝑃𝐶1,𝑋𝑠 2.00E-01 3.00E-01 - Yield coefficient ethanol (𝑋𝑠) 
     

𝐾𝑎𝑐𝑡 1.30E-06 1.23E-05 s-1 Activation rate 

𝐾𝑖 1.48E-05 2.41E-05 s-1 Inactivation rate 

𝐾𝑑 1.31E-07 1.80E-06 s-1 Mortality rate 
     

𝑥ℎ50𝐾𝑑,𝑃𝐶 1.80E+02 2.68E+01 kg m-3 
Ethanol increased death rate: - 

boundary 

𝑦ℎ𝐾𝑑,𝑃𝐶 1.00E+01 1.72E+02 - - strength 

𝐾𝑆𝑙,𝐾𝑑,𝑃𝐶 1.00E-01 4.50E-01 - - slope 
     

ℎ500𝑃𝐶 7.00E+01 3.19E+01 kg m-3 
Change of SC uptake rate based on PC 

(ethanol inhibition): - boundary 

𝑦𝐶ℎ,0,𝑃𝐶 1.00E+00 1.00E+00 - - strength 

𝐾𝑆𝑙,0,𝑃𝐶 5.05E+01 6.86E+01 - - slope 
     

𝑥𝑙501,𝑆𝐶 1.55E-01 3.22E+00 kg m-3 
Change of yield coefficient (split 1) 

depending on SC: -boundary 

𝑦𝑙1,𝑆𝐶 1.00E+00 8.41E-01 - - strength 

𝐾𝑆𝑙,1,𝑆𝐶 3.0E+01 2.79E+01 - - slope 
     

𝑥ℎ501,𝑃𝐶 1.00E+00 7.71E+01 kg m-3 
Change of yield coefficient (split 1) 

depending on PC: - boundary 

𝑦ℎ1,𝑃𝐶 1.00E+00 3.57E-01 - - strength 

𝐾𝑆𝑙,1,𝑃𝐶 1.00E+00 5.04E+00 - - slope 
     

𝑦𝑙𝐶𝑙0,𝑃𝑂 1.08E+00 8.51E-01 - 
Change of SC uptake rate under 

anaerobic conditions 

𝑦𝑙𝐶𝑙2,𝑃𝑂 3.00E-01 2.15E-01 - 
Change of yield (split 2) under 

anaerobic conditions 

𝑥ℎ501,𝑃𝐶 was identified at 77 g L-1 which is more than 20 g L-1 higher than the highest 

determined ethanol concentration in the data set. This means that the ethanol concentration 

has no identified influence on the yield coefficient of the first metabolic carbon substrate 

split.  
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12.2.1.3 Parameter identification in case study 

A total of 25 parameters were selected for the identification during industrial process 

application with an industrial medium (chapter 9.3.2). These 25 parameters are identical to 

the parameters of the previous identification (chapters 8.3.1 and 12.2.1.2) without 𝑦𝑙𝐶𝑙0,𝑃𝑂 

and 𝑦𝑙𝐶𝑙2,𝑃𝑂 since no anaerobic process conditions were employed in the processes of 

chapter 9 
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Table 24: Chosen parameters for the parameter identification of the case study during the 

application of the NMPC, their initial and final value after the last identification and a 

description. 

Parameter 
Initial 

value 

Final 

value 
Unit Description 

𝑟𝑆𝐶,𝑚𝑥,𝑋 3.83E-04 8.64E-04 s-1 Uptake rate of glucose 

𝑟𝑆𝑁,𝑚𝑥,𝑋 7.22E-05 1.07E-04 s-1 Uptake rate of nitrogen source 

𝑟𝑃𝐶1,𝑚𝑥,𝑋,𝐷𝑖 1.06E-05 2.70E-05 s-1 Uptake rate of ethanol 
     

𝑦𝑆𝐶,𝑋,1 9.90E-01 8.88E-01 - Yield coefficient SC&X / energy (split 1) 

𝑦𝑆𝐶,𝑋,2 9.85E-01 1.00E+00 - Yield coefficient SC / X (split 2) 

𝑦𝑆𝐶,𝑋𝑠,1 
9.89E-01 9.99E-01 - 

Yield coefficient SC&Xs / energy (split 

1) 

𝑦𝑆𝐶,𝑋,2,𝑎𝑛 
8.51E-01 1.00E+00 - 

Yield coefficient anaerobic SC / X (split 

2) 

𝑦1𝑃𝐶1,𝑋 9.89E-01 8.62E-01 - Yield coefficient ethanol (𝑋) 

𝑦1𝑃𝐶1,𝑋𝑠 3.00E-01 1.81E-02 - Yield coefficient ethanol (𝑋𝑠) 
     

𝐾𝑎𝑐𝑡 1.23E-05 0.00E+00 s-1 Activation rate 

𝐾𝑖 2.41E-05 4.96E-05 s-1 Inactivation rate 

𝐾𝑑 1.80E-06 8.20E-07 s-1 Mortality rate 
     

𝑥ℎ50𝐾𝑑,𝑃𝐶 2.68E+01 2.19E+01 kg m-3 
Ethanol increased death rate: - 

boundary 

𝑦ℎ𝐾𝑑,𝑃𝐶 1.72E+02 2.10E+02 - - strength 

𝐾𝑆𝑙,𝐾𝑑,𝑃𝐶 4.50E-01 4.35E-01 - - slope 
     

ℎ500𝑃𝐶 3.19E+01 5.95E+01 kg m-3 
Change of SC uptake rate based on PC 

(ethanol inhibition): - boundary 

𝑦𝐶ℎ,0,𝑃𝐶 1.00E+00 9.95E-01 - - strength 

𝐾𝑆𝑙,0,𝑃𝐶 6.86E+01 3.45E+00 - - slope 
     

𝑥𝑙501,𝑆𝐶 3.22E+00 7.48E-01 kg m-3 
Change of yield coefficient (split 1) 

depending on SC: -boundary 

𝑦𝑙1,𝑆𝐶 8.41E-01 9.40E-01 - - strength 

𝐾𝑆𝑙,1,𝑆𝐶 2.79E+01 1.19E+02 - - slope 
     

𝑥𝑙501,𝑃𝐶 7.71E+01 7.45E+01 kg m-3 
Change of yield coefficient (split 1) 

depending on PC: - boundary 

𝑦𝑙1,𝑃𝐶 3.57E-01 6.16E-01 - - strength 

𝐾𝑆𝑙,1,𝑃𝐶 5.04E+00 8.93E-01 - - slope 
     

 

12.2.2 Further notes for each experiment 

Each experiment performed is presented in this work and was used as sources for data and 

process information (except process D6, see Table 26), even if the deviations from the 

planned process operation are significant. This is a great advantage of models, since those 
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differences can be implemented, and the data still used. The following Table 25 (process 

C1-C5),Table 26 (process D1-D6), Table 27 (process E1&E2) and Table 28 (process F1-

F8) are listing deviations from the planned process operation, performed changes and 

compensations as well as possible explanations for these deviations. For most deviations 

no or only small compensations were performed, either because not influence is expected, 

or the deviation can be considered in the simulations. In cases, when compensations are 

performed, they are described in the following tables. 

Table 25: Deviations from planned process operation for SDM-characterisation cultivations 

with batch operation (C1-C5) 

Exp. Explanation of the deviation from planned process operation 

C1 

• pH probe in reactor 2 malfunctioned; no pH measurement possible. 

• Exhaust gas membrane filter of reactor 1 was block from 4.5 h until 5.5 h 

resulting in lower CO2 and higher O2 concentrations 

C2 
• Ethanol concentrations at 3.5 h and 4.5 h had to be determined again, 

because of impossible values in the first set of determinations 

C3 
• Ethanol concentrations after 3 h had to be determined again, because of 

impossible values in the first set of determinations 

C5 

• Exhaust gas membrane filter was starting to block from at 6 h until 8 h 

resulting in lower CO2 and higher O2 concentrations. The slightly higher 

pressure in the reactor had a positive influence on the DO. 
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Table 26: Deviations from planned process operation for SDM-characterisation cultivations 

with fed-batch operation (D1-D7) 

Exp. Explanation of the deviation from planned process operation 

D1 • Exhaust gas membrane filter was blocked starting at 7 h until 9.5 h 

D2 

• Initial dry cell weight density concentration was determined to low since dry 

yeast was stuck to the reactor wall and over time dissipated into the volume. 

To compensate this, the initial dry cell weight density was set at 10 g L-1, 

which is the planned density. 

• The exhaust gas membrane filter was blocked at 10 h throughout the next 

14 hours which leads to: 

• Aerobic reactor emptied because of the blocked membrane and resulting 

pressure in aerobic reactor; total volume in anaerobic reactor. 

• Air coming through circulation pump pipe; was not resulting in increasing DO. 

• Process extended by 4 hours to get enough values to calculate ethanol 

consumption rate and biomass growth. 

• The pH probe in reactor 2 malfunctioned and was not measuring. 

D3 
• DO is dropping to 0% indicating oxygen limitation, but not fully anaerobic 

conditions since ethanol was still consumed 

D4 
• DO probe malfunctioned, offline data indicate that the process was fully 

anaerobic; DO was set to 0.0 in visualisations 

D5 • Execution as planned. 

D6  

• This experiment is the only experiment that was performed for this work but 

is not used nor presented.  

• It was planned as a comparison experiment of D5 with same feeding rates, 

aeration per volume etc. in a 20 L Biostat C bioreactor. 

• The ethanol production is unrealistically high during the first feed resulting 

into a yield coefficient 𝑌𝑋/𝑆𝐶 of above 1.4, which is higher than 

stoichiometrically and physically possible. This was observed during 

cultivation with contamination, when the determination method for the dry cell 

weight concentration is producing false values. 

• The mathematical model would not be able to simulate these processes 

since stoichiometric equations are implemented into the biological submodel 
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Table 27: Deviations from planned process operation for SDM-characterisation cultivations 

with fed-batch operation (D1-D7) 

Exp. Comment 

E1 • Execution as planned. 

E2 
• Exhaust gas membrane filter was blocked around 10 h 

• Fourth ethanol concentration was determined a second time 

 

Table 28: Deviations from planned process operation for cast study cultivations with fed-

batch operation (F1-F8) 

Exp. Explanation of the deviation from planned process operation 

F1 

• Setting on syringe feed pump were wrong initially. Adapted twice the feeding 

to feed the correct total amount, resulting ultimately in a higher peak feeding 

rate 

F2 
• Reactor was not airtight during experiment, therefore the exhaust gas 

showing data for ambient air. 

F3 

• One falsely determined ethanol concentration (five-times higher than other 

values) was removed from data used for the graphical visualisation and 

parameter identification. 

F4 

• Reactor not completely airtight. Exhaust gas volume varying throughout the 

experiment. During experiment outage of exhaust gas measurement 

because air volume was too low for equipment. 

F5 

• Reactor was not completely airtight, resulting in lower exhaust gas flows to 

the gas analyser. The gas analyser did not always receive necessary volume 

flows for operation. 

F6  
• Not enough air flow through gas analyser at around 10 h and between 18 h 

and 26 h. 

F7 
• Air bubble in front of DO sensor resulting in higher measured DO between 

6 h and 9 h. 

F8 • Exhaust gas measurement of the 2nd reactor malfunctioned. 
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12.2.3 Mixing time calculation 

The method for the calculation of the mixing time is described in chapter 4.3.3.2. Equation 

(4.8) for calculating the Newton number is only valid under turbulent conditions when the 

Reynolds-Number (Re) is greater than 104 and the Froude-Number (Fr) lower than 0.07 

(D/d)³ (Henzler 1982). The reactor has a maximum volume of 2 m³ and a height to diameter 

ratio 𝐻/𝐷 of approximately 3, resulting in 𝐻 = 2.95 m and 𝐷 = 0.95 m. The density of the 

nitrogen medium in the bioreactor was 1017 kg m-3. The density was assumed to be 

constant throughout the process. The dynamic viscosity was assumed to be independent 

from cell growth and that of water at 30 °C at approximately 0.8 mPa s. The aeration rate 

was set at 100 m³ h-1 and the volume 1 m³. The Reynolds number is calculated for the 

lowest stirrer speed at 99 rpm and Froude number for the highest stirrer speed at 199 rpm 

(worst case scenarios): 

𝑅𝑒 =
(0.25 𝑚)2 ∙ 99

60 𝑠 ⁄ ∙ 1017 
𝑘𝑔

𝑚³
⁄

0.8 ∙ 10−3  
𝑘𝑔

𝑚 ∙ 𝑠⁄
= 1.31 ∙ 105 (12.1) 

𝐹𝑟 =
(199

60 𝑠 ⁄ )
2

∙ 0.25 𝑚

9.81 𝑚
𝑠2⁄

= 0.28 (12.2) 

𝑤𝑖𝑡ℎ   0.07 ∙ (
0.95 𝑚

0.25 𝑚
)

3

= 3.84 > 0.28 (12.3) 

The stirrer has a diameter of approximately 0.25 m resulting in a stirrer diameter to reactor 

diameter ratio (𝑑/𝐷) of 0.25. Furthermore, there are two stirrer levels in the reactor at a 

approximate distance of 1 m resulting in a sufficient ∆ℎ/𝐷 ratio of 1.05. 

Since all conditions are for the application of equation (4.8) are satisfied, the aeration 

number and Newton number were calculated with the average stirrer speed of 149 rpm and 

with 𝑁𝑒0 ≈ 4.9.  

𝑄 =
100 𝑚³

3600 𝑠⁄

(0.25 𝑚)3 ∙ (149
60 𝑠 ⁄ )

= 0.72 (12.4) 

𝑁𝑒 = 2 ∙
4.9 + 187 ∙ 0.72 ∙ 0.28−0.32 ∙ (

0.25 𝑚
0.95 𝑚

)
1.53

− 4.6 ∙ 0.721.25

1 + 136 ∙ 0.72 ∙ (
0.25 𝑚
0.95 𝑚

)
1.14 = 2.51 (12.5) 

The Newton number can subsequently be used to calculate the power input P (equation 

(4.7)), the specific average energy dissipation 𝜀𝑇̅ and lastly we get a rough approximation 

of the mixing time 𝑡𝑀 with 𝐻𝐿 of 1.41 m. 
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𝑃 = 2.51 ∙ 1017
𝑘𝑔

𝑚3⁄ ∙ (149
60 𝑠 ⁄ )

3
∙ (0.25 𝑚)5 = 19.1 𝑊 (12.6) 

𝜀𝑇̅ =
19.1 𝑊

1 𝑚2 ∙ 1017
𝑘𝑔

𝑚3⁄
= 0.019 

𝑚³

𝑠3
 (12.7) 

𝑡𝑀 = 6 ∙ 0.95 𝑚 ∙ (0.019 
𝑚3

𝑠3 )

−
1
3

∙ (
0.25 𝑚

0.95 𝑚
)

−
1
3

∙ (
1.41 𝑚

0.95 𝑚
)

2.5

= 71 𝑠 (12.8) 

This resulting approximation of the mixing time is 71 s. This time was set und utilised as the 

mixing time in the following SDM experiments. This calculation method using dimensionless 

key figures is of course speculative and relatively imprecise. However, the calculated mixing 

time of 71s is within a realistic range for the pilot reactor. 
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12.2.4 Mixing times investigation of chapter 9.6 

Three simulations at different mixing times at 550 s, 280 s, and 70 s for the model-assisted 

investigation of the scale-dependent effects. 

 

Figure 83: Three simulations of the pilot reactor process. 1st column: tM,90 = 550 s; 

2nd column; tM,90 = 280 s; 3rd column: tM,90 = 70 s. 1st row: Offline data and simulated data 

for the sucrose and nitrogen concentration. The boundaries for ethanol production (upper 

line) and consumption (lower line) are marked in grey; 2nd row: Offline data and simulated 

data for biomass density and ethanol concentration; 3rd row: Calculated and measured 

volume and feeding rate of the simulations. 

The difference in sucrose concentrations between the two reactors decreases with shorter 

mixing times. However, the maximum ethanol concentration also decreases with shorter 

mixing times, which is different from the previous simulations. This was already indicated 

by the experimental investigation since the single bioreactor experiments (close to ideally 

mixed) produced less ethanol than the experiments in the SDM. A longer mixing time 

therefore does not fulfil the purpose of lowering the simulated ethanol concentration and 

bringing the process closer to the pilot scale. 
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