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Abstract 
 

This industrial PhD thesis examines how data collected by flow-following sensor devices can be used to 

improve large-scale fermentation processes. The focus is on developing methods that provide a spatial and 

data-based quantification of flow and mixing in large-scale bioreactors, which is information that is not 

accessible with the currently available techniques. It is well-known that important process variables, such 

as pH, substrate concentration and dissolved oxygen concentration, are not homogeneously distributed in 

large-scale bioreactors, and that this heterogeneity in many cases has a negative impact on the production 

organism and in turn on the profitability of the process. Detailed understanding of flow and mixing, together 

with the spatial distribution of variable concentrations, enables the best possible operation of a process 

given the heterogeneous circumstances, and allows for more accurate modelling, which further facilitates 

optimization, design and control of the process. 

A 580 L pilot scale stirred vessel has been extensively studied in terms of flow and mixing using the flow-

following sensor devices. The examined configurations include agitation by two types of impellers under 

various agitation intensities. Experimental data from tracer pulse experiments and computational fluid 

dynamics simulations have been applied to corroborate the findings. Based on sensor device measurements 

from this system, an automated approach to generate compartment models which describe the flow in the 

vessel has been developed. The compartment model has been further expanded to automatically adapt to 

changes in the velocity field and volume in time, which makes it suitable for fed-batch fermentations, which 

is the most common type of fermentation in the industry. The capability of the automated compartment 

model approach is demonstrated in a 600 m3 bubble column bioreactor, in which the flow model has been 

coupled with a kinetic model to study concentration gradients. In addition to the developed methods, the 

thesis provides the necessary background to understand the strengths and weaknesses of the technology and 

provides an overview of the current state of sensor devices for measurement of gradients in large 

bioreactors.  
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Resumé 
 

Denne erhvervs Ph.d.-afhandling undersøger hvordan data indsamlet af strømningsfølgende sensorenheder, 

kan bruges til at forbedre fermenteringsprocesser i stor skala. Fokus er på at udvikle metoder, der giver en 

rumlig og databaseret kvantificering af flow og opblanding af store bioreaktorer, hvilket er information, der 

ikke er tilgængelig med de aktuelt tilgængelige teknikker. Det er velkendt, at vigtige procesvariabler, såsom 

pH, substratkoncentration og koncentration af opløst ilt, ikke er homogent fordelt i store bioreaktorer, og at 

denne heterogenitet i mange tilfælde har en negativ indvirkning på produktionsorganismen og dermed på 

rentabiliteten af processen. Detaljeret forståelse af flow og opblanding sammen med den rumlige fordeling 

af koncentrationerne af de vigtigste procesvariabler muliggør den bedst mulige drift af en process under de 

heterogene omstændigheder, og giver mulighed for mere nøjagtig modellering, hvilket yderligere faciliterer 

optimering, design og kontrol af processen. 

En 580 L omrørt pilotskala reaktor er blevet nøje undersøgt med hensyn til flow og opblanding ved hjælp 

af de strømningsfølgende sensorenheder. De undersøgte konfigurationer inkluderer omrøring af to typer 

omrører under forskellige omrøringsintensiteter. Eksperimentelle data fra pulseksperimenter og 

fluiddynamik-simuleringer er blevet anvendt til at bekræfte resultaterne. Baseret på måledata fra 

sensorenheder fra dette system er der udviklet en automatiseret tilgang til at generere compartment 

modeller, der beskriver strømningerne i pilotskala tanken. Compartment modellen er blevet yderligere 

udvidet til automatisk at tilpasse sig ændringer i hastighedsfeltet og volumenet over tid, hvilket gør den 

velegnet til fed-batch fermenteringer, som er den mest almindelige form for fermentering i branchen. Den 

automatiserede compartment models evner er demonstreret i en 600 m3 boblekolonnebioreaktor, hvor 

flowmodellen er blevet koblet med en kinetisk model for at undersøge koncentrationsgradienter. Ud over 

de udviklede metoder giver afhandlingen den nødvendige baggrund for at forstå styrker og svagheder ved 

teknologien og giver et overblik over den aktuelle tilstand af strømningsfølgende sensorenheder til måling 

af gradienter i store bioreaktorer.  



 

 

iv 

 

 

 

Preface 
 

The work presented in this industrial PhD thesis was carried out at Freesense ApS and the Process and 

Systems Engineering Center (PROSYS) at the Department of Chemical and Biochemical Engineering, 

Technical University of Denmark (DTU).  The project, which spanned from September 2017 to February 

2021, was supervised by university supervisors Professor Krist V. Gernaey and co-supervisor Associate 

Professor Jakob Kjøbsted Huusom, host company supervisors CEO Tue Rasmussen, former CSO Ole 

Skyggebjerg and CTO Lars Væver Petersen, and third-party supervisor Fermentation Technology Specialist 

Sjef Cornelissen, Novozymes A/S. 

The project was funded by the Innovation Fund Denmark’s Industrial PhD programme (grant agreement 

No. 7038-00056B) and Freesense ApS. 

I would like to thank my colleagues at DTU and the laboratory technicians and administration staff who 

have always made sure that the project was running smoothly. I would like to thank Sjef Cornelissen for 

sharing knowledge about industrial fermentation processes and who’s attention to details have helped me 

in developing my paper writing skills. I would also like to thank James Zahn from Dupont Tate and Lyle 

Bio Products Company for a good collaboration, support and rewarding technical discussions on large-

scale fermentations and microbiology. A huge thanks to the amazing Freesense team which has grown 

considerably over the years and has made the project possible. I am very grateful for taking part in the 

blooming of a start-up company.  

Last but not least, I would like to thank my supporting family and in particular my girlfriend, Nanna, and 

our son, Arthur, for their support and patience during the project. 

  



 

 

v 

 

 

 

Publications and posters 
 

Published journal articles 

1 Bisgaard J, Muldbak M, Cornelissen S, Tajsoleiman T, Huusom JK, Rasmussen T, Gernaey K V. 

2020. Flow-following sensor devices: a tool for bridging data and model predictions in large-scale 

fermentations. J. Comput. Struct. Biotechnol. 18:2908–2919. 

https://doi.org/10.1016/j.csbj.2020.10.004 

Submitted journal articles 

1 Bisgaard J, Muldbak M, Tajsoleiman T, Rasmussen T, Huusom JK, Gernaey K V. 2020. 

Characterization of mixing performance in bioreactors using flow-following sensor devices. Chemical 

Engineering Research and Design 

2 Bisgaard J, Tajsoleiman T, Muldbak M, Rydal T, Rasmussen T, Huusom JK, Gernaey K V. 2020. 

Automated compartment model development based on data from flow-following sensor devices. 

Chemical Engineering Journal 

3 Bisgaard J, Zahn JA, Tajsoleiman T, Rasmussen T, Huusom JK, Gernaey K V. 2020. Data-based 

dynamic compartment model: Modelling of E. coli fed-batch fermentation in a 600 m3 bubble column. 

Biotechnology and Bioengineering 

Poster presentations 

1 Bisgaard J, Skyggebjerg O, Huusom JK, Cornelissen S, Poulsen NK, Gernaey, KV. Application of 

novel free-floating sensor device: Flow characteristics in stirred vessels. Recent Advances in 

Fermentation Technology (RAFT12), 2017, Florida USA. 

2 Bisgaard J, Skyggebjerg O, Petersen LV, Huusom JK, Cornelissen S, Poulsen NK, Gernaey, KV. 

Application of novel free-floating sensor device: Flow characteristics in stirred vessels. 5th 

BioProScale Symposium, 2018, Berlin, Germany. 

3 Bisgaard J, Tajsoleiman T, Muldbak M, Huusom JK, Rasmussen T, Gernaey, KV. Flow Following 

Sensor Devices as a Tool for Characterizing Mixing Performance in Stirred Vessels. Recent Advances 

in Fermentation Technology (RAFT13), 2019, Florida USA. 

4 Bisgaard J, Tajsoleiman T, Muldbak M, Huusom JK, Rasmussen T, Gernaey, KV. Flow Following 

Sensor Devices as a Tool for Characterizing Mixing Performance in Stirred Vessels. Nordic Process 

Control Workshop (NPCW22), 2019, Kgs. Lyngby, Denmark. 

  

https://doi.org/10.1016/j.csbj.2020.10.004


 

 

vi 

 

Table of contents 
ABSTRACT .............................................................................................................................................................. II 

RESUMÉ ................................................................................................................................................................ III 

PREFACE ............................................................................................................................................................... IV 

PUBLICATIONS AND POSTERS ................................................................................................................................ V 

INTRODUCTION ..................................................................................................................................................... 1 

1.1 SCOPE AND CONTRIBUTION ...................................................................................................................... 2 

1.2 THESIS STRUCTURE .................................................................................................................................... 3 

1.3 REFERENCES .............................................................................................................................................. 4 

FLOW-FOLLOWING SENSOR DEVICES: A TOOL FOR BRIDGING DATA AND MODEL PREDICTIONS IN LARGE-SCALE 

FERMENTATIONS ................................................................................................................................................... 5 

2.1 ABSTRACT ........................................................................................................................................................ 6 

2.2 INTRODUCTION ................................................................................................................................................ 7 

2.3 FLOW FOLLOWING CAPABILITIES ................................................................................................................... 10 

2.4 EVOLUTION OF LAGRANGIAN TECHNOLOGIES FOR BIOREACTORS ................................................................. 12 

2.4.1 CURRENT STATE OF SENSOR DEVICES........................................................................................................................ 13 

2.5 DISCUSSION ................................................................................................................................................... 20 

2.6 SUMMARY AND OUTLOOK ............................................................................................................................. 24 

2.7 REFERENCES ................................................................................................................................................... 26 

CHARACTERIZATION OF MIXING PERFORMANCE IN BIOREACTORS USING FLOW-FOLLOWING SENSOR DEVICES 32 

3.1 ABSTRACT ...................................................................................................................................................... 33 

3.2 NOMENCLATURE ............................................................................................................................................ 34 

3.3 INTRODUCTION .............................................................................................................................................. 35 

3.4 MATERIALS AND METHODS ........................................................................................................................... 37 

3.4.1 STIRRED REACTOR GEOMETRY ................................................................................................................................ 37 
3.4.2 EXPERIMENTAL CONDITIONS .................................................................................................................................. 37 
3.4.3 MIXING TIME ...................................................................................................................................................... 37 
3.4.4 SENSOR DEVICE AND MEASUREMENTS ...................................................................................................................... 38 

3.5 RESULTS AND DISCUSSION ............................................................................................................................. 41 

3.5.1 AXIAL FLOW ANALYSIS .......................................................................................................................................... 41 
3.5.2 CIRCULATION TIME ANALYSIS ................................................................................................................................. 43 

3.6 CONCLUSION.................................................................................................................................................. 47 

3.7 REFERENCES ................................................................................................................................................... 48 

AUTOMATED COMPARTMENT MODEL DEVELOPMENT BASED ON DATA FROM FLOW-FOLLOWING SENSOR 

DEVICES ............................................................................................................................................................... 50 



 

 

vii 

 

4.1 ABSTRACT ...................................................................................................................................................... 51 

4.2 NOMENCLATURE ............................................................................................................................................ 52 

4.3 INTRODUCTION .............................................................................................................................................. 53 

4.4 MATERIALS AND METHODS ........................................................................................................................... 54 

4.4.1 STIRRED REACTOR GEOMETRY ................................................................................................................................ 54 
4.4.2 EXPERIMENTAL CONDITIONS .................................................................................................................................. 54 
4.4.3 MIXING TIME ...................................................................................................................................................... 54 
4.4.4 FLOW-FOLLOWING SENSOR DEVICES ........................................................................................................................ 55 

4.5 MODELLING ................................................................................................................................................... 56 

4.5.1 DATA-BASED AXIAL COMPARTMENT MODEL .............................................................................................................. 56 
4.5.2 SIMULATION OF TRACER PULSES.............................................................................................................................. 57 
4.5.3 CFD SIMULATIONS ............................................................................................................................................... 57 

4.6 RESULTS AND DISCUSSION ............................................................................................................................. 59 

4.6.1 COMPARISON OF CFD AND SENSOR DEVICE DERIVED FLOW RATES ................................................................................. 59 
4.6.2. COMPARISON OF AUTOMATIC ZONING .................................................................................................................... 63 
4.6.3. COMPARISON OF CM-SIMULATED AND MEASURED MIXING TIMES ................................................................................ 64 

4.7 CONCLUSION.................................................................................................................................................. 67 

4.8 REFERENCES ................................................................................................................................................... 68 

DATA-BASED DYNAMIC COMPARTMENT MODEL: MODELLING OF E. COLI FED-BATCH FERMENTATION IN A 600 

M3 BUBBLE COLUMN ........................................................................................................................................... 70 

5.1 ABSTRACT ...................................................................................................................................................... 71 

5.2 NOMENCLATURE ............................................................................................................................................ 72 

5.3 INTRODUCTION .............................................................................................................................................. 73 

5.4 MATERIALS AND METHODS ........................................................................................................................... 75 

5.4.1 BIOREACTOR AND FERMENTATION .......................................................................................................................... 75 
5.4.2 DESCRIPTION OF THE BIOCATALYST USED FOR PRODUCTION OF 1,3-PROPANEDIOL ........................................................... 76 
5.4.3 MIXING TIME OF A CHEMICAL TRACER ...................................................................................................................... 77 
5.4.4 MEASUREMENT OF VARIABLES ............................................................................................................................... 77 

5.5 MODELLING ................................................................................................................................................... 80 

5.5.1 DYNAMIC COMPARTMENT MODEL ...................................................................................................................... 80 
5.5.2 FERMENTATION MODELLING .............................................................................................................................. 81 
5.5.3 SIMULATIONS ................................................................................................................................................. 83 

5.6 RESULTS AND DISCUSSION ............................................................................................................................. 85 

5.6.1 MIXING ............................................................................................................................................................. 85 
5.6.2 FERMENTATION................................................................................................................................................... 86 

5.7 CONCLUSION.................................................................................................................................................. 90 

5.8 REFERENCES ................................................................................................................................................... 91 

SUMMARY AND CONCLUSIONS ........................................................................................................................... 94 



 

1 

 

 

 

 

Introduction 
  

Fermentation technology is fundamental in industrial biotechnology, which is a vast and rapidly growing 

sector dedicated to produce sustainable bio-based alternatives to chemicals, plastics, food and feed, 

detergents, paper and pulp, textiles and fuel. Industrial biotechnology is therefore expected to be a major 

contributor to the UN Sustainable Development Goals [1]. As an example, Dupont Tate & Lyle BioProducts 

produces bio-based propanediol which is used in a variety of applications such as personal care, food and 

flavors, performance polymers and many more [2]. The bioprocess for production of propanediol will be 

examined further in this thesis. Fermentation technology utilizes microorganisms of fungal or bacterial 

origin, or mammalian cell cultures, which are suspended in liquid media, which is referred to as the 

fermentation broth, inside large stainless-steel tanks, called bioreactors. The processes and the bioreactors 

are specifically designed to provide an optimal environment for the given organism by strict control of 

important variables such as temperature, pH and concentrations of substrate and dissolved oxygen [3]. 

Achieving and maintaining optimal conditions for the production organism is not trivial because 

heterogeneity in the process variables exists within these large volumes, due to a mismatch between the 

rate of mixing and the rate of microbial reactions. Heterogeneity refers to local differences in the process 

variables in the bioreactor volume and is mostly used in relation to concentration gradients. The 

heterogeneities arise when the mixing rate which is achievable by stirring or sparging of air bubbles is 

insufficient to completely homogenize the broth [4]. Continuous exposure of the production organism to 

fluctuating and sub-optimal conditions may be detrimental to the process performance and therefore the 

profitability of the process, which is crucial to ensure economic feasibility when competing with less 

sustainable alternatives. Currently, the extent of heterogeneity in many industrial bioreactors is unknown 

because it is not possible to acquire high quality spatial measurements from inside the bioreactors. 

Especially the quantification of mixing processes in large-scale bioreactors is challenging with the currently 

available techniques [5]. 

An emerging technology of flow-following sensor devices provides a promising tool for gathering more 

detailed spatial information about variables and flows in the large bioreactors. The sensor devices comprise 

of electronics and sensor technology contained in a robust shell, which allows them to get carried by liquid 

flow streams while autonomously collecting measurements from the sensors incorporated in the device. A 

couple of research groups have been developing such sensor devices for the application in bioprocesses, 

but they have not been designed to withstand the conditions in large-scale fermentations in industrial 

biotechnology, which include steam sterilization and high intensity agitation [6–10]. Freesense ApS has 

recently developed a sensor device to meet the harsh conditions of large-scale fermentations, which 

complies with the food regulation requirements of FDA and EU. 

Chapter 1 
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1.1 Scope and contribution 

Flow-following sensor devices for application in bioprocesses is a relatively new technology, and only a 

couple of research groups are currently working within this field world-wide. This thesis demonstrates the 

potentials that such sensor devices offer within bioprocess optimization, with a special focus on quantifying 

mixing processes in large-scale bioreactors. 

The thesis presents a set of analytical and simulation methods based on data from flow-following sensor 

devices, which can be used to optimize large-scale fermentation processes. The principal contributions of 

the thesis are: 

• Introduction of a set of analytical methods based on measurements of hydrostatic pressure collected 

by the sensor devices, which enable the derivation of flow features that provide a more detailed 

representation of mixing processes in bioreactors. The features include the axial distribution, the 

axial velocity profile, and the circulation time distribution of the sensor devices. 

• Introduction of the mean circulation time obtained from the circulation time distributions which 

appear to be a superior measure for macromixing in bioreactors with turbulent flow conditions, 

compared to the widely used terminal mixing time determined from homogenization of a chemical 

tracer.  

• Exploitation of the determined axial velocity profiles in a framework for automatic generation of 

flow models of bioreactors, in the form of compartment models. The developed framework 

employs two methods to generate a representation of the bioreactor volume, which comprises of a 

network of axial compartments with bidirectional flow rates between them.  

The methods are: 

o a method to derive volumetric flow rates between a fine initial grid of compartments, based 

on the linear axial velocities of sensor device and the bioreactor area. 

o a method for automatic zoning, which combines the initial compartments based on a 

proposed criterion for detecting well-mixed zones: the ratio of volume to flow rate in the 

compartments, introduced as the critical local residence time. 

• Introduction of a dynamic compartment model, which include a discrete set of compartment model 

update steps that serve the purpose of updating the total volume and inter-compartment flow rates 

of the model in time. Hence, the dynamic compartment model allows for detailed modelling at the 

different timescales involved in the widely used fed-batch process. 

• Demonstration of the application of the model framework in the study of a large-scale bubble 

column. The demonstration shows how the model can be used to identify the presence of 

concentration gradients in the bioreactor and how to quantify their impact on the process 

performance. 
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1.2 Thesis structure 

The thesis consists of six chapters, of which one has been published as an article in a scientific journal 

(Chapter 2 [11]), and three have been submitted as articles to scientific journals (Chapter 3 [12], Chapter 4 

[13] and Chapter 5 [14]).  

A brief overview of the content of the chapters are reviewed below: 

Chapter 1 – Introduction: An introduction to bioprocesses, sensor devices and the thesis itself. 

Chapter 2 - Flow-following sensor devices: a tool for bridging data and model predictions in large-scale 

fermentations: This chapter expands on the background by presenting the challenges in industrial 

fermentation processes and by providing the necessary background on flow-following sensor devices. In 

addition, the work on sensor devices carried out by other research groups is reviewed.  

Chapter 3 - Characterization of mixing performance in bioreactors using flow-following sensor devices: 

This chapter demonstrates how flow-following sensor devices can be applied to characterize mixing 

performance in bioreactors. A set of sensor device derived flow features are introduced: the axial 

distribution, the axial velocity profile, and the circulation time distribution. The flow features are presented 

for various agitation conditions in a pilot scale stirred vessel. 

Chapter 4 – Automated compartment model development based on data from flow-following sensor 

devices: This chapter introduces a method for automatic development of compartment models based on the 

axial velocity profiles derived in Chapter 3. The model predictions are compared to experimental data 

collected under various agitation conditions in a pilot scale stirred vessel. Furthermore, the results obtained 

are corroborated by CFD simulations. 

Chapter 5 – Data-based dynamic compartment model: Modelling of an E. coli fed-batch fermentation in a 

600 m3 bubble column: The compartment model approach introduced in Chapter 4 is further developed to 

automatically adapt to changes in the volume and the flow field which occur during a fed-batch process. 

The application of the expanded model is demonstrated in a large-scale fermentation process producing 

1,3-propanediol using a genetically modified E. coli K-12. The flow model is coupled with kinetic models 

to examine potential heterogeneities in the bioreactor. 

Chapter 6 – Summary and conclusions. This chapter wraps up all the sub-conclusions from the previous 

chapters and provides perspectives for the sensor device technology along with suggestions for future work 

within the field. 
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2.1 Abstract 

Production-scale fermentation processes in industrial biotechnology experience gradients in process 

variables, such as dissolved gases, pH and substrate concentrations, which can potentially affect the 

production organism and therefore the yield and profitability of the processes. However, the extent of the 

heterogeneity is unclear, as it is currently a challenge at large scale to obtain representative measurements 

from different zones of the reactor volume. Computational fluid dynamics (CFD) models have proven to 

be a valuable tool for better understanding the environment inside bioreactors. Without detailed 

measurements to support the CFD predictions, the validity of CFD models is debatable. A promising 

technology to obtain such measurements from different zones in the bioreactors are flow-following sensor 

devices, whose development has recently benefitted from advancements in microelectronics and sensor 

technology. This chapter presents the state of the art within flow-following sensor device technology and 

addresses how the technology can be used in large-scale bioreactors to improve the understanding of the 

process itself and to test the validity of detailed computational models of the bioreactors in the future. 
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2.2 Introduction 

Fermentations in bioreactors form the core technology of a huge and rapidly growing market, which is 

supplying products such as amino acids, organic acids, polymers, enzymes, vitamins, antibiotics, 

biopharmaceuticals, and starter cultures for food production [1]. Most of the production is carried out in 

submerged fermentations, which are broths consisting of growth media and a given production 

microorganism of bacterial or fungal origin or a mammalian cell culture. The broth is contained in large 

stainless-steel bioreactors, ranging from 20 m3 to 2000 m3 [2], whose purpose it is to provide an optimal 

and axenic environment for the cells to grow and produce. Together with the appropriate mixture of 

nutrients and availability of molecular oxygen (for aerobic processes), specific values for physical 

parameters such as pH and temperature are crucial for an optimal environment. Therefore, the bioreactor is 

purposefully designed to ensure mixing of the broth, to ensure efficient gas-to-liquid mass transfer for 

oxygen, and to guarantee efficient heat removal [3]. During aerobic growth, the temperature rises because 

metabolic heat is released. The growth also leads to a rise in oxygen consumption by the cells which 

increases the overall oxygen demand in the bioreactor. In addition, metabolites altering the pH of the broth 

may be produced. All these changes must be counteracted by a proper control system. Additionally, most 

industrial fermentation processes are run in fed-batch mode [4], which means that a substrate solution is 

fed to the broth at a controlled rate, such that one substrate component is growth rate limiting. The advantage 

of this approach is that the reaction rate can be controlled using the dosing rate to avoid engineering 

limitations with respect to cooling and oxygen transfer and to avoid by-product formation [4]. 

Measurements from sensors in the bioreactor such as temperature, pH and DO sensors and offline samples 

from fixed sample ports, are typically taken at only one point in the bioreactor [5]. This is of concern 

because it is technically infeasible to obtain ideal mixing in large-scale bioreactors. Hence, due to an 

interplay between the rates of mixing, mass transfer and microbial reactions, such as substrate consumption 

and growth rate, heterogeneities exist within the bioreactor. Measuring or taking samples from a single 

specific point in the reactor are therefore strategies that are likely to be non-representative for the entire 

reactor volume. The heterogeneities may affect process performance because the cells experience 

fluctuations between favorable and unfavorable environments during their trajectories in the bioreactor. 

These environmental fluctuations can lead to a decreased product yield, reduced volumetric productivity 

and/or decreased product quality compared to products obtained from operation of smaller-scale 

bioreactors, in which the process has been developed and piloted [6,7].  

The presence of gradients of important process variables, such as substrate concentration and DO 

concentration, have been demonstrated by measuring or extracting samples from multiple locations in large-

scale bioreactors [8–10] using custom built sensor fixtures or sampling systems [11]. Nowadays, however, 

most knowledge of heterogeneity in large-scale bioreactors is obtained through computational methods, 

such as computational fluid dynamics (CFD) models together with kinetic models or advanced cell models 

[12]. These models offer a more detailed understanding of the relevant phenomena in the bioreactor 

environment than the local measurements [13]. However, high-quality experimental data is fundamental to 

make rational model assumptions and to validate these models, but only a handful of such data-sets from 

large-scale bioreactors are available in the scientific literature [14]. This is a concern as CFD studies of 

large-scale reactors provide little [10,15,16] or in some cases no experimental validation [17–19]. Since the 

pioneering work by Lapin et al [20], the Euler-Lagrange approach has been used to simulate environmental 

fluctuations from the perspective of a microorganism, or more precisely a group of microorganisms. By 

simulating microorganisms as particles, it is possible to extract time series of a variable of interest, such as 

substrate concentration or DO concentration, associated with the trajectories of the particles. The extracted 

time series, which can be interpreted as the microorganisms perception of the variation of given variables 
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in time, are referred to as lifelines [20], and can be statistically analyzed to provide a comprehensive insight 

of the environmental fluctuations experienced by the microorganisms [15].  

The same trend of studying fluctuating environments through particles is present within measurement 

technology, where a new generation of Lagrangian measurement techniques, the autonomous, instrumented 

and flow-following sensor devices, are emerging. Generally speaking, Lagrangian measurement techniques 

make use of particles, which are embedded into the flow itself and carried along with the agitation or 

convection induced fluid motion [21,22]. Compared to established Lagrangian measurement techniques, 

such as positron emission particle tracking (PEPT) and computer-aided radioactive particle tracking 

(CARPT), the sensor devices are particularly suitable for bioreactors because of their ability to 

autonomously measure and store/transmit data which significantly simplifies the experimental procedures. 

Moreover, the sensor devices are equipped with one or more sensors to measure variables, such as 

temperature, pH, DO, etc. In addition, sensors that provide information about the position of the sensor 

device may be integrated. A simple example of position tracking is a pressure sensor that provides 

information about the immersion depth [23], thus allowing for analysis of the bioreactor environment in 

both space and time. As an example of the concept, Figure 2.1 illustrates a heterogeneous steady state 

bioreactor, with a gradient of some arbitrary variable representing a compound that is continuously added 

at the top and consumed within the reactor. 

 

Figure 2.1. Illustration of the use of sensor devices in a large-scale stirred tank bioreactor. The sensor devices will be 

carried around with the liquid flow and measure relevant variables that potentially represent what microorganisms 

would experience when travelling throughout the volume. The measured values may deviate from the normal operating 

range in certain zones of the reactor volume. 

 

In such a system, the fixed sensor measures a steady value around the setpoint, while the sensor devices 

move to zones where the variable concentration could be critically high or critically low. This means that 

the variable concentration deviates from the normal operating or quality range in certain zones of the reactor 

volume, which could represent a major quality concern. Sensor devices may therefore serve as a process 

analytical technology (PAT), to monitor critical process parameters (CPPs) during pharmaceutical 

manufacturing. 

The aim of this chapter is to present the state-of-the-art within sensor device technology, and to discuss 

how this emerging technology can be applied in large-scale bioreactors to gather detailed spatio-temporal 
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information and how this information can be merged with computational models that have been developed 

for large-scale bioreactors. 

The chapter is organized as follows: Section two extends the introduction with some considerations about 

flow following capabilities, which are important when sensor devices are used to examine flows or when 

the measurements are interpreted as what the microorganisms experience. Section three presents the 

development of Langrangian technologies leading to the state-of-the-art flow-following sensor devices, 

while addressing some advantages and limitations of the different technologies. Section four contains a 

discussion on the application of flow-following sensor devices in large-scale bioreactors and how they 

synergize with current state of the art CFD models. Finally, a summary of this review chapter is provided 

combined with an outlook towards future development of the technology. 
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2.3 Flow following capabilities 

Recent CFD studies of large-scale bioreactors have shown a considerable interest towards understanding 

the fluctuations in process variables that the microorganisms may experience in the reactors [15,17–19]. It 

is therefore also obvious to interpret measurements from Lagrangian techniques as if they were 

microorganisms moving around with the liquid streamlines in the bioreactor. Lagrangian techniques have 

also proven useful in studies of flow and mixing [24–28], especially the Lagrangian techniques which are 

appropriate for the use in large-scale bioreactors [26]. No experimental approaches are readily available to 

study the flows in large-scale bioreactors in detail [29] and the knowledge about mixing is often limited to 

the mixing time [22]. Exactly how the information obtained by Lagrangian techniques can be used to study 

flow and mixing in bioreactors may vary with the individual technology. These methods will be covered 

when introducing the Lagrangian technologies in the following section. However, for any of these 

applications to be justified, the particles must exhibit flow following behavior. Lagrangian techniques 

having this trait are also known as flow-followers. 

The Lagrangian particles behave more like the liquid when they are neutrally buoyant, i.e. when the density 

of the particles is equal to the surrounding liquid. However, the condition of neutral buoyancy poses a 

problem in aerated bioreactors, where the apparent density of the gas-liquid dispersion is reduced when air 

is introduced. The apparent density of the gas-liquid dispersion is calculated as ρapp = (1 - ε)ρl - ερg, where 

ρl is the liquid density, ρg the gas density, and ε the volumetric gas-holdup [30]. The term ερg is often 

negligible as the gas density is only a fraction of the liquid density at fermentation conditions. In such a 

system, Middleton [31] showed that flow-following particles which are large compared to the mean bubble 

size, experience the mean density of the gas-liquid dispersion, whereas flow following particles that are 

smaller than the mean bubble size, experience the liquid density. Therefore, large particles (i.e. larger than 

the mean bubbles size) that are neutrally buoyant in a liquid, will be settling with a given velocity when 

aeration is introduced in the liquid. 

Besides experiencing minimal effect from buoyancy or settling forces on the velocity, the particles must 

also be able to respond to the changes in the velocity field. If the response of the particle is too slow, the 

particle will detach from the liquid streamlines and will therefore represent the hydrodynamics inaccurately. 

Moreover, if lifeline studies are the motivation, the environment that the particle experiences will only have 

a weak relation to the environment that a microorganism would experience. The trait of being able to 

respond to changes in the velocity field can be quantified by the Stokes Number: St = τp/τf, where τp 

represents the momentum response time of a particle and τf  is some time characteristic of the flow field 

[32]. St << 1 means that the response time of the particles to changes in the velocity field is much lower 

than the characteristic time associated with the flow field; therefore, the particle behaves like the fluid, 

which is exactly what is desired for flow-following particles. On the other hand, if St >> 1, then the particle 

will have no time to respond to the fluid velocity changes and will likely detach from the fluid streamlines. 

From a practical point of view, it can be stated that the condition St < 0.1, returns an acceptable flow tracing 

accuracy with errors below 1 % [32]. A generalized form of the equation for momentum response time is 

shown in Equation 2.1 [33].  

 
𝜏𝑝 =

4

3
⋅

𝜌𝑝 ⋅ 𝑑𝑝
2

𝜇𝑓 ⋅ 𝑅𝑒𝑝 ⋅ 𝐶𝐷(𝑅𝑒𝑝)
, 

(2.1) 

 

with the Reynolds number for particles Rep defined in Equation 2.2. 
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𝑅𝑒𝑝 =

𝜌𝑓 ⋅ 𝑑𝑝 ⋅ |𝑢 − 𝑣|

𝜇𝑓
. 

(2.2) 

 

Equation 2.1 and 2.2 can be combined to obtain Equation 2.3. 

 
𝜏𝑝 =

4

3
⋅

𝜌𝑝

𝜌𝑓
⋅

𝑑𝑝

|𝑢 − 𝑣|𝐶𝐷(𝑅𝑒𝑝)
 

(2.3) 

 

Where ρp (kg/m3) and ρf (kg/m3) are the particle density and fluid density, respectively, dp (m) is the particle 

diameter, CD (-) the drag coefficient, v (m/s) the particle velocity and u (m/s) the fluid velocity [33].  

From this Equation 2.3 it is apparent that a reduction of the particle diameter leads to a reduction in the 

momentum response time and therefore a reduction in Stokes number. Hence, this is leading to the intuitive 

conclusion that smaller particles have better flow following capabilities. This becomes important with 

respect to sensor devices, which due to the incorporation of batteries, electronics and sensor technology, 

face limitations with respect to the diameter. In this case, a lower tracing accuracy may be considered 

acceptable but should be taken into consideration when interpreting the results. In contrast to a smaller 

diameter, a higher drag coefficient leads to better flow following capabilities, as this lowers the momentum 

response time and the Stokes number. The drag coefficient is associated with the contribution from particle 

shape and orientation on the hydrodynamic drag. A higher drag coefficient implies a higher drag force 

acting on the particle. The drag coefficient is not a constant, but rather a function of Reynolds number. In 

fact, the drag coefficient decreases with increasing Reynolds number, e.g. from increasing the particle 

diameter [33,34]. Nonetheless, the overall contribution from an increased particle diameter still results in a 

higher momentum response time. Increasing viscosity, on the other hand, results in a higher drag coefficient 

and an overall reduction of the momentum response time and the Stokes number. The contribution from 

drag on the flow-following capabilities makes sense as the term “flow-following” entails that the particle 

is getting dragged along with the liquid which has forces acting in the direction of the flow. 
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2.4 Evolution of Lagrangian technologies for bioreactors 

Lagrangian technologies, and more specifically sensor devices, have developed rapidly in the last decades, 

which is apparent from the timeline in Figure 2.2; the timeline highlights important developments within 

the area. Advances in nanofabrication have significantly reduced the size of integrated circuits, enabling 

the miniaturization of electronics, while advances within micromachining have led to the production of 

microelectromechanical systems (MEMS) and microsensors [35]. These technologies constitute key 

components in the state-of-the-art sensor devices, with some examples of MEMS being pressure sensors 

and accelerometers. Examples of the microsensors include certain types of pH and dissolved oxygen 

sensors. 

 

Figure 2.2. Timeline highlighting important developments in Lagrangian technologies for bioreactors.  

The application of Lagrangian sensor technologies in industrial biotechnology dates back to the late sixties 

where J. Bryant developed a radio pill for his PhD thesis in 1969 [36]. The radio pill was a plastic 

encapsulated and battery powered radio transmitter, which could be detected when the radio signal was 

picked up by a proximate antenna. The radio pill technology was later used by Fields et al. [45] to study 

circulation time distributions (CTDs) in a pilot-scale air-lift bioreactor of approximately 0.5 m3, using a 

dilute xanthan solution as the model fluid. The CTD provides more information than the mean circulation 

time, or the mixing time, as the tail of the distribution may reveal long and critical circulation times. The 

CTD is valuable when examining the residence time in fluctuating microenvironments that the 

microorganisms may be exposed to, which is exactly what is necessary to understand the effect of 

heterogeneity [46]. The air-lift type bioreactors are similar to bubble column bioreactors but contain an 

inner cylinder which divides the flow into an upwards going fraction in the middle of the reactor, and a 

downwards going fraction at the side. The diameter of the applied radio pill measured only 10 mm. The 

CTD was determined by fixing an antenna at the middle height of the bioreactor. Thereby, each circulation 

was detected in the downwards flow stream at the side, where the radio pill came close to the antenna. The 

radio pill offered several advantages compared to existing technologies; it enabled flow analysis of a system 

which could otherwise not be visualized because of opaque media, bubbles or a stainless-steel bioreactor 

wall, and it offered an alternative to traditional conductive tracers, which may alter the rheology of xanthan 

gum solutions [47].  
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The radio pill was later applied in a study of liquid circulation in an industrial bioreactor [26,37,38].  The 

examined system consisted of a 25 m3 bioreactor with a gas-liquid volume of 19 m3 which was agitated by 

two Rushton-type impellers. Antennas were placed inside the bioreactor in planar networks around the 

impellers to detect passages of the radio pill. Different circulation scenarios were thereby defined based on 

consecutive detections of the radio pills, from which the CTD and mean circulation time could be 

determined. In this study, the density of the radio pill was adjusted such that it was neutrally buoyant in 

water, while a gas-liquid dispersion was examined. Therefore, a significant part of the study was focused 

towards interpreting the data with the help of a model, which introduced several assumptions about the 

flow. Thereby, the effect from the “rate of fall”, which was determined experimentally in a glass cylinder, 

could be obtained from the gas fraction in the compartment and corrected from the CTD based on a “falling” 

probability. 

During the late eighties and early nineties, positron cameras, electronics for timing and algorithms were 

developed in order to efficiently track and process data from positron-emitting particles [48,49]. The 

technique is referred to as positron emission particle tracking (PEPT). Concurrently, a similar technology -  

computer-aided radioactive particle tracking (CARPT) - was developed and refined [50,51]. The data 

obtained from these technologies are time series of 3D coordinates which reflect the particle trajectories. 

This Lagrangian information can be used to derive valuable flow characteristics, such as the CTD, or be 

converted into an Eulerian velocity map to examine the overall flow structure in the reactors [27,28].  PEPT 

and CARPT have been used extensively in lab scale to better understand the flow in both bubble columns 

and stirred tank reactors [27,28,39,51,52]. The velocities and CTD obtained by CARPT have also been used 

to validate Lagrangian CFD predictions in a stirred tank reactor [28].  

The tracer particles used in PEPT are as small as 100 µm [53]. The small size of the tracer particles makes 

them superior in terms of flow-following capabilities compared to the relatively large radio pill. Moreover, 

with PEPT and CARPT it is possible to obtain 3D trajectories, while the radio pill can only detect 

circulations. PEPT and CARPT are therefore much more suitable for detailed flow studies compared to the 

radio pills. However, they suffer from practical implications which limits the use in large-scale bioreactors. 

First, the detection of the particles requires that the examined system is encased by detectors. Second, both 

PEPT and CARPT rely on gamma radiation which suffers an intensity loss through stainless steel and liquid. 

It is therefore unlikely that the signal can cover the entire volume of a large bioreactor. Further drawbacks 

are the special precautions that may have to be taken when working with radiation [22]. 

 

2.4.1 Current state of sensor devices 

2.4.1.1. Sensor devices without position tracking 

Sensor devices differ from the previously discussed Lagrangian measurement techniques in the sense that 

they can measure autonomously, which involves performing measurements in a controlled fashion, dictated 

by a microcontroller unit (MCU). 

Such sensor devices have been introduced in a commercial series of single parametric sensor devices named 

smartCAPS (Figure 2.3b), which are capable of measuring either temperature, pH, acceleration, pressure 

or conductivity in bioprocess applications amongst others [42]. To the best of our knowledge, there is only 

literature available on early prototypes of these products. The earliest introduced prototypes, termed smart 

particles, were spheres with a diameter of 21 mm, which were able to measure temperature and wirelessly 

transmit the data via radio frequencies. The ‘smart particles’ were presented in a study which examined the 

convective flow in a rectangular container (40 x 40 x 10 cm) consisting of 25 mm thick poly(methyl 
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methacrylate) with a cooled plate on the top and a heated plate on the bottom. Due to the fast response time 

of the temperature sensor of 0.06 seconds, it was possible to accurately describe the periodic temperature 

fluctuations measured by the sensor device. A successor to the smart particle, called smartPART, was built 

on the same concept as the smart particle, but included a three-dimensional (3D) accelerometer instead of 

a temperature sensor [54]. The research group presented a mathematical framework, which based on the 

acceleration signal enables the analysis of turbulent flow by identifying various flow structures, e.g. large 

vortex structures. This is demonstrated in a specialized mixing unit at lab-scale, which generates turbulent 

flow by two opposite counter rotating impellers [25]. The sensor device provides a simple approach to 

obtain insight on turbulent flows, as the characterization of a flow condition can be carried out in 

approximately 30 minutes and the sensor device can be used for 6 to 36 hours depending on the power 

needed to transmit the acceleration signals. This makes the sensor device very versatile compared to other 

particle tracking methods, for instance PEPT, where the activity of the produced tracer decays over time 

and tracking time may be limited to 5 hours [27]. However, the sensor device has a diameter of 25 mm, 

which in comparison to a PEPT particle in the micrometer scale, greatly limits the flow following 

capabilities and the length scale of the coherent turbulence structures which can be examined.  

With respect to the application in a large-scale bioreactor, temperature gradients are typically not expected 

in processes maintained at constant temperature, as no significant variations have been measured at different 

positions in large-scale bioreactors [9,55]. Therefore, a temperature sensor may not provide much new 

information. Information on turbulence structures, on the other hand, could provide valuable mixing insight 

as these structures are responsible for providing the energy to introduce new surface area, i.e. breakage of 

fluid elements and/or air bubbles. However, the application of the sensor devices is based on continuous 

data transmission which is not possible to maintain at any time in large-scale bioreactors, as the signal is 

dampened by the steel walls and the liquid volume. 

Another sensor device, called the Sens-o-sphere, has been developed and is currently the smallest sensor 

device with its diameter of 7.9 mm (Figure 2.3a) [56,57]. The sensor device is capable of measuring 

temperature with a response time of 7 seconds and wirelessly transmit the data to a base station, using radio 

frequencies. The relatively long response time of the temperature sensor is due to the thermal conductivity 

of the sensor device shell, as the temperature sensor is not penetrating the shell. At the moment the research 

group developing the sensor device focuses on lab-scale experiments and validation of CFD models for 

different implementation scenarios [57,58], together with the development of a localization system for the 

sensor devices based on inductive localization [59], which makes use of the wireless charging system in 

the sensor devices. Therefore, these sensor devices are not of immediate interest in large-scale applications, 

as temperature measurements are unlikely to reveal heterogeneity, as mentioned before. However, the 

sensor device may provide a non-invasive method to measure in applications where access to the process 

is limited, such as tubular reactors [56].  

A sensor device capable of measuring conductivity, pH and concentrations of potassium, sodium and 

glucose, called the bio-capsule, has been presented by Todtenberg and co-workers [43]. The bio-capsule is 

a spherical sensor device with a diameter of 44 mm (Figure 2.3c). One hemisphere is permeable to the 

fermentation broth and contains the sensors and the antenna used for data transmission while the other 

hemisphere is waterproof and contains the rest of the electronics required for operation of the sensor device. 

The device has been tested in a pilot-scale tubular glass photobioreactor containing a nutrient solution, 

where the focus was on the radio transmission. No details are presented with respect to sensor validation, 

except for the pH sensor, which was tested in reference solutions, showing voltage responses as expected 

[60]. The applied glucose sensor is an amperometric type sensor and due to the nature of the measurement 

method, reaction related mediator substances deposit on the electrode surface over time which attenuates 
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the signal. Therefore, the estimated lifetime of the sensor device is limited to two weeks [61]. Based on the 

limited details presented on the sensor package in this study, it is difficult to assess the usefulness of this 

sensor device in large-scale bioreactors. 

A recent study [44] aimed to develop a sensor device to study DO gradients in large-scale production of 

pharmaceuticals in stirred bioreactors. An electrochemical dissolved oxygen sensor was fabricated and 

integrated into a device with a diameter of 60 mm, named the bPod (Figure 2.3d). The DO sensor was tested 

in a 2 L glass vessel where a steady state sensor response was achieved after 4 seconds. The sensor device 

was finally evaluated in a 10 L lab-scale bioreactor where DO measurements from the sensor device were 

compared with measurements collected by a commercial DO probe under different DO concentrations. The 

study showed promising results for DO measurements in sensor devices. However, this early prototype still 

suffered from a significant sensor drift and a short sensor lifetime. 

 

 
Figure 2.3. Instrumented sensor devices: a) Sens-o-sphere [58]. b) smartCAPS (pH version) [42]. c) Bio-capsule [43]. d) 

bPod [44]. 

 

Sensor devices have come a long way with respect to sensors which have been miniaturized and integrated, 

which is evident from the wide range of sensors in the presented sensor devices. However, little sensor 

validation and no lifeline studies are presented by the different research groups involved in such sensor 

development, which causes doubt about the robustness of the technologies. The sensor devices rely on 

wireless transmission, which suffers from some of the same limitations as PEPT and CARPT regarding 

signal loss in large stainless-steel bioreactors. However, the technologies seem promising as process 

analytical technologies for single use bioreactors in pharmaceutical manufacturing. 

2.4.1.2 Sensor devices with position tracking 

The sensor devices presented in the previous section provide time series of given process variables. This 

information can be used to investigate the fluctuations in these process variables that microorganisms may 

encounter during their trajectories in the bioreactor, similar to information obtained from Euler-Lagrange 

simulations. However, no information about the trajectory itself is obtained which can complicate the data 
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interpretation, especially regarding the flow following capabilities of the sensor devices, considering their 

relatively large size and possible inaccurate density. Hence, the sensor device may be spending most of its 

time in the bottom or the top of the liquid which cannot be inferred from the measurements. 

This problem has been solved by Thiele et al. [41] who have developed a sensor device for application in 

biogas digesters and wastewater treatment plants, which is capable of measuring temperature, pressure and 

3D acceleration. In contrast to other developed sensor devices which are spherical, this sensor device has a 

cylindrical geometry (Figure 2.4a). The advantage of this sensor device is the pressure measurement, which 

has been used to derive the immersion depth of the sensor device using Pascal’s principle: Δh = ΔP/(ρg), 

with Δh (m) being the immersion depth or the height of the fluid column above the measurement point, ΔP 

(Pa) is the hydrostatic pressure, ρ (kg/m3) is the fluid density and g (m/s2) is the gravitational acceleration 

[23]. The sensor device also differs from other sensor devices with respect to data collection strategy, which 

in this case focusses on storing the data internally rather than immediately transmitting it. Offline data 

collection may be the only option in large-scale bioreactors because wireless transmission through lossy 

transmission channels, such as metallic barriers, liquid conductivity, multiphase fluid and long distances, 

are currently infeasible. Since the original prototype, the sensor device has been further developed by the 

research group and has been equipped with a 3D magnetometer, 3D gyroscope and a buoyancy control unit 

[62]. The buoyancy control unit consists of an electronically controlled piston, which can rise to increase 

the volume of the sensor device and thereby reduce its density. With the buoyancy unit, the density can be 

adjusted automatically in stagnant process fluids, which therefore eliminates the need for disassembly and 

manual adjustment of the density. The buoyancy unit is also of importance with respect to retrieval of the 

sensor devices from a process. The sensor devices can be programmed to lower their density after a period 

of time, whereby each device floats to the liquid surface for retrieval. An offset in the density of 6 % was 

found to force the sensor device to the liquid surface in fully turbulent flows [62]. This feature is very 

relevant for continuous fermentations run in an open and non-axenic way, while most axenic processes in 

industrial biotechnology applications are run as fed-batch processes. Here, the sensor device could 

potentially be collected by a filter in the outlet stream after the process has been ended. 

Reinecke et al. from the same research group showed that axial residence profiles derived from the 

immersion depth of the sensor device can provide valuable information about the homogeneity in 

bioreactors. They showed that by changing the impeller clearance from 0.2 m to 0.324 m in a 1 m3 model 

fermenter with a highly viscous straw suspension, the homogeneity and axial dynamics in terms of axial 

velocity improved [23]. Similar results were shown in a pilot biogas digester of similar size, where better 

homogeneity could be obtained with roughly the same power input by increasing the impeller diameter and 

reducing the rotation speed [63].  

The accelerometer was used to examine tendencies in the flow dynamics and to determine collisions of the 

sensor device with the impeller, which was detected by a peak in the acceleration measurements. It was 

demonstrated that the CTD could be determined from either the pressure measurements or the acceleration 

measurements [23]. In the case of acceleration, the frequency of the peaks was considered equal to the 

circulation time. The pressure approach utilized an arbitrary plane (of immersion depth). A circulation was 

then defined as consecutive intersections of the sensor device trajectory with this plane [23]. The approach 

to determine circulation time via measurements of hydrostatic pressure could in principle be used to 

determine the circulation rates between and inside the specific axial zones by modifying the location of the 

detection planes. Reinecke et. al compared and found good agreement between the average circulation times 

obtained by the sensor devices and the circulation times predicted by CFD simulations in a pilot-scale 

bioreactor. In this case, the sensor device was simulated as a dispersed phase using the Euler-Euler approach 

and the circulation time was derived from the streamlines [64]. The research group also proved that this 
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concept could be applied to aerated bioreactors, by examining and comparing axial residence profiles and 

circulation times between a bubble column reactor and an air-lift reactor. A circulation time based analysis 

of the Peclet number, which describes the ratio of advective flow to diffusion, showed that a higher degree 

of back mixing was present in the bubble column reactor while the air-lift reactor was dominated by 

advective flow, which is expected from the enforced axial flow direction [63]. 

The magnetometer has been applied in the study of circulation times in a large 30 m3 pilot oval biogas 

digester. Measurements of the magnetic field enabled the sensor device to occasionally determine its 

position when it was in the proximity of a local position marker [24]. The research group is currently 

working on applying magnetic fields for data transmission and for expanding positioning with radial 

components [65,66].  

The use of sensor devices has also been validated in a real process, consisting of a 2077 m3 activated sludge 

basin at a wastewater treatment plant [63]. The sensor devices were successfully density adjusted and 

retrieved using the automated buoyancy control. The activated sludge basin was analyzed with respect to 

flow behavior in terms of axial velocity and inertial measurements, as well as thermal characteristics [63].  

Another commercial sensor device is Fermsense 3D developed by Freesense ApS [67,68]. This spherical  

sensor device with a diameter of 45 mm (Figure 2.4b) is currently being commercially applied in a data-

based mapping service of industrial fermentation processes [69]. FermSense 3D has recently been 

successfully deployed in an industrial scale bubble column, where temperature and pH were measured and 

linked to a pressure derived axial position over the duration of an entire E. coli fermentation [55]. The 

measurements revealed that no thermal gradients were present, but minor transient fluctuations were present 

in the pH in the lower part of the bioreactor due to the location of the ammonia gas addition [55]. 

 

 
Figure 2.4. Sensor devices with axial position tracking: a) Sensor particle [62]. b) Fermsense 3D [69]. 

The key features of the technologies reviewed in this section are summarized in Table 2.1.  
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Table 2.1. Overview of the sensor devices which have been developed for specific use in biotechnology applications. 

 

*Not from peer reviewed literature. 

** Volume equivalent particle diameter (cylinder) 

  

Name Diameter Measured variables Derived variables References 

Sens-o-sphere 7.9 mm • Temperature • Spatially 

resolved 

variables 

[57,70] 

smartCAPS 25 mm • Single variable 

quantified (temperature, 

acceleration, pH, 

conductivity or pressure) 

• Spatially 

resolved 

variables 

• Hydrodynamic 

signature 

[42]* 

[25,71] 

Bio-capsule 44 mm • Potassium concentration,  

• Sodium concentration 

• Conductivity 

• pH 

• Glucose concentration 

• Spatially 

resolved 

variables 

[43,61] 

bPod 60 mm • Dissolved oxygen • Spatially 

resolved 

variables 

[44]* 

Sensor particle 52.8 mm** • Temperature  

• Pressure 

• Acceleration 

• Magnetic field 

• Spatially 

resolved 

variables 

• Circulation time 

• Axial position 

• Axial velocity 

•  

[41,62,72] 

FermSense 3D 45 mm • Temperature 

• pH 

• Acceleration 

• Pressure 

• Spatially 

resolved 

variables  

• Flow patterns 

[68,73]* 
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The Stokes numbers for the reviewed sensor devices as a function of the characteristic time for flow in 

water and two common fermentation viscosities are shown in Figure 2.5 [16]. 

 

Figure 2.5. Stokes number as a function of the characteristic time for the reviewed sensor devices. The relationship is 

presented for water (0.001 Pa s) and for a low (0.01 Pa s) and a high viscosity (0.1 Pa s) fermentation. The figure serves as 

a comparison of how the diameter of the sensor devices and the fluid viscosity affects the flow following capabilities. The 

presented values are only rough estimates as the velocity of the sensor devices compared to the fluid is assumed to be 

constant, at 0.05 m/s. In addition, perfect buoyancy (ρp/ρf) = 1 is assumed.  

The Stokes number is calculated from Equation 2.1 and 2.2, with the drag coefficients estimated by 

correlations for spherical and non-spherical particles by Levenspiel and Haider [74]. The estimations of the 

Stokes number in Figure 2.5 only exemplify the effects of diameter differences and should not be taken as 

accurate predictions, as a constant particle to fluid velocity difference of 0.05 m/s is assumed, together with 

perfect buoyancy (ρp/ρf) = 1.  

The time scale, i.e. the characteristic time, of the phenomena that the sensor devices can accurately represent 

are drastically reduced with reductions in the sensor device diameter and increases in the viscosity. Because 

of the drag coefficient, the effect of increased diameter is greater than the proportional relationship of 

particle diameter and relaxation time shown in Equation 2.3. Due to the similarities in the particle diameters, 

the Bio-capsule and Fermsense 3D show identical behaviors and it is difficult to distinguish the lines in the 

figure. The same applies to the bPod sensor device and the sensor particle. Some examples of characteristic 

times which may be of interest for sensor devices in bioreactors are the impeller diameter to tip speed ratio, 

which implies an intermediate mixing scale between turbulence and bulk mixing, or the circulation time in 

the bioreactor, which implies bulk mixing of the process [23].  

It should be mentioned that most viscous fermentation broths exhibit shear thinning behavior, which means 

that the viscosity varies spatially depending on the local shear rates in the bioreactor [16]. Therefore, the 

flow following capabilities may also vary locally. 

Sensor devices with position tracking have proven useful in the study of flow and mixing. However, the 

information that can be obtained about position is limited to the axial direction together with a few local 

reference points, e.g. the impeller or locally installed position markers. Nevertheless, the practical 

simplicity and the scalable positioning methods make them promising technologies for large-scale 

bioreactors. 
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2.5 Discussion 

The overview of sensor devices in Table 2.1 shows that a range of variables can currently be measured with 

sensor devices. Temperature sensors are present in most of the sensor devices, even though temperature 

gradients are supposedly not a big issue in large-scale bioreactors. However, it should not be ruled out that 

very viscous broths or bioreactors with poorly designed cooling systems may suffer from temperature 

gradients. The main reason that temperature sensors are so widespread is probably because the underlying 

technology is simple and inexpensive in terms of space and battery usage. Temperature sensors are usually 

also accompanying the majority of sensors by default, as temperature compensation is required for most 

sensor technologies. Several of the developed sensor devices also include a pH sensor. Measurements of 

the pH value are interesting in relation to heterogeneity because accumulation of acidic by-products during 

cell growth demands pH control, usually by addition of base [75]. Therefore, in the case of deficient mixing 

in the bioreactor, considerable transient fluctuations of pH are expected near the base addition zone, which 

have already been demonstrated using sensor devices [55]. Spatial gradients in pH have been shown to 

promote the formation of by-products and to reduce the viability of the production organism [75–77]. 

Glucose concentration and DO concentration are arguably the most important variables in relation to 

gradients, as both may be rapidly consumed at high cell growth rates and are continuously added to the 

fermenter in most industrial fermentations. Consequently, their spatial distribution depends on the mixing 

and mass transfer conditions in the bioreactor. Despite their great importance, glucose and DO sensors are 

uncommon in sensor devices. The reason is that there are considerable challenges associated with the 

technologies. One of these challenges is the response time of the sensors. In a bioreactor with axial 

velocities of up to two meters per second, as determined in a CFD study of a large-scale aerated bioreactor 

[17], a sensor response time of half a second is required to get a spatial resolution of one meter in the axial 

direction. The reported response time for the DO sensor was approximately 4 seconds [44]. No response 

time was reported for the glucose sensor, but is expected to be even longer than 4 seconds based on response 

times of currently available technologies [78]. Response times much slower than a couple of seconds render 

the sensors unsuitable for measuring differences between different zones in high velocity processes, for 

example in industrial fermentation processes, as they will merely measure an averaged contribution of the 

variable for the entire bioreactor. However, sensors with slower response times are still relevant for 

processes with lower fluid velocities, which also have a higher probability of experiencing gradients.  

Another challenge is that the most widely utilized glucose sensors are enzyme-based (glucose oxidase) [79] 

and therefore cannot undergo steam sterilization, as the high temperatures will inactivate the enzymes 

immobilized in the sensor. Steam sterilization is the most widespread approach to ensure an axenic 

environment in industrial fermentation processes, and therefore the introduction of the sensor device after 

the bioreactor has been sterilized poses a potential contamination risk to the process. 

The sensor device from Thiele et al. and the Fermsense 3D sensor device offer the possibility to link the 

measured variables to an axial position. Even though the flows in the bioreactors are highly three-

dimensional, the axial position by itself is valuable, as a significant part of the dynamics in large-scale 

bioreactors are axial, because the height to diameter ratio of such bioreactors is usually greater than two 

[10,15–19]. The axial position has also proven valuable for characterizing axial flow and to determine CTDs 

in the bioreactors. The drawback of using the hydrostatic pressure to calculate the immersion depth is that 

knowledge about the fluid density is required. The bubbles themselves do not affect the pressure 

measurements, as the total pressure inside the bubbles is equal to the pressure of the surrounding fluid. 

While the broth density is easily determined from extracted samples of the broth, the apparent density of 

gas-liquid dispersions is more difficult to estimate accurately in bioreactors [30]. This can therefore result 

in inaccuracies of the calculated immersion depth by Pascal’s principle. For example, in a situation where 

the apparent density of the fluid is estimated to 800 kg/m3, but the actual apparent density is 900 kg/m3. 
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From Pascal’s principle it follows that for a given measured pressure difference, Δhactual = 

Δhestimate(ρestimate/ρactual). Therefore, the estimated height of the fluid above the sensor device, i.e. the 

immersion depth of the sensor device, is 1.125 times greater than the actual height of the fluid above the 

sensor device. Correspondingly, the velocities obtained from the derivative are inaccurate by a factor of 

1.125. This also means that the total error will be largest at the largest pressure difference, i.e. when the 

sensor device is furthest away from the reference pressure at the liquid surface. 

In addition, the apparent density may vary locally, e.g. over the liquid height of the bioreactors. This could 

especially be the case in tall bubble column bioreactors. Here, the gas expansion and changing equilibrium 

between bubble coalescence/break-up with hydrostatic pressure, affects the superficial gas velocity and the 

gas hold-up. The actual extent of occurrence of gas hold-up gradients in large bioreactors is uncertain, but 

CFD simulations show variations of the gas hold-up from 18 % – 24 % in the majority of the volume in a 

125 m3 bubble column reactor, while a greater difference exists when including zones in the vicinity of the 

top and bottom [19]. This means that a measured pressure difference of 7500 Pa may correspond to a change 

in axial position of approximately one meter for the lower part of the reactor where the gas hold-up is 24 

%, while the same pressure difference corresponds to a change in the axial position of 0.93 meters at the 

upper part of the reactor where the gas hold-up is 18 %. 

Accurate axial flow characteristics and CTDs can be directly compared to, and serve as validation, for CFD 

simulations with particle tracking. The current sensor devices are still limited in terms of important 

variables that can be measured, such as concentrations of substrates, products of by-products. CFD models 

which may have been validated by the axial flow profiles, CTDs or even DO profiles obtained from sensor 

devices could be used to model some of these variables that are challenging to measure. The technologies 

can therefore synergize to provide a better understanding about gradients in general and their impact on the 

production organisms. To the best of our knowledge, no studies that compare sensor device measurements 

with CFD simulations have been published thus far, besides the comparison of circulation times obtained 

by sensor devices and CFD simulations by Reinecke et al. [63]. In the future, more studies concerning CFD 

modelling of large-scale bioreactors could greatly benefit from comparisons with sensor device 

measurements. 

An extension of the axial position with the two radial components (i.e. 3D positioning) is required to also 

be able to examine gradients in the radial direction. This is relevant because the addition of substrate, 

acid/base or even oxygen may be located somewhere away from the center axis. The three-dimensional 

trajectories are also the ideal input for validation of CFD models. However, a 3D positioning system has 

not yet been realized for large-scale bioreactors as the stainless-steel tanks and the turbulent opaque broths 

with a large fraction of dispersed gas prevent visibility and seriously limit transmission options. Inertial 

navigation systems (INS) based on measurements of acceleration and angular velocities in three dimensions 

using MEMS sensors have been studied in detail for applications such as pedestrian navigation and 

unmanned drone technology [80–82]. This type of positioning system is interesting because the position 

can in theory be derived from on-board sensors. The position and absolute rotation from an initial state can 

be obtained through double integration of acceleration and integration of angular velocity, respectively. 

However, in practice the MEMS sensors are subject to non-linear noise, which if integrated, quickly 

accumulates to large errors in the position, making the estimates valid for short periods of time only. 

Buntkiel et al. have proposed to use an INS in bioreactors with the sensor particle (Table 2.1) with additional 

inputs from a magnetometer and the pressure sensor to the positioning system [83]. The system has shown 

to produce accurate results in an experimental setup, but is yet to be investigated in situ (i.e. for sensor 

devices circulating in bioreactors) [65,83]. A concept which combines the INS with radio frequency time-

of-flight measurements has also been proposed for the use in large-scale biogas reactors. The position can 
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be determined using radio signals when the sensor devices are at the liquid surface, while the INS takes 

over once the sensor devices are submerged. When the sensor devices rise to the surface once again, the 

position determined by the INS can be checked against the time-of-flight measurements [84]. 

It should be mentioned that measurements of a variable in time without information about the position could 

still be relevant for the validation of lifeline studies with Euler-Lagrange simulations, i.e. with a statistical 

comparison of the trajectory measurements. However, to the best of our knowledge, such studies have also 

not been published at the time of writing. It should also be emphasized that the sensor devices presented in 

Table 2.1 are 3-4 orders of magnitude larger than the cells of commonly used production organisms. It is 

therefore expected that the sensor device’s representation of the cell trajectories is limited with respect to 

accuracy. A microorganism with a diameter of 1 μm has a Stokes number that is approximately eight orders 

of magnitudes lower than a spherical sensor device with a diameter of 45 mm, when the viscosity is equal 

to that of water. This means that the microorganisms will practically behave as the liquid in the bioreactors. 

While this is not true for sensor devices, they are generally able to follow the bulk circulation flows. It can 

be seen from Figure 2.5 that under high viscosity conditions, flow tracing accuracy errors of less than 1 % 

can be obtained for circulation times > 10 s. This is the case even for the largest sensor devices. Viscous 

processes with high characteristic times because of low velocity fields or large volumes are therefore ideal 

systems for macroscopic sensor devices. Specific types of bioreactors, such as biogas digesters, fit this 

profile well with even higher viscosities than exemplified in Figure 2.5. Reinecke et al. demonstrated that 

the relatively large sensor device (sensor particle, Table 2.1), should be able to follow the circulation flows 

with an error that is less than 1 %, even in a model system at pilot scale [23]. An acceptable tracing accuracy 

(St < 1) may still be obtained for most circulation flows with circulation times > 5 s by the large sensor 

devices in Table 2.1, in the worst case of water-like viscosity. Still, there should be continued motivation 

towards reducing the size of the sensor devices to improve accuracy for a wide range of processes, 

especially when interpreting the measurements from a cell lifeline perspective. Statistical analysis of 

measured variables and the determined circulation times could provide indications of the time distribution 

of microorganisms in critical zones. However, the results should be interpreted with the flow following 

capabilities of the sensor devices in mind. For example, the residence time in zones of high energy input 

may potentially be biased towards lower residence times because the flow structures in these zones are 

much smaller and will entrain the microorganisms, but not the sensor devices. 

Fermentation processes with changing density profiles could be dealt with by deploying multiple sensor 

devices with a range of densities and by interpreting several datasets corresponding to different periods of 

the process. In addition to affecting the Stokes number, the discrepancy between sensor device density and 

the fluid density also affects buoyancy of the sensor devices. As presented previously, Barneveld et al. 

measured falling velocities of the radio pill to correct the measured circulation times in a gas-liquid 

dispersion [26]. A gas holdup of 20 % resulted in a falling velocity of the radio pill of 0.27 m/s, when the 

radio pill was adjusted to be neutrally buoyant in water. As with the Stokes number, falling/rising velocity 

calculations may only serve as an initial estimate, because the drag force is not directly opposing the gravity 

when the fluid is in motion [85]. In practice, major discrepancies between the sensor device density and 

fluid density are expected to be readily visible from the axial residence times of the sensor devices. As an 

example, Reinecke et al. purposefully forced the devices to the liquid surface by introducing a density offset 

of 6 % [62]. This was confirmed by measurements of hydrostatic pressure, which showed that the sensor 

devices spent most of the time near the liquid surface. To be able to reach the surface, the rising velocity 

should exceed the dynamics in the velocity field of the flow. 

To validate the flow following capabilities of the sensor devices rather than relying on estimations of the 

Stokes number, it would be obvious to compare the derived trajectories and velocities of the sensor devices 
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with established methods, such as PEPT and CARPT, which utilize particles with diameters in the 

micrometer range. To the best of our knowledge, such studies have not yet been published. Cross-checking 

with PEPT and CARPT might not be an easy task as the macroscopic sensor devices may not be compatible 

with the same systems as PEPT or CAPRT, and vice versa. PEPT and CARPT provide accurate flow 

predictions, but the technologies are not readily scalable to large bioreactors, while sensor devices will 

suffer from inaccurate flow predictions in smaller bioreactors due to poor flow following capabilities and 

effects from boundaries, e.g. collisions with impellers, walls, baffles etc. A pilot scale bioreactor with low 

velocity field and high viscosity could prove to be a compatible system for both technologies. 
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2.6 Summary and Outlook 

Computational fluid dynamics (CFD) with coupled microbial kinetics or advanced cell models allow for 

predictions about gradients and their consequences in large-scale bioreactors. However, it is often not 

possible to demonstrate their validity with experimental data, because the access to high quality data in 

large-scale bioreactors is very limited. During production, only measurements from fixed sensors or 

samples extracted from sample ports are available, so complex custom-built sensor setups are sometimes 

developed to get a better understanding of the environment in the bioreactors. Flow following sensor 

devices offer a completely different perspective, which enables the acquisition of detailed spatial 

information in a relatively simple way. Direct measurement of variables linked to a position enables us to 

quantify potential occurrence of gradients and together with derived parameters, such as circulation time, 

this can provide the necessary input to validate the CFD models. 

The sensor devices can improve the knowledge of large-scale bioreactors by: 

• Confirming the presence and the spatial distribution of gradients 

• Determine flow characteristics of the macroscopic flow, such as circulation time and velocity field. 

• Examine the evolution of process parameters in space and time, which can be interpreted as what 

a microorganism experiences (i.e. lifeline analysis). 

With respect to confirmation of spatial gradients, there are still some limitations related to the diversity of 

the variables that can be spatially resolved. Sensor devices with DO and glucose sensors are emerging, and 

the focus here should be on improving the technologies with a faster response time and increased precision 

and/or higher accuracy.  

The determination of flow characteristics would benefit from the development of smaller sensor devices, 

leading to better flow following capabilities. Future studies that validate sensor device trajectories against 

established methods, such as PEPT and CARPT, would provide a better understanding of the limitations of 

sensor devices with different shapes and sizes. Currently, the spatial information that can be obtained is 

limited to the axial direction and the development of a more complete positioning system will enable 

characterization of the bioreactor environment in even greater detail, which can significantly improve our 

knowledge on large-scale bioreactors. The microorganism lifeline analysis will benefit greatly from both 

sensor development and improvement in the flow following capabilities. 

It is obvious that the analyses from macroscopic sensor devices are not flawless, but compared to the 

currently available methods, they are a major step towards a better understanding of the environment in 

large-scale bioreactors. The sensor devices should therefore also be applied in validating CFD models, 

which are currently considered a state-of-the-art tool for understanding large-scale bioreactors. 

Furthermore, a large quantity of a new type of data is being generated by the sensor devices. Therefore, 

novel data-processing methods are needed to fully exploit the available data from different sensor outputs 

and convert it into interpretable figures and visualizations.  

It is also worth mentioning that many of the presented sensor devices are considered prototypes, and some 

general features should be developed further for the application in large-scale bioreactors, such as 

mechanical resistance, heat resistance, chemical resistance and sampling capacity to meet the requirements 

of the production facilities. 

Many of these issues can, and will be resolved in the future, but it should be clear that these developments 

may require a considerable amount of time, before a flexible and versatile technology is available that can 
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provide spatially resolved measurements of a range of relevant parameters in large-scale reactors. The 

sensor device technology will continue to benefit from technological advances within MEMS, microsensors 

and battery technology.  
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3.1 Abstract 

A quantitative description of flow and mixing in bioreactors is necessary to assess the exposure of the 

microorganisms to suboptimal conditions, which may negatively impact key performance parameters of a 

process, such as yield and productivity. The traditional approach of quantifying mixing, by means of a 

terminal mixing time, is inadequate because it rests on the assumption that a homogeneous state is reached, 

and it provide little information on the mixing process itself. In this study, it has been demonstrated how 

flow-following sensor devices can be used to obtain detailed knowledge about the macroscopic flow in 

stirred bioreactors under turbulent flow conditions. The flow generated by common impeller types; the 

Rushton disc turbine and the pitched blade turbine, has been examined in terms of the axial flow features 

and circulation times under various levels of agitation. It was demonstrated that useful features to 

characterize the flow in the vessel, such as the axial distribution and axial velocity profile of the sensor 

devices could be obtained for the examined conditions. Based on these features it was observed that the 

flow following capabilities of the sensor devices were affected at higher impeller speeds. The mean 

circulation times determined by the sensor devices were found to be highly correlated to the mixing times 

determined from homogenization of a chemical tracer (tm = 2,…,2.8 t̅c), which demonstrates that flow-

following sensor devices can be used to quantify macromixing in bioreactors. Furthermore, the underlying 

circulation time distributions could be derived, which were found to be well described by the lognormal 

probability distribution. 
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3.2 Nomenclature 

Variable Description Unit 

B Baffle width [m] 

b Impeller blade height [m] 

C Impeller clearance [m] 

D Impeller diameter [m] 

Ds Sparger diameter [m] 

g Gravitational acceleration (9.81) [m/s2] 

Hdose Dosing height [m] 

HL Liquid height [m] 

K Number of compartments [-] 

k Compartment number [-] 

N Impeller speed [s-1] 

P Pressure [Pa] 

p Probability of presence [-] 

P Power input [W] 

Qs Impeller pumping capacity [m3/s] 

Re Reynolds number [-] 

St Stokes number [-] 

T Vessel diameter [m] 

tc Circulation time [s] 

tm Mixing time [s] 

V Volume [m3] 

v Velocity [m/s] 

z Axial position [m] 

ε̅T Specific energy dissipation rate  [m2/s3 (W/kg)] 

 

Abbreviations Description  

CFD Computational fluid dynamics  

CTD Circulation time distribution  

IP Injection point  

PBT Pitch blade turbine  

RDT Rushton disc turbine  

RMS Root mean square  

S Fixed sensor  
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3.3 Introduction 

Heterogeneity in process variables, such as pH dissolved oxygen concentration and substrate concentration 

is a well-known phenomenon in large-scale fermentation processes. Heterogeneity arises when the 

operational parameters of a laboratory or pilot scale process cannot be maintained during scale-up to 

production scale. The most commonly used parameter for scale-up of stirred bioreactors, the most widely 

used bioreactor type in fermentation and cell culture industries, is the mean specific energy dissipation rate 

(ε̅T = P / ρLV) [1]. When scaling up based on ε̅T, assuming geometric similarity and disregarding power 

input due to aeration, the following correlation between the macroscale mixing time (tm) and bioreactor 

diameter (T) can be derived, tm ∝ T2/3 [2]. This implies that the mixing time inevitably increases with scale, 

and if the mixing time is longer than the time constants of relevant cellular processes, heterogeneities in the 

form of concentration gradients are likely to occur [3]. Depending on the sensitivity of the production 

organism, exposure to sub-optimal or fluctuating conditions can have a negative impact on key performance 

parameters, such as the yield and productivity of the process [4,5]. 

Mixing performance in large-scale bioreactors is most often quantified by the mixing time, which is defined 

as the time to achieve a certain degree of homogeneity of an added tracer [6,7]. The mixing time can be 

expressed in a dimensionless form, tmN = c, where N is the impeller speed and c is a constant. An inverse 

proportionality between tm and N holds true for laminar and turbulent flow, but not in the transitional flow 

regime [8]. In practical situations, the mixing time is often measured by injection of a tracer in the form of 

an acid/base or a salt, which is added to the liquid surface, while detection occurs by means of a fixed pH 

or conductivity probe closer to the bottom of the reactor [6]. This approach to mixing suffers from numerous 

limitations. First, in a heterogenous system, the mixing time becomes both time and position dependent, 

and is therefore dependent on where the detection probe is positioned in the bioreactor. Second, the mixing 

times are usually determined in a model fluid, which is often water, at a predetermined filling level. This 

only provides a snapshot of the mixing performance at a given process time, while the majority of industrial 

fermentations are carried out as fed-batch fermentations with dynamic changes in the volume and the 

rheology of the broth. Third, the mixing time only provides information about the rate of terminal mixing, 

but it does not provide any information on how mixing occurs. It has been questioned whether a measure 

that assumes that the broth is homogenized is a suitable design parameter in heterogenous systems. A more 

suitable alternative could be a measure that ensures recirculation through a well-mixed region with such 

frequency that concentrations of the target reactants are kept within bounds along the circulation path [9].  

With this idea, the concept of circulation time (tc) becomes useful for examining the interactions between 

a well-mixed region and the corresponding circulation path. A useful way to think of the circulation time 

is as an average retention time of the liquid dispersed by, and returning to, the impeller, given by tc = V/Qs, 

with Qs being the impeller pumping capacity [2]. It has been found that tc ∝ tm and it is expected that 

multiple circulations are required before uniformity is achieved, with tm ≈ 3,…,5 tc often used as a rule of 

thumb [2,10,11]. However, it may be naive to think that this relationship applies to any bioreactor 

configuration. The definition also represents the circulation time as an averaged quantity, but in reality, a 

fluid element enters different circulation loops depending on the instantaneously encountered streamlines. 

The probability density function describing this behavior is termed the circulation time distribution (CTD) 

[1]. Adopting the idea of CTDs to the trajectory of a cell provides a useful approach to investigate 

fluctuating environments that the cell might experience. The return zone is often taken as the impeller 

region, or in the case of substrate and pH addition, as the inlet zone [6], which implies that tc → ∞ for Vzone 

→ 0. Flow followers have already proven useful for determining CTDs at large scale, where Bryant and 

Sadeghzadeh [12], Middleton [13], Oosterhuis [14] and van Barneveldt et al. [15] all have reported 

lognormal CTDs using a neutrally buoyant radio pill [1]. More recently, Reinecke et al. have reported CTDs 
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from a pilot scale vessel in viscous media, where methods that are based on autonomously collected 

accelerometer data and pressure derived immersion depth were proposed, which are far more practical than 

the radio pill [11,16]. 

The aim of this chapter is to demonstrate how flow-following sensor devices can be applied in stirred 

bioreactors to provide deeper understanding of the mixing processes. This is done by investigating flow 

characteristics, such as axial velocities and circulation times, with varying impeller types and agitation 

intensities. In contrast to earlier published studies, which have used autonomous sensor devices to study 

flows, the flows examined here are under fully turbulent conditions. In addition, a procedure to derive axial 

velocities is presented and the circulation time procedure based on hydrostatic pressure proposed by 

Reinecke et al [16], is expanded to radial impellers. The results have been compared to experimentally 

determined mixing times. 
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3.4 Materials and Methods 

3.4.1 Stirred reactor geometry 

The experiments were performed in a pilot scale stirred vessel with a truncated conical bottom. The 

geometry is outlined in Figure 3.1 together with details about the relevant dimensions. Besides the annotated 

geometries, a ring sparger with a diameter of 20 cm is located 10 cm above the bottom of the vessel.  

 

Figure 3.1. Illustration of the stirred vessel used in the study with annotations of important dimensions, locations of 

sensors and location of the injection point. Left-hand side: side view. Right-hand side: top view.  

 

3.4.2 Experimental conditions 

The examined conditions include agitation by a radial impeller (6-bladed Rushton disc turbine, RDT) and 

an axial impeller (45 ͦ 4-bladed pitched blade turbine, PBT). The PBT was of the same dimensions as the 

RDT depicted in Figure 3.1. The experiments were carried out at P/V levels of 0.02, 0.11, 0.21, 0.31 kW/m3, 

which corresponds to N = 60, 105, 130, 150 rpm in the case of the radial impeller, and N = 105, 175, 220, 

245 rpm in the case of the axial impeller. The four levels of agitation will from here onwards be referred to 

as conditions N1, N2, N3 and N4. The experiments were carried out in demineralized water at room 

temperature (ρl = 998 kg/m3). The Reynolds number of the examined conditions ranges from of Re = 9∙104 

to Re = 4∙105 and the flow is therefore expected to be fully turbulent. A working volume of V = 580 L and 

an aspect ratio of HL/T = 1 was used for all the experiments. 

 

3.4.3 Mixing time  

The pulse responses for determination of the mixing time were obtained by injection of alternating pulses 

of 50 wt% sodium hydroxide (NaOH) and 50 wt% sulfuric acid (H2SO4) in demineralized water. The system 

was buffered with 2 mM succinic acid and 2 mM malonic acid, which produces a linear pH response 

between pH 3 and 6 [17]. The pulses were added below the liquid surface at z/HL=0.7 (IP, Figure 3.1). To 

pump the acid and base, two diaphragm pumps (Xylem Flojet Model: RLF122002C) were used. Injections 

of approximately 160 mL of H2SO4 and 100 mL of NaOH were used to generate pulses of approximately 1 
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pH unit. This resulted in pumping times of 2.8 and 1.8 seconds, respectively, which were subtracted from 

the corresponding mixing time calculations. After each tracer injection, the system was allowed to stabilize 

for four minutes before the next tracer pulse was injected. After the four minutes, the tracer was considered 

completely homogenized, resulting in pH(t) = pHinf. The responses of seven pulses were captured by four 

fixed pH electrodes (Endress+Hauser CPS471D-7211) located at z/HL = 0.11, 0.38, 0.65 and 0.91. The 95 

% mixing time (tm,95) was calculated from the logarithmic root mean square (RMS) variance of the 

normalized responses from all four sensors, according to the procedure described in [18]. 

 

3.4.4 Sensor device and measurements 

The deployed flow-following sensor device (Freesense ApS, Denmark [19]) consist of a spherical polyether 

ether ketone (PEEK) capsule with an outer diameter of  43 mm. The protruding sensors contacting the liquid 

include an absolute pressure sensor, thermocouple and an ISFET pH sensor, all with sub-second response 

times [19]. An illustration of the sensor device is shown in Figure 3.2. Only measurements from the absolute 

pressure sensor were used in this study. The pressure sensor has the following specifications: a 

measurement range of 1-5 bar, an accuracy ±10 mbar (20-60 °C), a resolution of 0.38 mbar and a response 

time of 10 ms (t90). The accuracy is not critical for the experiments, as only the pressure difference between 

the sensor device and the liquid surface is of interest, which can easily be inferred from the measurements. 

A resolution of 0.38 mbar enables the detection of changes in the liquid column height above the sensor 

device of 0.39 cm, which is sufficient to resolve the 0.93 m liquid height in detail. 

 

 

Figure 3.2. Schematic of the spherical sensor device with a diameter of 43 mm. The sensor package includes an absolute 

pressure sensor, thermocouple and an ISFET pH sensor. 

 

The sensor devices were deployed to collect pressure measurements during the experiments, which were 

configured to collect measurements at a sampling frequency of 8 Hz. The mass of each sensor device was 

adjusted to 41.6 g, which was calculated based on the volume of a perfect sphere in order to match the 

density of water at room temperature (ρl=998 kg/m3). The datasets for each of the experimental conditions 

are comprised of one hour of continuous pressure measurements from four sensor devices. The pressure 

signal was filtered with a rolling median filter with a window size of 3 samples to remove unwanted spikes, 

which occurred when the sensor devices impacted with the impeller. Afterwards, the signal was smoothed 

by a three-samples rolling average filter to reconstruct a continuous profile. 
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3.4.4.1 Axial flow 

To obtain the axial position time series of the sensor devices (z(t)), the pressure measurements were 

converted by first subtracting the maximum measured pressure at the given experimental condition, 

corresponding to the bottom of the vessel, and then applying Pascal’s principle z(t) = ΔP(t)/(ρf  ∙ g), on the 

resulting pressure differences (ΔP(t)). Axial velocities (vz(t)) in the vessel were then obtained from the time 

derivative of the axial position, which results in both positive and negative velocities, corresponding to 

upwards and downwards movement of the sensor devices. The measurements were then discretized into K 

= 20 equally distributed compartments in the axial direction for further analysis. 

The axial velocities of the sensor devices were determined at the interfaces between the compartments by 

deriving linear regressions of each pair of axial position measurements, z(t) = vzt+b, assuming a constant 

velocity between the measurements. This is a reasonable assumption as the sample frequency of 8 samples 

per second is high compared to the magnitudes of the velocities in the system. The equations were solved 

for b and z(t) was replaced by a detection plane, zplane, to solve for t, corresponding to the intersection time, 

tx, if ti-1 ≥ tx ≤ ti. The axial velocities over each zplane, i.e. the slopes of the lines when t = tx, were then 

separated into negative and positive values and averaged to obtain the final average upwards velocity (v̅z,up) 

and downwards velocity (v̅z,down) over the interface planes. 

The probability of presence of the sensor devices (pz(k)) in the axial compartments (k = 1,…,K), which 

together is referred to as the axial distribution, is defined by the ratio between the time spent by a sensor 

device in the compartment and the total trajectory time (pz(k) = tk/tinf). The total trajectory time of 1 hour at 

each experimental condition is assumed to represent tinf. 

 

3.4.4.2 Circulation times 

The CTDs were determined based on the time between consecutive intersections of z(t) with a detection 

plane, using the same procedure as for determination of the axial velocities described in section 3.4.4.1. In 

the case of the pitched blade turbine, the detection plane was introduced at the center of the impeller and 

the circulation time was then defined by consecutive intersections in the same direction. In the case of the 

Rushton turbine, two detection planes were introduced: one just above the impeller blade and one below 

the impeller blade. A circulation was then defined by an intersection in one direction, followed by the 

opposite direction. An intersection in the upwards direction followed by the downwards direction 

constitutes an upper circulation loop, while the opposite intersection order constitutes a lower circulation 

loop. The two cases are illustrated in Figure 3.3. The CTD is made up of all the circulation times of the 

detected circulations at the given experimental conditions. The mean circulation time (t̅c) in the case of the 

pitched blade turbine was determined from the mean of the CTD, while the mean circulation time of the 

Rushton turbine was obtained by summation of the mean of the CTD of the upper loop and the lower loop. 

In addition, any accepted circulation was constrained by a minimum axial travel distance, corresponding to 

the diameter of the sensor device. This was done to avoid circulations close to zero due to impacts with the 

impeller or potential rotations around the intersection planes. 
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Figure 3.3. Illustration the predominant flow patterns generated by RTD (left) and PBT (right), together with the location 

of the detection planes used to determine the CTDs. 
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3.5 Results and Discussion 

3.5.1 Axial flow analysis 

In Figure 3.4, a two-minute interval of the axial movement of a sensor device is shown for both the RDT 

and the PBT with N = 105 rpm. The axial position has been normalized with respect to the liquid height. 

  

 

Figure 3.4. An example of the axial movement of a sensor device using the RDT (top) and the PBT (bottom) at N = 105 

rpm. The axial position has been normalized with respect to the liquid height. The dashed lines represent the impeller 

location. 

The figure shows that the sensor device moves in the entire liquid height, but the lowest point of the conical 

bottom is rarely visited. In the case of the RDT, the sensor device enters the same circulation loop multiple 

times, while with the PBT, it appears that the sensor device spends most of its time in the vicinity of the 

impeller. According to the iso-probability rule related to the continuity balance, a perfect tracer has an equal 

probability of being found at any point of the fluid [20]. This means that for a perfect tracer for t → ∞, a 

uniform axial distribution is expected. The axial distributions of the sensor devices in the vessel for the two 

impeller types and under the examined agitation intensities (N = N1, N2, N3 and N4) are presented in Figure 

3.5. 
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Figure 3.5. The axial distribution of the sensor devices at different liquid heights with the RDT (left) and with the PBT 

(right) and for the four examined impellers speeds (N = N1, N2, N3 and N4). The impeller location is indicated by the 

dashed line. The errorbars depict the standard deviation in pk obtained from four individual sensor devices. 

The deviation of the axial distributions presented in Figure 3.5 from a uniform distribution, shows that the 

sensor devices do not satisfy the iso-probability rule. This is expected, because macroscopic particles 

exhibit limitations with respect to adaptation to changes in velocity field of the liquid and the smallest 

possible length scales of flow phenomena in which the particle can be entrained in [21]. The flow following 

capabilities of a particle can be quantified by the Stokes number (St), which is defined as the ratio of the 

momentum response time of the particle to a characteristic time of the examined flow [22]. Flow tracers 

are generally regarded as suitable when the Stokes number is less than 0.1, which as a rule of thumb results 

in errors of less than 1.0 % [23]. Indeed, tracer particles satisfying this condition for short characteristic 

times have diameters in the microscale range [20]. Hence the sensor device does not accurately present a 

fluid particle at any point, but rather an approximation of the fluid elements of the macroscopic flow field, 

such as the circulation flow. The values of the Stokes number in the performed experiments are discussed 

further in section 3.5.2, based on the derived circulation times. The errorbars in Figure 3.5 depict the 

standard deviation in the probability of presence derived by the four deployed sensor devices. As 

demonstrated in earlier studies with sensor devices [16], the small standard deviations show that the 

individual sensor devices exhibit similar behavior and replicate measurements are almost redundant. 

From Figure 3.5, it is also evident that the sensor devices spend most of the time in zones with a strong 

flow field, i.e. at the impeller location. With the RDT the transition from a predominantly axial flow to 

predominantly radial flow is visible below the impeller at z/HL = 0.23. Here, the sensor devices are expected 

to have lower axial velocities, which means that the sensor devices stay longer in a zone from an axial point 

of view. Hence, the axial distribution is a representation of the combination of the frequency at which the 

sensor device enters a zone and the axial velocity the sensor device obtains in the zone. In the case of the 

PBT (Figure 3.5, right), a sudden decrease in pk towards z/HL = 0.7 could indicate that a secondary 

circulation loop may be present at the upper part of the vessel, which the sensor devices enter with lower 

probability. Increasing the agitation intensity seems to have little or no effect on how the sensor devices 

distribute in the vessel when the RDT is used. However, considerable changes are present in pk at the same 

liquid heights when the agitation intensity is increased with the PBT. The variation of pk with impeller 

speed when using the PBT and not the RDT can be explained by a limitation in the flow following 

capabilities of the relatively large sensor devices. Compared to the RDT, the PBT has significantly higher 

impeller speeds when the same power input is supplied to the agitator, and unlike the RDT, the flow 

dispersed by the PBT is not split into two streams. Hence, significantly higher velocities are present in the 
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zone below the PBT. The lack of changes in pk with increasing agitation intensity in the case of the RDT 

and in the upper volume of the PBT, suggests that the pk is not correlated to mixing performance when a 

terminal mixing time is considered, as the mixing time is expected to decrease proportionally to an increase 

in the impeller speed. 

Figure 3.6 shows the axial velocity field normalized by the impeller tip speed for the four agitation 

intensities for both RDT and PBT. The graphs clearly show how the velocities decrease from the well-

mixed zone around the impeller, towards zones with lazy movement and little mixing towards the top and 

bottom of the vessel. The axial velocities look as expected for the RDT, with the highest axial velocity at 

the center of the circulation nodes, and a lower axial velocity at the impeller location, where the radial flow 

is dominant. The PBT is expected to produce a flow field with high axial velocities just below the impeller. 

However, according to the sensor device measurements, this is only the case for N = N1. For flow in stirred 

vessels, the velocity field is expected to scale exactly with the impeller tip speed in the turbulent flow 

regime [24,25]. With the RDT, the normalized axial velocities are almost similar over the liquid height for 

the four agitation intensities, while the normalized axial velocities obtained with the PBT shows larger 

deviations below the impeller. The deviations are also larger around the impeller and the sparger. The minor 

deviations in v̅z/vtip around the RDT impeller and sparger, together with the larger deviations in v̅z/vtip below 

the PBT, support that the deviations exist due to inadequate flow following behavior of the sensor devices 

in high velocity zones and in zones where drastic changes in the flow field are present. 

 

 

Figure 3.6. Axial velocity profiles normalized to the impeller tip speed of the flow generated by the RDT (left) and the 

PBT (right) and for the four examined impellers speeds (N = N1, N2, N3 and N4). The impeller location is indicated by the 

dashed line. The errorbars depict the standard deviation in v̅z/vtip obtained from four individual sensor devices. 

 

3.5.2 Circulation time analysis 

A comparison between the determined mean circulation times (t̅c) and mixing times (tm) is presented for the 

two impeller configurations in Figure 3.7. As for the standard deviation of the axial distribution and axial 

velocity, the standard deviations of the mean circulation times determined by the four sensor devices were 

found to be extremely low. This shows that despite the random appearance of individual circulations, they 

have the same underlying CTD when observed over a period of time. When the characteristic times are 

taken as the determined mean circulation times, values of the Stokes Number for the circulation flow using 
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the RDT can be calculated to St = 0.2, 0.34, 0.41 and 0.46 for N1, N2, N3 and N4, respectively, and to St = 

0.33, 0.51, 0.67, 0.74 for N1, N2, N3 and N4, respectively, when using the PBT. The calculations assume a 

constant velocity difference between the sensor devices and the fluid flow of 0.05 m/s [21]. Therefore, 

higher errors than the 1.0 % (for St < 0.1) is expected, without knowing the exact correlation between the 

error and the Stokes number. The characteristic time of the meso-scale flow in the impeller region, can be 

estimated by the ratio of the impeller diameter to the impeller tip speed [16], which results in values of the 

Stokes number ranging from St = 9 at N1 with the RDT to St = 36 for N4 with the PBT. Therefore, 

considerable errors are expected near the impeller. The impacts between the sensor devices and the impeller 

are not expected to considerably impact the mean circulation times, as these were corrected for by the 

introduction of a minimum travel distance of the sensor device away from the impeller. The proportional 

relationship between mean circulation times and the mixing times is roughly satisfied, which signifies that 

the t̅c derived from sensor devices still provides a good measure for macro-mixing in the system (Figure 

3.7). 

  

Figure 3.7. The mean circulation time (circles) and mixing time (triangles) as a function of P/V for the RDT (top) and the 

PBT (bottom). The errorbars depict the standard deviation between seven pulses in the case of tm and the standard 

deviation between t̅c obtained from four individual sensor devices. 

The ratios between the tm and t̅c for the examined conditions are presented in Table 3.1. This shows that 

approximately 2 to 3 circulations are required to homogenize the vessel, which is lower than the commonly 

used tm ≈ 3,…,5 tc. Indeed, tm ≈  5 originates from studies in which circulation times were determined from 

tracer injections in a vessel, which was stirred by a Rushton impeller, and where the location of the impeller 

and tracer detection was at half of the total liquid height [26,27]. The circulations therefore represent half 

a circulation, whereas in this study, full vessel circulations are detected. Hence, the ratio between the mixing 

time and circulation time is expected to be approximately half the value. The ratios between the mixing 
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time and circulation time were found to decrease slightly with increasing impeller speed, which could be 

explained by the suspected reduction in flow-following capability at higher impeller speeds. The decrease 

in the tm/tc ratio show the same pattern as the decrease in v̅z/vtip, which suggests that the circulation times 

are slightly overestimated at the higher impeller speeds. When comparing the determined mixing time and 

circulation times from the RDT with the PBT it is evident that the PBT is more efficient for liquid mixing 

than the RDT, which conforms with the general notion of the mixing performance using radial and axial 

impellers of the same dimensions [28]. The circulation times are identical at 105 rpm for the RDT (N = N2) 

and the PBT (N = N1), which indicates that the mixing performance is determined by the impeller speed, 

independently of the impeller type. Still, the lower power number of the PBT is associated with a 

significantly lower power consumption. 

Table 3.1. Ratio between mixing time and mean circulation time (tm/t̅c) for the four agitation intensities (N1, N2, N3, N4) for 

both the RDT and PBT.  

 N1 N2 N3 N4 

tm/t̅c, RDT 2.3 2.2 2.2 2.0 

tm/t̅c, PBT 2.8 2.6 2.6 2.3 

 

The similarity in mixing performance with increasing impeller speeds is also evident from the linear 

regressions correlating the mean circulation time to the inverse of the impeller speed, presented in Figure 

3.8. Constants relating the circulation time to the impeller speed can be found to be cRDT=13.1 and cPBT=14.1. 

 

Figure 3.8. The mean circulation time as a function of the inverse impeller speed for the RDT (blue) and PBT (orange), 

together with the equations for the linear regressions. 

The sensor devices enable more detailed analysis of the mixing in the vessel through the CTDs. In the case 

of RDT, a bimodal distribution for the CTD is expected due to the presence of an upper loop and a lower 

loop, because the impeller is not located at half of the liquid height (C = 0.3). Hence, the CTDs obtained 

when using the RTD are separated into CTDs for the upper loop and for the lower loop. The CTDs for the 

RDT and the PBT are shown in Figure 3.9 and Figure 3.10, respectively. The distributions have been fitted 

with lognormal distributions, which has by previous authors been reported to describe the CTDs of flow 

followers in bioreactors [14,15].  
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Figure 3.9. CTD for the four different agitation intensities (N1, N2, N3, N4) in the case of the RDT. The CTD of the upper 

loops are shown on the left, while the lower loop is shown on the right. The circulation time measurements have been 

fitted with a continuous lognormal distribution (lines).  

 

 

Figure 3.10. CTD for the four different agitation intensities (N1, N2, N3, N4) in the case of the PBT. The circulation time 

measurements have been fitted with a continuous lognormal distribution (lines). 

The CTDs obtained from the vessel when agitated by both the RTD and PBT are well described by the 

continuous lognormal distributions. Hence, the CTDs (the pdf f(tc)) can be characterized by a mean (μl) and 

a standard deviation (σl) of a normally distributed variable y (y := ln(tc)), related to tc by Equation 3.1 to 3.3 

[9]. 

 
𝑓(𝑡𝑐) =

1
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2 − 1) 

 

(3.3) 

The tail of the CTD may contain long circulation times, which from the perspective of a cell could mean 

critical time spent in a zone with harmful conditions. Impacts of such prolonged circulations are neglected 

if only the mean circulation time is considered. Hence, applying the measured CTDs or a mathematical 

representation hereof, such as the lognormal probability distribution, could be used to model the impact of 

heterogeneity, when coupled with models that describe the microbial reactions in the process. Alternatively, 
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CTDs obtained from large-scale bioreactors can be applied to mimic the conditions that the cell experience 

in a large-scale process, in an experimental setup at laboratory-scale (scale-down). For example, a setup 

with two ideally mixed reactors, where one of the reactors represents the optimal environment for the cells 

and the other represents a harmful environment. The CTDs can then be used to determine or control the 

volume ratio of the reactors or flow rates between them [1,29]. 

3.6 Conclusion 

Flow-following sensor devices were deployed to examine mixing performance in a stirred vessel with two 

different impellers under various agitation intensities. It was shown that features useful to characterize the 

flow in the vessel could be obtained based on measurements of hydrostatic pressure collected by the sensor 

devices, such as the axial distribution and axial velocity profile. These features provide useful information 

to detect zones with sub-optimal mixing conditions. A comparison of the axial distributions and the axial 

velocities for different agitation intensities, revealed that limitations were present in the flow following 

behavior of the sensor devices at high impeller speeds. This was confirmed by calculations of the Stokes 

number, when the determined mean circulation times were taken as the characteristic times. The mean 

circulation times derived from the sensor devices were found to be highly correlated with mixing times 

determined from homogenization of a chemical tracer (tm = 2,…,2.8 t̅c). Sensor devices therefore serve as 

an alternative approach to quantify macro-mixing in bioreactors, which circumvents some of the 

disadvantages of traditional tracer techniques. The average ratios of mixing time to circulation time were 

found to be 2.2 for the RTD and 2.6 for the PBT. This is lower than the commonly used rule of thumb 

which states that the system is homogenized following three to five circulations. Furthermore, it was shown 

that circulation time distributions could be determined, which were well described by lognormal 

distributions, which has also been reported to be the case in earlier flow follower studies. The circulation 

time distributions enable detailed modelling and experimental design to evaluate the impact of prolonged 

or fluctuating exposure of the cells to harmful conditions in bioreactors. 
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4.1 Abstract 

Due to the heterogeneous nature of large-scale fermentation processes they cannot be considered as ideally 

mixed reactors. Flow models are therefore necessary to accurately represent this heterogeneity. 

Computational fluid dynamics (CFD) has been increasingly used to derive flow fields for modelling of 

bioprocesses, but the computational demands associated with simulation of multiphase systems coupled 

with biokinetics still limits their wide applicability. Hence, a demand for simpler flow models persists. In 

this study, an approach to develop data-based flow models in the form of compartment models is presented, 

which utilizes axial flow rates obtained from flow-following sensor devices in combination with a proposed 

procedure for automatic zoning of the volume. The approach requires little experimental effort and 

eliminates the necessity for computational determination of inter-compartment flow rates and manual 

zoning. The concept has been demonstrated in a 580 L stirred vessel of which models have been developed 

for two types of impellers with varying agitation intensity. Evaluation of the developed models was 

performed by comparing model input and predictions with CFD simulations and experimentally determined 

mixing times. The data-based compartment model predicted the mixing time for all examined conditions 

with relative errors in the range of 12% - 30%. The deviations were ascribed to the flow-following 

capabilities of the sensor devices in a system that is considered small compared to the sensor device. The 

approach provides a versatile and automated modelling platform which can be applied to large-scale 

bioreactors without previous knowledge of the flow fields. 
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4.2 Nomenclature 

Variable Description Unit 

A Cross-sectional area [m2] 

B Baffle width [m] 

B Impeller blade height [m] 

C Impeller clearance [m] 

D Impeller diameter [m] 

G Gravitational acceleration [m/s2] 

HL Liquid height [m] 

K Number of compartments [-] 

N Impeller speed [rpm] 

P Pressure [Pa] 

Q Volumetric flow rate [m3/s] 

QCFD Flow rates obtained from CFD [m3/s] 

Qmeas Flow rates measured by sensor devices [m3/s] 

Re Reynolds number [-] 

St Stokes number [-] 

T Vessel diameter [m] 

tm Mixing time [s] 

V Volume [m] 

v Velocity [m/s] 

z Axial dimension [m] 

ρ Density [kg/m3] 

τ Local residence time [s] 

τcrit Critical local residence time [s] 

 

Abbreviations Description  

CFD Computational fluid dynamics  

IP Injection point  

PBT Pitch blade turbine  

RDT Rushton disc turbine  

S Fixed sensor  

SSE Sum of squared errors  
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4.3 Introduction 

In the biotechnological industry, models serve as an important tool to improve process efficiency and to 

provide a quantitative basis for process optimization, design, and control [1]. The environment of 

fermentation broths in industrial bioreactors is heterogeneous [2], and therefore models of microbial 

kinetics must be accompanied by liquid flow models to provide an accurate representation of the system 

[3]. These flow models are often developed based on the compartment model approach or with the use of 

computational fluid dynamics (CFD) [4].  

CFD comprises a collection of advanced modelling techniques which can provide detailed modelling of the 

hydrodynamics in bioreactors [5]. However, CFD is associated with considerable computational demands, 

which limits its wide application for simulation of fermentation processes where microbial reactions are 

considered [6]. Furthermore, predictions of multiphase and/or viscous systems, which is often the reality in 

fermentation processes, may suffer from modelling errors [6,7]. This poses a problem because the 

acquisition of spatial velocity measurements, which are needed for validation of the models, is challenging 

in industrial bioreactors [8,9]. 

Compartment modelling provides a simpler and less computational demanding approach in which flows 

are defined between a network of ideally mixed zones, called compartments. With compartment models, 

the modeler must make decisions regarding the number of compartments, the volumes of the compartments, 

the connections between the compartments and the flow rates between them. The accuracy of the resulting 

model is highly dependent on these decisions [10] and hence, unless the decisions are automated 

programmatically, the model performance depends on the experience of the modeler. The traditional 

approach to compartment models is to support these decisions by knowledge from gross flow patterns, 

which have been extensively studied [11], and calculate the flow rates between the compartments with 

empirical correlations and global quantities, such as dimensionless flow numbers. Models of this type have 

been developed for both stirred tank bioreactors and for bubble column bioreactors [4,8,12,13] and have 

shown to provide reasonable predictions of mixing in the case of unaerated and aerated stirred bioreactors 

[4,8]. The empirical nature and the use of global quantities in this approach makes it difficult to accurately 

determine the flow rates between adjacent compartments in the entire flow field, and the adaptability of the 

models to various bioreactor configurations is limited. A more recent approach is to compute the flows 

from the velocity fields obtained by CFD simulations with different zoning approaches of varying 

complexity [6,10,14,15]. This enables trading off reduced model accuracy against a shortened computation 

time. However, CFD-based compartment models still inherit the previously mentioned limitations of CFD 

with respect to challenges with multiphase and viscous systems, and the lack of validation of the models in 

industrial bioreactors. A third option is an entirely data-based approach, which will be presented in this 

chapter. The approach is enabled by the Lagrangian measurement technology of flow-following sensor 

devices which have been introduced in earlier studies as a practical method to obtain axial velocity fields 

from bioreactors [9]. These axial velocity fields can be exploited in the development of compartment 

models. 

The contribution of this chapter is a methodology for developing compartment models based on axial 

velocities derived from pressure measurements collected by flow-following sensor devices. The 

methodology includes two features: determination of inter-compartment flow rates and automated zoning 

based on these flow rates. The validity of the fundamental assumption for determining the flow rates 

between the compartments is corroborated by results from CFD simulations, and compartment model 

predictions of mixing times are compared against experimental data.  
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4.4 Materials and Methods 

4.4.1 Stirred reactor geometry 

The experiments were performed in a pilot scale stirred vessel with a truncated conical bottom. The 

geometry is outlined in Figure 4.1 together with details about the relevant dimensions. Besides the annotated 

geometries, a ring sparger with a diameter of 20 cm is located 10 cm above the bottom of the vessel.  

 

Figure 4.1. Illustration of the stirred vessel used in the study with annotations of important dimensions, locations of 

sensors and location of the injection point. Left: side view. Right: top view.  

 

4.4.2 Experimental conditions 

The examined conditions include agitation by a radial impeller (6-bladed Rushton disc turbine, RDT) and 

an axial impeller (45 ͦ 4-bladed pitched blade turbine, PBT). The PBT was of the same dimensions as the 

RDT depicted in Figure 4.1. The experiments were carried out at P/V levels of 0.02, 0.11, 0.21, 0.31 kW/m3, 

which corresponds to N = 60, 105, 130, 150 rpm in the case of the radial impeller, and N = 105, 175, 220, 

245 rpm in the case of the axial impeller. The four levels of agitation will from here onwards be referred to 

as conditions N1, N2, N3 and N4. The experiments were carried out in demineralized water at room 

temperature (ρl = 998 kg/m3). The Reynolds number of the examined conditions ranges from of Re = 9∙104 

to Re = 4∙105 and the flow is therefore expected to be fully turbulent. A working volume of V = 580 L and 

an aspect ratio of HL/T = 1 was used for all the experiments. 

 

4.4.3 Mixing time  

The pulse responses for determination of the mixing time were obtained by injection of alternating pulses 

of 50 wt% sodium hydroxide (NaOH) and 50 wt% sulfuric acid (H2SO4) in demineralized water. The system 

was buffered with 2 mM succinic acid and 2 mM malonic acid, which produces a linear pH response 

between pH 3 and 6 [16]. The pulses were added just off the baffle at the top of the liquid (IP, Figure 4.1). 

To pump the acid and base, two diaphragm pumps (Xylem Flojet Model: RLF122002C) were used. 

Injections of approximately 160 mL of H2SO4 and 100 mL of NaOH were used to generate pulses of 
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approximately 1 pH unit. This resulted in pumping times of 2.8 and 1.8 seconds for acid and base, 

respectively, which were subtracted from the corresponding mixing time calculations. After each tracer 

injection, the system was allowed to stabilize for four minutes before the next tracer pulse was injected. 

After the four minutes, the tracer was considered completely homogenized, resulting in pH(t) = pHinf. The 

responses of seven pulses were captured by four fixed pH electrodes (Endress+Hauser CPS471D-7211) 

located at z/HL = 0.11, 0.38, 0.65 and 0.91. The 95 % mixing time (tm,95) was calculated from the logarithmic 

root mean square variance of the normalized responses from all four sensors, according to the procedure 

described in [17]. 

 

4.4.4 Flow-following sensor devices 

Flow-following sensor devices (Fermsense 3D, Freesense ApS [18]) were deployed to collect pressure 

measurements during the experiments. The sensor devices measuring 43 mm in diameter were configured 

to collect measurements at a sampling frequency of 8 Hz. The mass of each sensor device was adjusted to 

41.6 g, which was calculated based on the volume of a perfect sphere in order to match the density of water 

at room temperature (ρl=998 kg/m3). The data sets for each of the experimental conditions are comprised 

of one hour of continuous pressure measurements from four sensor devices. 

 

4.4.4.1 Processing of sensor device data 

The pressure signal was filtered with a rolling median filter with a window size of 3 samples to remove 

unwanted spikes, which occurred when the sensor devices impacted with the impeller. Afterwards, the 

signal was filtered by a three-samples rolling average filter to reconstruct a smooth profile. In order to 

obtain the axial position time series of the sensor devices (z(t)), the pressure measurements were converted 

by first subtracting the maximum measured pressure, corresponding to the bottom of the vessel, and then 

applying Pascal’s principle z(t) = ΔP(t)/(ρf  ∙ g), on the resulting pressure differences (ΔP(t)). Axial 

velocities (vz(t)) in the vessel were then obtained from the time derivative of the axial position, which results 

in both positive and negative velocities, corresponding to upwards and downwards movement of the sensor 

devices.  

Axial velocities over the compartment interfaces were isolated by deriving linear regressions of each pair 

of axial position measurements, z(t) = vzt+b, assuming a constant velocity between the measurements.  This 

is a reasonable assumption as the sampling frequency of 8 samples per second is high compared to the 

magnitudes of the velocities in the system. The equations were solved for b and z(t) was replaced by a 

detection plane, zplane, to solve for t, corresponding to the intersection time, tx, if ti-1 ≥ tx ≤ ti. In the stirred 

vessel, the value zplane corresponds to a horizontal plane representing an interface between two adjacent 

compartments. The axial velocities over each zplane, i.e. the slopes of the lines when t = tx, were then 

separated into negative and positive values and averaged to obtain the final average upwards velocity (v̅z,up) 

and downwards velocity (v̅z,down) over the interfaces. 
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4.5 Modelling 

4.5.1 Data-based axial compartment model 

The compartment model comprises of bidirectional axial exchanges of mass with a given flow rate (Qk), 

between a set of ideally mixed compartments (k = 1,…,K) with equal or differing volumes (Vk). A simple 

schematic representation of the compartment model is shown in Figure 4.2. 

 

Figure 4.2. Schematic representation of the compartment model with K compartments. Mass is exchanged between the 

ideally mixed volumes (Vk) with the given flow rates (Qk). 

The sole employment of axial compartments in the model implies that perfect radial mixing within the 

compartments is assumed. The differential equations constituting the compartment models are derived from 

the mass balances of ideally mixed compartments in Equation 4.1, 4.2 and 4.3. 
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= 𝐶𝑘−1𝑄𝑘−1 + 𝐶𝑘+1𝑄𝑘 − 𝐶𝑘𝑄𝑘−1 − 𝐶𝑘𝑄𝑘, 𝑘 = 2, . . . , K − 1 

(4.2) 

 
𝑉𝐾

𝑑𝐶𝐾

𝑑𝑡
= 𝐶𝐾−1𝑄𝐾−1 − 𝐶𝐾𝑄𝐾−1  

(4.3) 

4.5.1.1 inter-compartment flow rates and volumes 

The volumetric flows (Q) between the compartments are calculated from the vessel diameter (T) and the 

linear averaged axial velocities in the upwards direction (v̅z,up) and downwards direction (v̅z,down), by solving 

for the cross-sectional area of the fluid moving upwards (Aup) and downwards (Adown) in Equations 4.4, 4.5 

and 4.6. 

 𝑄𝑘 = �̅�𝑧,𝑢𝑝(𝑘) ⋅ 𝐴𝑢𝑝(𝑘) = �̅�𝑧,𝑑𝑜𝑤𝑛(𝑘) ⋅ 𝐴𝑑𝑜𝑤𝑛(𝑘) (4.4) 

 𝐴 = 𝐴𝑢𝑝(𝑘) + 𝐴𝑑𝑜𝑤𝑛(𝑘)  (4.5) 
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𝐴 =

𝜋𝑇2

4
 

(4.6) 

 

The compartment volumes (Vk) are calculated as cylindric volumes with heights corresponding to the 

differences between the heights of the compartment interfaces. The volumes at the conical bottom are 

approximated by cylinders, using the area from the vessel geometry at the center of the compartments. 

 

4.5.1.2 Automatic zoning 

The proposed automatic zoning approach is based on the volume to flow rate ratio (V/Q) in the 

compartments. This definition is similar to the definition of residence time in a chemostat [19] and similarly 

the ratio describes the time it takes to replace the entire volume in a compartment by an external volume, 

as it applies for each compartment that Qin = Qout. It is reasoned that a critical local residence time (τcrit) can 

be defined for which this ratio indicates whether the assumption about perfect mixing is acceptable, 

although this ratio is strictly zero for a perfectly mixed compartment. The volume is initially divided into a 

set of smaller sub-compartments from which the zoning algorithm iteratively merges compartments. 

Starting from the bottom compartment, the compartment is tested for the condition τ = V/Q ≤ τcrit. For two 

or more compartments to merge, they need to satisfy the condition individually and with their volumes 

combined. When the volume is combined, the flow rates entering this combined compartment are used. If 

the condition is not satisfied for a compartment, the compartment is left unchanged from its initial state. 

The initial number of compartments was chosen to Kinit = 25. For Kinit > 10, the optimal value for τcrit was 

found to be independent of the initial number of compartments, while slight reductions in model error were 

found when increasing from Kinit = 10 to Kinit = 25. The value for τcrit was obtained by minimizing the sum 

of squared errors (SSE) between measured mean mixing times and the mixing times simulated by the 

compartment model developed based on flow rates obtained from the CFD simulations (QCFD). The CFD-

based flow rates were used in the fitting of τcrit because it was expected (and found) that the size of the 

sensor devices affected their flow-following capabilities in the examined system. 

 

4.5.2 Simulation of tracer pulses 

For the tracer pulse simulations, a dosing compartment constituting 5 % of the total volume, which 

corresponds to a compartment height of approximately 2.3 cm, was introduced at the top. The tracer 

concentration transients were then simulated by initializing an arbitrary tracer concentration in the dosing 

compartment and numerically solving the ordinary differential equations (Eq. 4.1-4.3) using the LSODA 

solver implementation from Python’s Scipy library. The time to reach 95 % homogeneity (tm95) was 

determined from the logarithmic RMS variance of the normalized responses in all the modelled 

compartments. 

 

4.5.3 CFD simulations 

The RDT and the PBT configurations were examined using CFD, with the geometry of the volume (Figure 

4.1) generated in SolidWorks 2018. The geometry of the RDT was discretized in ICEM CFX 17.1 using a 

structured hexahedral mesh with average mesh density of 6,200 elements/L around the impeller area 

(rotating domain) and 2,100 elements/L in the bulk (stationary domain). The geometry of the PBT was 
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discretized in ICEM CFX 19.2 using a structured hexahedral mesh with average mesh density of 2,100 

elements/L for the bulk and an unstructured tetrahedral mesh for the impeller area with average density of 

7,900 elements/L. The generated mesh densities are comparable with other similar studies [20]. The 

distribution of elements located at the rotating/stationary interface is matched to avoid local numerical 

instability.  

The simulations were set up in ANSYS CFX 19.2 by employing the standard RANS k-ε turbulent model. 

The interfaces between the rotating and stationary domains were set as Transient Rotor-Stator interface 

with ‘automatic pitch change’. The liquid flow at the walls was solved using no-slip boundary condition 

with an open boundary at the liquid surface. Finally, the liquid profiles were calculated using the second 

order backwards Eulerian approach. 

For the comparative analysis of flow rates between the compartments obtained from CFD and from sensor 

device measurements, data on the axial velocity and the area were extracted from the mesh cells of 20 

equally distributed planes in the axial direction. The overall flow rates over the interface planes were then 

determined by integrating the velocity with respect to the area and taking the mean of the mean positive 

and the mean absolute-negative flows. 
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4.6 Results and Discussion 

4.6.1 Comparison of CFD and sensor device derived flow rates 

The results obtained by the sensor devices have been compared against CFD simulations, which in the case 

of single-phase flow with the standard k-ε turbulence is believed to satisfactorily represent the true liquid 

flow. In order to ensure mass conservation in the model, the flows obtained from the average linear 

velocities in the upwards and downwards direction must be balanced by multiplication with the 

corresponding areas, according to Equation 4.4. An example of the average linear velocities in both 

directions is shown in Figure 4.3 for the RDT and PBT at N = N1. 

  

Figure 4.3. Comparison of upwards and downwards velocities measured by the sensor devices at N = N1, for RDT (left) 

and PBT (right). The impeller location is represented by the dashed line. The error bars indicate the standard deviation 

between the measurements of the four sensor devices. 

Above the impeller, the measured velocities are higher in the upwards direction compared to the downwards 

direction, while the velocities are similar, or the opposite is true below the impellers. This means that the 

areas of the planar compartment interfaces are correspondingly smaller in the upwards flow above the 

impeller, while they are similar or larger in the flow below the impellers. This situation matches with the 

flow field over a vertical plane obtained from the CFD simulations, as shown in Figure 4.4. Here, it is clear 

that above the impellers, downwards facing velocity vectors constitute a larger cross-sectional area than the 

velocity vectors facing upwards. 
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Figure 4.4. Example of CFD-simulated velocity fields of the stirred vessel at N = N1. The left-hand side of the figure shows 

the velocity fields induced by the RDT, while the right-hand side shows the velocity fields induced by the PBT. 

A comparison of the flow rates between the compartments obtained by the sensor devices and by CFD, for 

the four different impeller speeds is shown for the RDT in Figure 4.5. The flow rates obtained by the two 

approaches are in good agreement. However, close to boundaries, such as the liquid surface, the bottom of 

the vessel and the impeller, greater deviations exist. At the center of the RDT blade where the liquid flow 

is pumped directly towards the vessel wall, the flow is expected to be primarily radial and the axial 

velocities should approach zero. The sensor devices, on the other hand, do in some cases impact with the 

impeller blade and may thereby suddenly get pushed in different directions. The smaller deviations in both 

the top, bottom and near the impeller could generally be explained by limited flow following capabilities 

as a result of the considerable diameter of the flow-following sensor devices, which are almost the same as 

the impeller blade height. Unfortunately, the affected volumes often include crucial interface locations of 

the compartment model, such as the impeller location, which therefore may introduce considerable errors 

in the mixing time predictions. It should also be noted that the standard deviation between the flow rates 

measured by the four sensor devices is very small, indicating that the individual sensor devices exhibit 

almost identical behavior. 
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Figure 4.5. Comparison of flow rates between compartments obtained by CFD (blue) and by sensor devices (orange) for 

the four examined impeller speeds with the RDT. The dashed line represents the impeller location. The error bars 

indicate the standard deviation between the measurements of the four sensor devices. 

The same comparison between sensor device measured flow rates and CFD simulated flow rates is shown 

for the PBT in Figure 4.6. The same observations with respect to the boundaries apply to this case. However, 

even greater deviation is present near the impeller where very high velocities are present. Even at the same 

impeller speeds, the PBT produces higher axial velocities compared to the RDT because the dispersed flow 

is not split in two, which is the case for radial impellers. The sensor devices are therefore not able to respond 

to the changes in the velocity fields. 
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Figure 4.6. Comparison of flow rates between compartments obtained by CFD (blue) and by sensor devices (orange) for 

the four examined impeller speeds with the PBT. The dashed line represents the impeller location. The error bars indicate 

the standard deviation between the measurements of the four sensor devices. 

These comparisons suggest that the fundamental procedure for extracting the flow rates is appropriate, but 

that the sensor devices fail to follow the flow at boundaries and high velocity zones. It should be mentioned 

that even though CFD simulations of such simple systems generally represent reality well, inaccuracies are 

still present. The limitation in flow following behavior of the sensor devices is expected, as the Stokes 

numbers are expected to be high in the experiments. The Stokes number (St), which is used to evaluate the 

flow following capabilities of a particle, is defined as the ratio of the momentum response time of the 

particle to a characteristic time of the examined flow [21]. Flow tracers are generally regarded as suitable 

when the Stokes number is less than 0.1, which as a rule of thumb results in errors of less than 1.0 % [22]. 

If the circulation time (tc) is roughly estimated by the rule of thumb tm ≈ 4tc [23], circulation times in the 

range of 3 to 9 seconds are expected in the examined cases. From an estimation of the Stokes number as a 

function of the characteristic time presented in [24], and if the circulation time is taken as the characteristic 

time, Stokes numbers are estimated to be in the range of 0.3 to 1.0 in the circulation flow, while even higher 

values of the Stokes number are expected in the impeller region, where the characteristic time may be 

estimated as the ratio of the impeller diameter to the impeller tip speed [9]. In the zones away from the 

impeller where the sensor devices are expected to represent the circulation flow with reasonable accuracy, 

the sensor devices seem to overpredict the flow rates. This may be explained by the fact that the linear 

average velocity of the circulation flow is assumed to represent the flow in a cross-sectional area, which in 

reality may have areas with lower velocities that the sensor devices will not sample from. While more 

specialized tools are available for examining flows in lab or pilot scale reactors, such as positron emission 

particle tracking (PEPT) and computer aided radioactive particle tracking (CARPT) [24], it should be 

emphasized that flow following sensor devices are specifically designed for large-scale fermentation 

processes. Large-scale bioreactors typically have circulation times longer than ten seconds [9,25,26]. 
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Therefore, sensor devices with comparable sizes to the ones used in this study are expected to follow the 

circulation flow in the large-scale bioreactors with similar or higher accuracy than observed for the low 

speed RTD experiment performed here (St < 0.3) [9]. 

 

4.6.2. Comparison of automatic zoning 

Zoning of compartment models is often performed based on changes in flow pattern, e.g. placing a 

compartment interface at the impeller in the case of RDTs, which are known to physically compartmentalize 

and create an axial barrier for the flow [14,27,28]. However, this approach does not account for the situation 

where the flows inside the compartments are weak and therefore the assumption of perfect mixing fails. 

Here, the zoning is based on the introduced local residence time in the compartments τ = V/Q, which splits 

compartments if τ exceeds the threshold τcrit. τcrit can also be understood as a relaxation of the condition 

about perfectly mixed zones, as such zones do not truly exist at this scale. Appropriate values for the critical 

residence times were found according to the procedure in section 4.5.1.2 to be τcrit = 1.8 s for the RDT and 

τcrit = 2.5 s for the PBT. The values of τcrit are similar for both RDT and PBT and the values seem reasonable 

for the assumption of perfect mixing to be appropriate, i.e. the volume in a compartment should be 

completely exchanged in less than τc̅rit = 2.2 s. A value of τcrit of a couple of seconds is expected to be 

generally applicable. The determined values of τcrit varied slightly between the two examined cases, which 

indicate that the value is dependent on the mixing conditions, e.g. the extent of radial/axial mixing or the 

turbulence condition in the vessel. The automatically generated compartment models are presented for the 

RDT and the PBT based on the flow rates obtained from CFD and from the sensor devices in Figure 4.7 

and Figure 4.8, respectively. 

  

Figure 4.7. Automatically generated compartment models for the RDT for the four impeller speeds using the flow rates 

obtained by CFD (left) and the sensor devices (right). The heights of the compartments are presented in the y-axis, while 

the colored arrows between the compartments represent the inter-compartment flow rates as represented by the colorbar. 

The dosing compartments are not shown in this figure. 
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Figure 4.8. Automatically generated compartment models for the PBT for the four impeller speeds using the flow rates 

obtained by CFD (left) and the sensor devices (right). The heights of the compartments are presented in the y-axis, while 

the colored arrows between the compartments represent the inter-compartment flow rates as represented by the colorbar. 

The dosing compartments are not shown in this figure. 

For the developed compartment models of all the experimental conditions (Figure 4.7 and Figure 4.8), the 

compartments in zones with high flow rates either expand or remain unchanged with increasing impeller 

speeds, which is also what is expected as increasingly larger volumes can be assumed to be perfectly mixed 

when the agitation intensity is increased. In the case of the RDT, the compartment models obtained from 

zoning based on QCFD and Qmeas are similar, with only some small variations in the compartment sizes at N 

= N1. An interface is consistently placed at the impeller location or just below the impeller, which divides 

the volume in the two main circulation flows generated by the RDT. Despite the difference in QCFD and 

Qmeas in the case of the PBT, the obtained compartment models are almost identical in terms of the 

compartment sizes. The existence of a second zone at the upper part of the vessel agrees well with what is 

expected when comparing to the flow patterns in Figure 4.4 (right-hand side) and the flow rates in Figure 

4.6. 

 

4.6.3. Comparison of CM-simulated and measured mixing times 

A comparison between the CM-simulated and experimentally determined mixing times is presented in 

Figure 4.9 for the RDT. In addition, CM-simulated mixing times using the flow rates from the CFD 

simulations which were used to fit τcrit are presented. 
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Figure 4.9. Mixing time as a function of the impeller speed, N, for a 580 L pilot-scale vessel agitated by the RDT. The lines 

depict the CM-simulated mixing time using the sensor device measured flow rate (Qmeas) and the CFD simulated flow 

rates used for fitting τcrit (QCFD(fitted)), while the circles depict the experimentally determined mixing time. 

The CM-simulated mixing times based on QCFD agree well with the measured mixing times, since τcrit was 

fitted based on this data by minimizing the sum of squared errors, with SSE = 5 at convergence. Compared 

to this, the compartment models generated based on the sensor device measurements slightly underpredict 

the mixing times. This is expected as Qmeas at the interface location near the impeller is almost twice the 

magnitude of QCFD. These results suggest that the performed zoning is appropriate, but the error is 

introduced due to inaccurate determination of flow rates at important interface locations. Indeed, using the 

common approach to zoning for RDT, which separates the flow only by the radial flow at the impeller, 

would significantly underpredict the mixing time at the low impeller speeds. The same comparison of the 

simulated and measured mixing times is presented for the PBT in Figure 4.10. 

 

Figure 4.10. Mixing time as a function of the impeller speed, N, for a 580 L pilot-scale vessel agitated by the PBT. The 

lines depict the CM-simulated mixing time using the sensor device measured flow rate (Qmeas) and the CFD simulated flow 

rates used for fitting τcrit (QCFD(fitted)), while the circles depict the experimentally determined mixing time. 

 

It was not possible to obtain an equally low SSE when fitting τcrit in the case of the PBT compared to the 

RDT, with a final SSE of 17 at convergence. This may be related to the assumption about perfect radial 
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mixing which is associated with compartment models comprising axial compartments exclusively. This 

assumption may not be ideal, considering the vessel aspect ratio of one and the primarily axial flow 

generated by the PBT. The relative errors between the CM-simulated mixing times and the measured 

mixing times were found to be comparable for the PBT and for the RDT. This is unexpected as it was 

previously concluded that the sensor devices did not accurately represent the liquid flow near the impeller 

at high agitation intensities. The reasonable fit nonetheless is explained by the fact that the zone where 

major discrepancies between QCFD and Qmeas existed was deemed well-mixed according to the criterion of 

the automatic zoning procedure. Therefore, no interfaces were placed in this zone, but instead just above 

this zone where QCFD and Qmeas are comparable. Hence, an equally good fit was obtained when using QCFD 

and Qmeas at impellers speeds N2, N3 and N4. Despite a similar zoning of the compartments for N1, the 

compartment model based on the flow rates Qmeas, which are slightly higher than QCFD near the top of the 

liquid, significantly underpredicts the mixing time. This suggests that the flow rates at the interfaces near 

the top may serve as bottlenecks to the tracer distribution. 

A quantitative comparison between the relative errors between the CM-simulated mixing times using Qmeas 

and the experimentally determined mixing times is presented in Table 4.1. 

Table 4.1. The relative error between the measured and simulated mixing times, as defined by (tm,sim-tm,exp)/tm,exp. 

 Relative error 

 N1 N2 N3 N4 

RDT -14 % (4.6 s) -21% (3.7 s) -24 % (3.3 s) -15 % (1.8 s) 

PBT -30 % (6.8 s) -17 % (2.2 s) -12 % (1.4 s) -19 % (2.0 s) 
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4.7 Conclusion 

An approach to generate compartment models based on flow-following sensor devices was presented, 

constituting of an automatic zoning of the volumes into a set of axial compartments and the derivation of 

flow rates between these compartments. The derived flow rates corresponded well with the flow rates 

obtained by CFD simulations, suggesting that the derivation of these flow rates based on the averaged linear 

velocities measured by the sensor devices over the compartment interfaces is appropriate. Inaccuracies were 

present in derived flow rates near boundaries, with the impeller zone being particularly inaccurate. These 

deviations were ascribed to limited flow following capabilities of the sensor devices in high velocity zones 

because of their relatively large size. The presented automated zoning procedure is based on a local 

residence time, defined by the volume to flow rate in the compartments, which indicate whether the 

assumption of perfect mixing in the compartments is acceptable. The assumption is deemed acceptable if 

the local residence time does not exceed an introduced threshold parameter, the critical local residence time. 

The critical local residence time was found to be similar for both the Rushton disc turbine (τcrit = 1.8 s) and 

pitched blade turbine (τcrit = 2.5 s) and it is expected that a value in this range can be used for future zoning 

problems, e.g. the average τc̅rit = 2.2 s. The zoning procedure was found to be superior to the commonly 

applied zoning based on identification of abrupt changes in the flow pattern, because such procedures do 

not account for scenarios where the flow rates inside the defined zones become too low for the assumption 

of perfectly mixed conditions to be appropriate. The zoning and flow rate information were combined to 

developed compartment models which provided reasonable mixing time predictions in all the experiments, 

when comparing to experimentally determined mixing times. The mixing times were generally 

underpredicted with relative errors between 12 % and 30 % due to the inaccurate flow measurements at 

important interface locations. 

The presented approach provides a simple modelling platform which can be derived without any prior 

system-specific knowledge and little experimental effort. This makes the approach versatile and adaption 

to various bioreactor configurations and scales should be straightforward. Reduction of sensor device sizes 

to ensure better flow following capabilities should be a continuous objective for this type of sensor 

technology. However, sensor devices are specifically designed for large-scale fermentation processes, in 

which the problem is expected to be minimal, as the relative scale of the sensor device to macroscopic flow 

phenomena and bioreactor internals, such as an impeller, is small and the characteristic times are larger, 

resulting in low values of the Stokes number. 
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5.1 Abstract 

Heterogeneity in process variables of large-scale bioreactors, such as pH, dissolved gas concentration and 

substrate concentration, may have negative implications on the rate, titer, and yield of a bioprocess through 

its impact on the metabolism of the production organism. Modelling serves as an important tool to provide 

a quantitative basis for process improvements that minimize the negative impacts of bioreactor 

heterogeneity. To accurately represent heterogeneous systems, flow models which describe how mass is 

distributed to different zones of the bioreactor volume are necessary. In this study, previous work on a 

compartment model approach based on data from flow-following sensor devices is expanded to a dynamic 

version, which updates compartment volumes and inter-compartment flow rates in time and thus enabling 

simulation of the widely used fed-batch process. The application of the compartment model is demonstrated 

in a study of a 600 m3 bubble column bioreactor, in which a 1,3-propanediol (PDO) fermentation process 

utilizing a recombinant E. coli biocatalyst, is examined in terms of mixing performance and concentration 

gradients. The compartment model predicted the mixing time in the bioreactor with good accuracy (relative 

error of -16 % at t = 15 h) and it was shown that major improvements in the mixing performance could be 

obtained when the glucose substrate was added in the middle of the reactor, compared to the top. Despite 

fitting of the model parameters, the applied kinetic model for wild-type E. coli was not able to predict the 

measured concentrations of biomass and glucose during the late phases in the fed-batch process. The lack 

of fit was ascribed to inhibitory effects (CO2, dextrose, and PDO), which were not accounted for in the 

model. The compartment model predicted an increase in the biomass yield of 1.6 % when dosing glucose 

in the middle of the bioreactor, compared to the dosing strategy at the top surface of the broth. The yield 

improvement was ascribed to a reduction in substrate channeled to the overflow metabolism as a result of 

improved substrate dispersion. 
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5.2 Nomenclature 

Variables/Parameters Description Unit 

A Acetate concentration [kg/m3] 

Cprobe Probe clearance [m] 

D Reactor diameter [m] 

DO Dissolved oxygen 

concentration 

[μmol L-1] 

F Mass flow rate [kg s-1] 

HL Liquid height [m] 

kLa Mass transfer coefficient [s-1] 

P Pressure [Pa] 

Q Volumetric flow rate [m3 s-1] 

q Specific rate [kg kg-1 h-1] 

S Substrate (glucose) 

concentration 

[kg m-3] 

T Temperature [K] 

Ug Superficial gas velocity [m/s] 

V Volume [m3] 

X Biomass concentration [kg m-3] 

Y Mass yield coefficient [kg kg-1] 

ϵ Gas fraction [-] 

μ Specific growth rate [h-1] 

ρp Particle density [kg m-3] 

 

Subscripts Description 

c Consumption 

m Maintenance 

of Overflow 

ox Oxidative 

0 Initial condition 
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5.3 Introduction 

Maximizing the rate, titer and mass yield (i.e. kilogram of product per kilogram of substrate) of bioprocesses 

are key economic considerations in industrial fermentation [1]. Yield on substrate, such as dextrose can 

represent up to 65 – 85 % of the variable cost of manufacture (VCOM) for commercial fermentation 

processes, and therefore has a critical impact on economics of the overall biomanufacturing process [2]. A 

reduced yield may be observed in fermentation processes when operated in full scale bioreactors compared 

to the laboratory scale bioreactors, in which the processes have been developed [3,4]. This yield gap which 

occurs on process scale-up has been attributed to heterogeneities in process variables, such as pH, dissolved 

gases (O2 and CO2), and substrate concentration [5]. These heterogeneities occur because it is technically 

infeasible to completely homogenize the fermentation broth in large-scale bioreactors and because an axial 

gradient in the hydrostatic pressure exists due to the large liquid volumes, which affects the mass transfer 

of the gases in the broth [5,6]. 

Optimal operation of fermentation processes under heterogeneous conditions is not trivial and requires a 

profound understanding about the extent of heterogeneity and how it affects the production organism. 

Modelling serves as an important tool to obtain this understanding and provide a quantitative basis for 

process optimization, design and control [7]. Modelling of large-scale fermentation processes is challenging 

because of the complexity involved when combining mixing, mass/heat transfer and reactions over a wide 

range of time and length scales [8]. The combination of numerical derivation of flows and phase-

interactions using computational fluid dynamics (CFD) and metabolic models have proven a powerful tool 

to study gradients in large-scale bioreactors [9–14]. However, accurate CFD-modelling of gas-liquid 

interactions and viscosities of non-Newtonian fluids is challenging and simulations coupled with metabolic 

models are computationally demanding [10,15]. This makes simpler flow models with lower associated 

computation times, such as compartment models, attractive for modelling of large-scale bioreactors. Indeed, 

CFD has lately been applied extensively to develop compartment models of bioreactors [15–19]. However, 

such models cannot be effectively applied in long processes with dynamic changes to the flow field, volume 

and fermentation broth rheology, which is the situation of the widely used fed-batch process. Jourdan et al. 

propose a solution which involves a set of discrete steady-state CFD simulations accompanied by an 

algorithm for automatic conversion into compartment models [20]. However, this approach is still time 

consuming and potentially suffers from inaccuracies when unvalidated CFD models of such complexity are 

applied. 

Detailed measurements from large-scale processes can be obtained by flow-following sensor devices, which 

have recently been demonstrated in a study which examines hydrodynamics in a 2077 m3 activated sludge 

basin at a wastewater treatment plant [21]. Such sensor devices provide a detailed representation of the 

spatial distribution of variables with simple experimental procedures because the sensor devices 

autonomously store or/and transmit data while they are carried along with the agitation or convection 

induced fluid motion. Reinecke et al. have shown that axial velocity fields can be obtained from the 

measurements of hydrostatic pressure collected by the sensor devices [22]. These axial velocity fields can 

be used to develop simple flow models in the form of compartment models, which was demonstrated in the 

study of a pilot scale stirred vessel in Chapter 4. The developed compartment model approach includes 

automatic compartment network generation and derivation and assignment of inter-compartment flow rates 

between the compartments.  

This paper presents a methodology for developing axial compartment models based on data from flow-

following sensor devices, which is tailored for application in large-scale fed-batch fermentations. The 

methodology is based on the compartment model approach presented in a previous study [23], which is 
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expanded upon to include a dynamic update of volume and inter-compartmental flow rates in time. The 

development and application of the model is demonstrated in a study of a fermentation process, which 

utilizes an E. coli biocatalyst to produce 1,3-propanediol in a large-scale bubble column bioreactor. The 

developed compartment model is coupled with a kinetic model to investigate the process in terms of mixing 

performance and concentration gradients. 
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5.4 Materials and methods 

5.4.1 Bioreactor and fermentation 

The experiment was performed in a bubble column bioreactor (DuPont Tate & Lyle Bio Products Company, 

Tennessee, USA) with a diameter (T) of 5.3 m and a total volume (V) of 600 m3 (Figure 5.1) [24]. The 

examined bioprocess utilizes a recombinant E. coli K-12 biocatalyst to convert corn syrup (> 95 % β-D-

glucose) to 1,3-propanediol (PDO) [25]. During the 34 hours fermentation process which was operated as 

a fed-batch [26], the gassed liquid level increased from an initial level of 16 m (HL,0) to a final level of 26 

m (HL,end) as a result of substrate (corn syrup of which > 95.0 % of the dissolved solids were β-D-glucose) 

addition. The initial volume in the bioreactor consisted of a M9 minimal media [27] with 10 % inoculum 

from a seed fermentor. The corn syrup substrate and media were added to the liquid surface with flow rates 

according to the profile in Figure 5.2 (top), while air was added through two inlet spargers at the bottom of 

the bioreactor with the flow rates according to Figure 5.2 (center). The increase in gassed bioreactor volume 

during the fermentation is shown in Figure 5.2 (bottom). 

 

Figure 5.1. Illustration of the bubble column bioreactor with annotations of the dimensions which are relevant for the 

modelling. 
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Figure 5.2. Profiles of feed rate (top), gas flow rate at inlet (middle) and total volume (bottom) during the fermentation 

process. 

 

5.4.2 Description of the biocatalyst used for production of 1,3-Propanediol 

The corn syrup-based fed-batch fermentation process utilized a genetically modified derivative of 

Escherichia coli K-12 (Genbank Accession number U00096.3) that lacked λ-DNA sequence and F plasmid 

(F−). Biosynthesis of 1,3-propanediol is driven by a predominantly heterologous carbon pathway that 

diverts carbon from dihydroxyacetone phosphate to form 1,3-propanediol.  As reviewed by Nakamura and 

Whited (2003), modifications to the host strain include the introduction of glycerol 3-phosphate 

dehydrogenase (DAR1) and glycerol 3-phosphate phosphatase (GPP2) genes obtained from Saccharomyces 

cerevisiae to provide glycerol.  Glycerol dehydratase (dhaB1, dhaB2, dhaB3) and its reactivating factors 

(dhaBX, orfX) obtained from Klebsiella pneumoniae enable the conversion of glycerol to 3-

hydroypropionaldehyde), while the synthetic oxidoreductase, originally endogenous to E. coli (yqhD) 

completes the pathway.  

Non-productive, or yield-reducing reactions, including acetate production were attenuated or eliminated 

through gene deletions and oxygen-regulated gene expression (arcA) has been disrupted [25,28].  Glycerol 

is prevented from re-entering central carbon metabolism by deletion of the genes encoding glycerol kinase 

(glpK) and glycerol dehydrogenase (gldA).  The strain features elimination of D-glucose transport by the 
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phosphotransferase system (PTS) and downregulation of glyceraldehyde 3 phosphate dehydrogenase 

(gapA).  The PTS system is replaced with a synthetic system comprising galactose permease (galP) and 

glucokinase (glk), genes endogenous to E. coli.  The galP and glk system has been observed to significantly 

increase the rate of dextrose uptake and improve the yield of 1,3-propanediol from glucose [25,27]. 

 

5.4.3 Mixing time of a chemical tracer 

The 95 % mixing time (tm95) was determined experimentally using the chemical tracer method of Hadjiev 

et al [29] and reported previously by Guske and Miller [26].  The mixing time was measured using a 100 L 

pulse injection of 2 M NaOH that was added to the top surface of the bubble column bioreactor at an 

addition rate of 10.5 L/s.  Mixing time measurements were initiated at the start of the NaOH pulse and 

followed by measurements of the pH value sampled at 1 Hz using an in-situ Mettler-Toledo pH sensor 

(Metter-Toledo model InPro3100). The pH sensor was located within 10 cm of the bioreactor wall and 5.85 

m above the bottom drain valve of the reactor.  Simulated bioreactor run conditions at a fermentation 

elapsed time of 15 hours for the 1,3-propanediol bioprocess were used to assess mixing time following the 

pulse of 2 M NaOH. The reactor was filled with 490,000 L of reverse osmosis-grade water and a total of 

10 separate measurements were performed using the following conditions: an airflow of 25,485 SLM, a 

bioreactor backpressure of 0.21 bar, and liquid temperature 33C.  The mean for the 10 independent 

measurements is reported as the “measured mixing time at 15 hours” (Figure 5.7).  The standard error for 

measurements was found to be within the error range (3-5%) previously reported by Hadjiev et al [29]. 

 

5.4.4 Measurement of variables 

Samples from the bioreactor were taken during the fed batch fermentation and analyzed for biomass 

concentration, fermentation analytes by High-Performance Liquid Chromatography (HPLC), and glucose 

by enzyme-linked amperometric electrode using a Yellow Springs Instruments (YSI, Yellow Springs, Ohio) 

model 2950D biochemistry analyzer.  Biomass concentration was determined by measuring the optical 

density of the broth sample at 550 nm, assuming 3.0 g/L/OD550 cell dry weight and 25.3 g/C-mol for 

molecular weight of dry biomass [27]. Online process data collected from the bioreactor included dissolved 

oxygen (DO) using in-situ probes installed in the bioreactor at the vessel wall exactly 5.85 m from the 

bottom drain valve.  Digital optical DO sensors (Mettler-Toledo, model InPro6860i, Columbus, OH) and 

pH sensors (Metter-Toledo model InPro3100) were sampled at a measurement frequency of 1 Hz. 

For HPLC analysis, broth samples were centrifuged at 10,000 g for 10 minutes and the supernatant was 

filtered into a 2 mL autosampler vial using a 25 mm 0.45 µm Agilent Captiva layered syringe filter (glass 

microfiber pre-filter, PTFE membrane; part number #5190-5129).  A modification of the method by Zaky 

et al [30] was utilized for analysis of samples using an Agilent 1260 HPLC with refractive index (RI) and 

ultraviolet (UV) detector for carbohydrates/alcohols and organic acids, respectively.  This isocratic method 

was modified for simultaneous separation of carbohydrates, alcohols, and organic acids that were present 

in the fermentation broth samples.  This system consisted of two - Hi-Plex H, 300mm x 7.7mm Organic 

Analysis Column (Agilent Part Number PL1170-6830, Santa Clara, CA) analytical columns that were 

connected in series.  A guard column was installed before the analytical column and consisted of a Cation-

H Cartridge 30 x 4.6mm Guard Column (Bio-Rad Part Number 125-0129, Hercules, CA).  Instrument 

conditions were: mobile phase: 10.0 mM sulfuric acid (Sigma Catalog # S1526) in HPLC-grade water, 

isocratic pump flow rate: 0.60 mL/min., column temperature: 70°C, injection volume, 10 μL, UV 

wavelength 210 nm, RI temperature 55°C, run time 55 minutes.  
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5.4.5 Flow-following sensor devices 

The bubble column bioreactor was examined using flow-following sensor devices (Freesense ApS, 

Denmark [31]), which were introduced to the bioreactor prior to steam sterilization. The sensor devices 

measuring 55 mm in diameter had their density adjusted based on initial calculations of the apparent density, 

motivated by results from Middleton [32] which showed that large particles behave more like the liquid 

when the density of the particle resembles the density of the gas-liquid dispersion. Sensor devices with the 

following densities were used in the experiment: Three sensor devices with a density (ρp) of 900 kg/m3 and 

three sensor devices with a density of 950 kg/m3. The sensor devices were configured to collect and store 

measurements of the pressure at a sampling rate of 1 Hz during the entire duration of the fermentation 

process. 

 

5.4.5.1 Processing of sensor device data 

The axial position (z(t)) and axial velocity (vz(t)) were derived from measurements of hydrostatic pressure, 

using Pascal’s principle z(t) = ΔP(t)/(ρf  ∙ g). The details on the derivation of the axial position and the axial 

velocity were presented in Chapter 3. The following three contributions to variations in the measured 

pressure difference had to be considered before the conversion of pressure to axial position: contributions 

from variations in head space pressure due to aeration, contributions from volume increases due to substrate 

addition and contributions from variations in the volume resulting from changes in the apparent density. 

The contributions to the pressure difference from the head-space pressure and the volume were 

compensated by subtraction of a baseline obtained from a rolling-maximum filter with 1-hour window size, 

which was further smoothed by a rolling averaging filter. The baseline represents the pressure at the bottom 

of the reactor over the duration of the fermentation process. This approach assumes that the sensor devices 

reach the top and bottom of the bioreactor in this 1-hour timeframe and that negligible changes to the liquid 

height occur within this 1-hour period, which are both reasonable assumptions.  

Changes in the apparent density are mainly attributed to changes in the gas hold-up, which was estimated 

for a heterogenous flow regime by the correlation from van’t Riet and Tramper in Equation 5.1 [33].  

 
𝜖 =

𝑈𝐺

0.25 + 0.45(𝑔 𝑈𝐺  𝑇)
1
3

 
(5.1) 

 

The apparent density of the gas-liquid dispersion was then calculated from ρf = (1 - ε)ρl - ερg [34], which 

is shown in Figure 5.3.  
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Figure 5.3. Estimated apparent density (ρf) of the gas-liquid dispersion over the process duration. The area represents the 

minimum and maximum apparent density, while the line represents the average apparent density. 

The filled area in Figure 5.3 represents the possible encountered apparent densities based on the superficial 

gas velocities, which have been corrected by the effect of hydrostatic pressures (P) on the gas volumes over 

the liquid height, using the ideal gas law V2 = V1(T2/T1)(P1/P2). No corrections were necessary for the effect 

of temperature (T), which was found to be homogeneous in the entire volume. The line represents the mean 

apparent density. The apparent density decreases towards the top because the superficial gas velocity 

increases as a result of gas-volume expansion from a drop in the hydrostatic pressure. The apparent density 

profile shows that the sensor devices with densities of 950 kg/m3 are closest to the mean apparent density 

over the process duration. Hence, data from these sensor devices were used to generate the compartment 

model. In addition, the apparent density profile was used in the calculation of the axial position and axial 

velocities by Pascal’s principle. 

 

  



 

80 

 

5.5 Modelling 

5.5.1 Dynamic compartment model 

The dynamic compartment model is based on axial compartments (k = 1,…,K) with volumes (Vk), which 

are interconnected by bidirectional axial flows (Qk). The derivation of the volumes and the rates of the axial 

flows between the compartments were described in detail in Chapter 4. In contrast to the study presented 

in Chapter 4, in which steady experimental conditions were examined, the total volume and the flow rates 

between compartments are functions of time. As the sensor devices provide Lagrangian-type 

measurements, i.e. measurements which are functions of time and instantaneous position, the measurements 

are discretized in both space (compartments) and time by averaging of the measured variables. 

Discretization in time is performed by introducing compartment model update steps, denoted by j = 1,...,J. 

From one compartment model update step to another, the total reactor volume may increase, which is 

accounted for in the model by addition of a compartment at the top. Furthermore, all inter-compartment 

flow rates are updated accordingly at each update step. During each update step, the total volume and the 

flow rates between compartments are constant. A schematic representation of the dynamic compartment 

model is shown in Figure 5.4.  

 

Figure 5.4. Schematic representation of the dynamic compartment model with K compartments at the final volume. Mass 

is exchanged between the ideally mixed compartments with the flow rate Q, denoted by the bidirectional vertical arrows. 

The total volume and the flow rates are updated in time in discrete model update steps (j = 1,…,J). The dashed horizontal 

arrows denote transfer of mass between model update steps.  

The horizontal dashed lines represent the transfer of mass between the update steps, which are addressed in 

section 5.5.3.2. Pressures and temperatures measured by the sensor devices are also assigned to 

compartments, which are ultimately used in mass transfer calculations. An update frequency of 1 hour and 

an initial compartment height of 1 m, was found to be appropriate based on a requirement of a minimum of 

30 measurements of the axial velocity at any compartment interface in the model. The resulting flow rates 

over the compartment interfaces from the initial zoning are visualized as a heatmap in Figure 5.5. 

t 
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Figure 5.5. Heatmap showing the axial flow rates (Q) of the initial compartments for the duration of the fermentation 

process. The y-axis represents the location of the interface between two adjacent compartments. More interfaces are 

added in time as more compartments are added due to the volume increase resulting from feed addition. 

The compartments from the initial zoning were then combined into the zones depicted in Figure 5.6, based 

on the automatic zoning procedure presented in Chapter 4, using the determined critical local residence 

time (τcrit) of 2.2 s as the zoning criterion. The critical local residence time is a threshold parameter which 

specifies for which zones the assumption of a perfectly mixed compartment is appropriate. The local 

residence time, which is defined by the volume to flow rate ratio in the compartment (Vk/Qk), must not 

exceed the critical local residence time for the assumption of perfect mixing to be appropriate. 

 

Figure 5.6. Automatic zoning of the volumes in the compartment model. The zones are divided by a change of color in the 

direction of the y-axis. At high flow rates, more of the initial compartments are combined, e.g at t ≈ 15 h, while fewer of 

the initial compartments are combined at the low flow rates at the end of the process, e.g. t ≈ 30 h. 

The merged compartments were simplified by applying the zoning from t = 15 h to the entire process 

duration. This was motivated by simplification of mass transfer between compartment model update steps, 

such that the final concentrations from one update step could be directly transferred as initial conditions to 

the next, without having to divide or combine concentrations from the previous update step. 

 

5.5.2 Fermentation modelling 

The E. coli kinetics were based on the fed-batch model with glucose overflow metabolism by Xu et al [35]. 

The variables in the model include biomass, substrate and acetate. Oxygen was added to the model with the 
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rate defined by the difference between oxygen transfer rate and oxygen uptake rate in the compartments. as 

represented by differential equations 5.2 to 5.5. 

 𝑑𝑆

𝑑𝑡
= −𝑞𝑠𝑋 (𝐸𝑞. 2) 

 

(5.2) 

 𝑑𝐴

𝑑𝑡
= (𝑞𝐴𝑝

− 𝑞𝐴𝑐)𝑋 (𝐸𝑞. 3) 

 

(5.3) 

 𝑑𝑋

𝑑𝑡
= 𝜇𝑋 (𝐸𝑞. 4) 

 

(5.4) 

 𝑑𝐷𝑂

𝑑𝑡
= 𝑘𝐿𝑎(𝐶𝐷𝑂

∗ − 𝐶𝐷𝑂) − 𝑞𝑂𝑋 (𝐸𝑞. 5) 

 

(5.5) 

The genetical modifications of the E. coli K-12 strain are expected to have considerable impact on the 

model parameters when comparing to the model parameters of the wild type E. coli presented in the paper 

by Xu et al [35]. The parameters were therefore fitted to the experimentally determined concentrations of 

biomass, substrate, acetate and DO. The fitting of model parameters (Table 5.1) was performed by 

minimizing the sum of squared errors between the simulated variables from the compartment which is 

situated at the probe/sampling location (Cprobe = 5.85 m) and the measured data at this location. The 

parameters and variables used in the modelling are presented in Table 5.1. 

Table 5.1. The initial conditions and the parameters used in the simulations. The original model parameters as presented 

by Xu et al. [35] are shown in brackets. 

Parameter/variable Value Unit 

S0 7 kg/m3 

A0 3.6 kg/m3 

X0 4.5 kg/m3 

DO0 90 μmol/L 

CA 1/30 molC/g 

CS 1/30 molC/g 

CX 0.04 molC/g 

KA 0.05 (0.05) kg/m3 

Ki,O 3.9 (4.0) kg/m3 

Ki,S 13.6 (5) kg/m3 

Ks 0.015 (0.05) kg/m3 

qAc,max 0.024 (0.05) kg/kg/h 

qm 0.09 (0.04) kg/kg/h 

qOmax 0.36 (0.42) kg/kg/h 

qSmax 2.09 (1.35) kg/kg/h 

YA/S 0.023 (0.677) kg/kg 

YO/A 0.45 (1.067) kg/kg 

YO/S 0.98 (1.067) kg/kg 

YX/A 0.001 (0.4) kg/kg 

YX/S,of 0.06 (0.15) kg/kg 

YX/S,ox 0.16 (0.512) kg/kg 
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The fitted parameters correspond well with the genetic modifications presented in section 5.4.2. Acetate 

and biomass related yields have been significantly reduced. This is expected from the attenuated or 

eliminated genes related to acetate production/consumption and the significant carbon flux towards PDO 

(Yps ≈ 0.51 kg/kg [25]). In addition, the maximum substrate uptake of the strain has been improved. 

However, it should be emphasized that there is no experimental backing for these values beside the 

improvement in the fit of the model to the measured variables, and the fitting of the yield coefficients was 

not constrained by a stoichiometric equation. 

The inability of the strain to regulate its metabolism to anaerobic growth conditions (section 5.4.2) means 

that oxygen limitations in the bioreactor leads to cell death. This was accounted for by a simple modification 

to the model by reducing all uptake rate terms to zero in compartments where the oxygen concentration 

approaches zero. Hence, a negative growth rate corresponding to the maintenance coefficient multiplied 

with the oxidative biomass yield coefficient was allowed in oxygen depleted compartments. To ensure 

numerical stability of the solver, this was implemented as an exponential expression q = q(1-exp(-

DO/KDO)), with KDO = 30 μmol/L, such that the uptake rate decays rapidly towards zero when the DO 

concentration approaches zero. 

The feed addition was modeled by introducing a reaction term in the top compartment, which generates 

substrate according to the feed rate profile in Figure 5.2 (top). The feed rate is constant throughout each 

compartment model update step and does not induce changes to the volume at the given compartment model 

update step. The superficial gas velocity was calculated based on the airflow in Figure 5.2 (middle) which 

was corrected by the average pressure and temperature measured by the sensor devices in the corresponding 

compartments. The mass transfer coefficient, kLa, was modeled with a simple linear relationship with the 

superficial gas velocity kLa = 28.8 UG, where UG has the unit cm/s and kLa has the unit h-1
 [26].  

 

5.5.3 Simulations 

5.5.3.1 Mixing time simulations 

The tracer concentration transients were simulated at every compartment model update step by initializing 

an arbitrary tracer concentration in the top compartment volume and numerically solving the ordinary 

differential equations using the LSODA solver implementation from Python’s Scipy library. The process 

was repeated with the middle and bottom compartment as dosing points. The time to reach 95 % 

homogeneity (tm95) was determined from the logarithmic root mean square variance of the normalized 

responses in all the modelled compartments. The homogenized concentration (Cinf) was taken as the 

concentration of the tracer after 10 minutes. 

 

5.5.3.2 Fermentation simulations 

The fermentation process was simulated by solving the model states, using an ordinary differential equation 

solver (RK45, Scipy library). The final concentrations at each compartment model update step were used 

as initial conditions for the next compartment update step, which are represented as the dashed horizontal 

arrows in Figure 5.4. With the introduced simplification described in section 5.5.1, the volumes of 

individual compartments do not change in time, while the total volume is increasing by adding new 

compartments to the top. Variables in the compartments which are added continuously because of volume 
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increase are initialized with a concentration of zero. The concentrations in those compartments are therefore 

subjected to an equalization time which corresponds to the mixing time at the given compartment model 

update step. In addition to feeding at the top, scenarios with feed addition to the middle and bottom 

compartments were examined.  
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5.6 Results and discussion 

5.6.1 Mixing 

The results from the mixing time simulations together with the measured mixing time at t = 15 h is presented 

in Figure 5.7.  

 

Figure 5.7. The simulated mixing time (blue line) and the measured mixing time at t = 15 h (orange circle). 

The compartment model predicts the 95 % mixing time well at t = 15 h, with a relative error of -16 %. This 

indicates that the model is not sensitive to introduced errors. Potential sources of errors in the model include: 

inaccurate estimation of the apparent density; use of the mean apparent density over the liquid height in the 

calculation of the axial position; the assumption about perfect radial mixing from an exclusively axial 

compartment model; overestimation of the bottom volume because it is considered as being cylindric in the 

model, whereas it is semi-elliptical in reality. Inaccuracies in the estimated apparent density affects the 

calculation of the axial position (and velocity), hence the volume of the compartments and the derived flow 

rates between them. The buoyancy of the sensor devices may be affected if a gradient in the apparent density 

exists over the liquid height. More details about how inaccuracies in the apparent density affect the 

calculated position and the sensor device buoyancy were addressed in Chapter 2. Due to the liquid height 

to diameter ratio, which increases from HL/T = 3 initially to HL/T = 5 towards the end of the process, it is 

expected that the bottleneck in the mixing process occurs in the axial direction, and hence the assumption 

of perfect radial mixing is acceptable. The errors introduced from the bottom volume are expected to 

slightly increase the simulated mixing time. 

The simulated 95 % mixing time is around 100 seconds in the beginning of the process and then starts to 

increase rapidly after 15 hours into the fermentation process, where it continuously increases up to three 

times the initial mixing time. The mixing time late in the process (t > 15 h) is even expected to be an 

underprediction, because of the simplification which was introduced in section 5.5.1 that extends the zoning 

from t = 15 h throughout the process duration. This means that larger-sized compartments are assumed to 

be ideally mixed towards the end of the process where the compartment sizes in fact decrease as a result of 

the decreasing flow rates (Figure 5.5, Figure 5.6). Because the gas flow is responsible for the mixing process 

in bubble columns, the simulated mixing time profile agrees well with what is expected from the aeration 

profile in Figure 5.2 and the derived axial flow rates in Figure 5.5. Furthermore, the volume of the bioreactor 

increases continuously, which further contributes to the rise in the mixing time. 
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Various dosing points were examined to see if it led to improvements in the mixing time. The mixing time 

results from dosing in the bottom, in three compartments in the middle, and at the top are compared in 

Figure 5.8. 

 

Figure 5.8. The simulated mixing time using various dosing points (compartments) in the reactor. Dosing from a point in 

the middle of the reactor drastically reduces the mixing time. 

The top and bottom dosing results in significantly longer mixing times because the axial flow rates are 

significantly lower in these zones compared to the compartments in the middle of the bioreactor, and 

because the distance that the tracer travels are twice as long compared to the dosing points in the middle of 

the bioreactor. The mixing time obtained when dosing at the 13 m dosing point is almost unchanged over 

the process duration. This is because initially, the dosing height of 13 m is close to the liquid surface, while 

after 20 hours the dosing height of 13 m is in the middle of the liquid, due to the increased volume from 

substrate and media addition. As a consequence, it can be deduced that the optimal dosing scenario of a 

single active sterile feed injection point would therefore include dosing at the 7.5 m dosing point for the 

first 8 hours, dosing at the 10 m dosing point for t = 8 h to t = 14 h and then the 13 m dosing point for the 

remaining duration. This scenario would require three dosing points, while simultaneous dosing at three 

dosing points distributed along the bioreactor height is expected to be superior with respect to the mixing 

time that is achieved. Indeed, optimizing the mixing time with respect to multiple dosing points is also a 

possibility using the compartment model, but will not be explored any further in this chapter. 

 

5.6.2 Fermentation 

The results from simulation of the concentrations of biomass, substrate, acetate and DO in the bottom, 

middle and top of the bioreactor are presented in Figure 5.9, together with corresponding measured 

variables taken 5.85 m from the bottom of the bioreactor. 
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Figure 5.9. Simulated (lines) and measured (circles) concentrations of biomass (X), substrate (S), acetate (A) and dissolved 

oxygen (DO) in the top, middle and bottom of the bioreactor. The partly transparent lines of the top profiles (green) show 

the mixing of newly added compartments at the top, which are initialized with an initial concentration of zero for all 

variables. 

The simulated concentrations of biomass, substrate, acetate and DO agree well with the measured values in 

the initial phase of the fermentation process (t = 0 h to t = 9 h), apart from the acetate consumption and 

associated oxygen consumption which occurs initially. According to the measurements, the biomass growth 

ceases, and the glucose starts accumulating after approximately 10 hours. This behavior is not captured by 

the model. This could be explained by several inhibition mechanisms, which are not accounted for in the 

model. Among the inhibition factors, besides the acetate concentration, are the concentrations of CO2 

substrate (glucose), and PDO in the broth, which in the case of PDO may reach concentrations of up to 135 

kg/m3 during the process [25]. However, modelling of the inhibitory effects was not pursued in this study. 
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The initial biomass and acetate present in the medium were produced during the seed fermentation prior to 

this process. Despite the efforts to eliminate or attenuate acetate pathways, the measurements show that 

acetate was still produced and consumed during the process. While keeping in mind the limitations of the 

model, gradients in the substrate concentration were found to be present after t = 8 h and DO concentration 

gradients were found to be present after t = 18 h. The concentration gradients in substrate and DO are 

visualized for all the compartments in Figure 5.10. 

 

Figure 5.10. Heatmap showing the development of concentration gradients over the process duration. The concentrations 

are presented in the colorbar. Top: substrate concentration. Bottom: DO concentration. The substrate concentration 

graph does not show concentrations above 0.4 kg/m3. 

The figure shows that there is plenty of substrate at any point in the bioreactor early in the process (t < 8 

h). However, after 8 hours, the substrate concentration shows a pattern with high concentrations around the 

feeding compartment, which decays rapidly towards the half the liquid height of the bioreactor, and 

ultimately leads to a starvation zone in the lower part of the bioreactor. The substrate gradients occur 

because the initial substrate present in the media has been consumed and the mixing in the bioreactor is not 

sufficient to disperse the substrate, which is consumed at increasing rates due to the growing biomass. The 

acetate concentration and biomass concentration were found to be homogenously distributed throughout 

the volume. This is expected from the lower rates associated with product and biomass formation. The 

instant dilution of the substrate in the top compartment is expected to significantly underpredict the local 

concentrations in the vicinity of the feed addition point. With respect to the DO concentration, an abundance 

of oxygen is available until approximately 18 h into the process. The gradients in DO concentration are a 

result of the decreased air flow rate (Figure 5.2), which negatively affects both mixing performance and 

oxygen transfer rate. The limited availability of oxygen could also contribute to the stagnation of the 

biomass growth. The impact of the concentration gradients on the metabolism of the cells can be further 

analyzed from the rate of substrate channeled to the oxidative metabolism and overflow metabolism, 

presented in Figure 5.11. In addition to the scenario where substrate is dosed at the liquid surface, a scenario 

where substrate is introduced in the middle of the bioreactor and at the bottom of the bioreactor is examined. 
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Figure 5.11. Substrate channeled to the oxidative metabolism (qSox) and to the overflow metabolism (qSof) when dosing at 

the top (top row), middle (middle row) and bottom (bottom row). 

As expected from Figure 5.10, most of the substrate uptake occurs around the dosing point, which is also 

true for the scenario of bottom and middle dosing. A significant part of the substrate is channeled to the 

overflow metabolism. The genetic modifications allow a significant portion of the cell population to grow 

in a state of overflow metabolism, without excessive accumulation of acetate, which would have been a 

much more adverse situation for a wild-type E. coli strain. The bottom and top dosing show similar patterns 

of the substrate uptake rate in the volume. An almost identical mixing time for these dosing points was also 

shown by the mixing time simulations (Figure 5.8). With the middle dosing point, the substrate uptake 

occurs over in a larger volume, meaning that the substrate is better dispersed. Therefore, less of the substrate 

is channeled to the overflow metabolism. Despite the improved substrate mixing from dosing in the middle 

of the bioreactor, an increase of biomass yield of only 1.6 % was found, while feeding at the bottom, reduced 

the biomass yield by 0.3 %, despite higher oxygen transfer rates in this zone. Simulating the process without 

oxygen limitations (oxygen transfer rate >> oxygen uptake rate), resulted in a biomass yield increase of 16 

%, and when simulating the process as a perfectly mixed reactor without oxygen limitation, an increase in 

the biomass yield of 32 % was found. This indicates that both gradients in the substrate concentration and 

the DO concentration contribute to a reduced process performance. However, the measurements from the 

process suggest that inhibition may play a significant role in the reduction of metabolic rates, as seen by 

the accumulation of substrate in Figure 5.9. Therefore, the gradients are not expected to be that pronounced 

in the actual process. On the other hand, the negative impact of the concentration gradients may even be 

underestimated because the kinetic models do not account for the metabolic burden of continuous 

adaptation of the cells to different micro-environments which constitutes the gradients.  
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5.7 Conclusion 

A previously developed compartment model approach, based on data from flow-following sensor devices, 

was expanded to a dynamic version to model a large-scale fed-batch process. This was performed by 

introducing a set of discrete compartment model update steps, which served the purpose of updating the 

total volume and inter-compartment flow rates in time. The developed compartment model predicted the 

mixing time with good accuracy at t = 15 h (relative error: -16 %) and revealed the mixing behavior during 

the entire process. From experimentation with different dosing points, it was shown that feed addition to 

the middle of the liquid height was optimal with respect to homogenization of the tracer. The application 

of the dynamic compartment model was demonstrated in an effort to simulate concentrations of biomass, 

substrate, acetate and DO in a recombinant E. coli K-12 fermentation, using a kinetic model developed for 

fed-batch fermentations with a wild-type E. coli. Despite fitting of the model parameters to experimental 

data, it was not possible for the model to completely describe the behavior of the measured concentration 

profiles throughout the entire duration of the fermentation process. The lack of fit could be explained by 

inhibition of the substrate, physiological impacts of the solvent, PDO and high levels of CO2 in the process 

[26], which was not accounted for in the model. It was also demonstrated in the process simulation that 

single-point dosing of the substrate in the middle of the bioreactor was superior, increasing the biomass 

yield of the process by 1.6 %. While the gradients may not be as pronounced in the actual process, it was 

demonstrated that the compartment model can be applied to provide a detailed representation of the 

concentration gradients in a process. The simplicity and low computational demand of the compartment 

model makes it highly suitable for solving optimization problems, such as optimization of feeding locations 

and/or rates.  
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Summary and conclusions 
 

Heterogeneity in process variables, such as pH, dissolved oxygen concentration and substrate concentration, 

occurs in large-scale bioreactors due to a mismatch between the rate of mixing and the rate of microbial 

reactions. The heterogeneities can negatively affect the metabolism of the production organism which leads 

to reductions in the process performance. It is therefore generally desired to improve mixing performance 

through process design and optimization such that the heterogeneity is minimized, keeping in mind that it 

is technically infeasible to obtain complete homogeneity at large scale. Understanding of the flow and its 

connection to occurrence of heterogeneity inside large-scale bioreactors is necessary to optimally operate a 

process under heterogeneous conditions. However, this knowledge is generally lacking because of technical 

difficulties associated with the collection of such measurements with the currently available techniques. 

The presented technology of flow-following sensor devices is a promising solution, which incorporates 

electronics and relevant sensor technology into robust housings, allowing them to collect measurements 

wirelessly and autonomously. The sensor devices are designed to be neutrally buoyant and as small as the 

buoyancy criteria allows, with the intent that when deployed in a fermentation broth, they follow the liquid 

streamlines with an acceptable accuracy. This allows them to collect spatial measurements from bioreactors 

in details unmatched by any of the currently available technologies. Measurements of the flow inside 

bioreactors are of particular interest, as the current knowledge is mostly based on computational 

approaches, such as computational fluid dynamics (CFD). 

In this thesis it was demonstrated how flow-following sensor devices developed by Freesense ApS can be 

used to quantify flow and mixing by axial flow profiles and circulation times. It was found that the mean 

circulation times determined by the sensor devices were highly correlated with the mixing times obtained 

by homogenization of a chemical tracer, with a ratio of tm/t̅c ≈ 2.4. The mean circulation times therefore 

provide an alternative measure of mixing performance, which can be obtained throughout an entire 

fermentation process, instead of the commonly used mixing time, which only provides a snapshot of the 

terminal mixing time in a model fluid. In addition, the underlying circulation time distribution can be 

derived, which together with knowledge on how the given organism responds to suboptimal conditions, can 

be used to assess the impact of heterogeneity at large scale.  

Moreover, a framework which transforms sensor device data into axial compartment models has been 

developed. The method automatically allocates compartment volumes and assigns inter-compartment flow 

rates which are derived based on measurements of the hydrostatic pressure. The method thereby solves the 

two main challenges in compartment modelling: zoning and determination of inter-compartment flow rates. 

The compartment models, or more specifically the automatic zoning, is based on a single parameter besides 

the bioreactor diameter; the critical local residence time, which ensures that only well-mixed compartments 

Chapter 6 
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are combined. A critical local residence time of τcrit ≈ 2.2 s was found in the study. The zoning algorithm is 

advantageous to previously developed zoning algorithms, which are based on homogeneity or abrupt 

changes in the velocity field. These algorithms may consequently combine compartments (or computational 

cells of CFD meshes) in zones with homogeneous, but weak velocity fields. This may result in significant 

underestimations of the mixing time when perfect mixing is assumed for these zones. In the study of a 

large-scale bubble column bioreactor, the method was expanded to a dynamic version, which updates the 

volumes and flow rates in time, making it suitable for the widely used fed-batch process. The method also 

allocates averages of pressure and temperature measurements to the compartments, which are useful to 

support gas calculations in the compartments. The dynamic compartment model accurately predicted the 

mixing time in the bioreactor (relative error of -16 %), when using the automatic zoning based on τcrit = 2.2 

s. It was shown that most efficient mixing of an added tracer is achieved by dosing halfway the liquid 

height. The optimal dosing point therefore changes with the liquid height and more detailed optimization 

based on a desired output should be performed to the single/multiple optimal dosing points. The 

compartment model was coupled with a kinetic model for E. coli fed-batch fermentations to examine 

potential gradients in the bioreactor. The model failed to describe the evolution of the substrate 

concentration during the process, because inhibition by substrate and product was not account for in the 

model. Simulations of the process showed that significant gradients were present in both substrate and DO. 

Changing the dosing point to the halfway the final liquid height improved the biomass yield by only 1.6 %, 

while simulations with no oxygen limitations, and simulations with no oxygen limitations together with 

ideal mixing, resulted in improvements of the biomass yield of 16 % and 32 %, respectively. 

The key advantages of the developed compartment model framework are: 

• Data-based – The generated compartment models only require measurements of hydrostatic 

pressure for one or more sensor devices, together with the diameter of the bioreactor as inputs (if 

τcrit = 2.2 is used). Therefore, no previous knowledge about the system is required and there is no 

dependency on computational approaches such as CFD. 

• Little experimental effort is required - Experimental effort is limited to deployment and extraction 

of the sensor devices. 

• Fully automated - The compartment model is self-adaptable with respect to volume and inter-

compartment flow rates in time, which makes it particularly useful for fed-batch fermentations. 

• Simple – The resulting models are inexpensive in terms of computation time, which makes them 

highly suitable for optimization problems, such as optimization of feeding locations and/or rates. 

The simulation of the large-scale fed-batch process was performed in less than 10 seconds on a 

normal desktop computer. 

The different routes from sensor device measurements to process improvements in large-scale fermentation 

processes are summarized in Figure 6.1. Note that spatial measurements of specific process variables have 

not been touched upon in this thesis. If such sensors would be available in the devices, it should be possible 

to generate flow models, couple the flow model with biokinetics, and validate the simulation results against 

the measured process variables; all from data collected during a single fermentation process. The learnings 

on heterogeneity and flow patterns should be used to design realistic scale-down experiments to facilitate 

model, process and strain development. Future research and technological advances should drive the 

development of the sensor devices towards smaller devices with a variety of sensor options and a 

positioning system for three-dimensional mapping of heterogeneities and flow patterns. 
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Figure 6.1. Routes from sensor device measurements to process improvements. Direct measurements of mixing 

performance and spatial concentrations provide the foundation for action aimed at improving a process. Alternatively, this 

information can be used as foundation for models which can, combined with models of biology and mass transfer, provide 

a platform for process optimization. If spatial measurements of the simulated variables are available, these can be used 

directly to validate the model.
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